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ABSTRACT 
 

Alzheimer’s disease (AD) is a chronic neurodegenerative disease. Current therapies of AD are only symptomatic, 
therefore the need for the development of new therapies to treat Alzheimer’s disease effectively. The 5,6-bicyclic 
heterocycles and its derivatives are potent anti-Alzheimer agents, these compounds inhibit β-amyloid (Aβ42). A study 
of quantitative structure-activity relationship (QSAR) is applied to a set of 34 molecules derived from 5,6-bicyclic 
heterocycles, in order to predict the anti-Alzheimer biological activity of the test compounds and find a correlation 
between the different physic-chemical parameters (descriptors) of these compounds and its biological activity, 
usingprincipal components analysis(PCA), multiple linear regression (MLR), multiple non-linear regression 
(MNLR) and the artificial neural network (ANN). We accordingly propose a quantitative model (non-linear and 
linear QSAR models), and we interpret the activity of the compounds relying on the multivariate statistical analysis. 
The topological descriptors were computed, respectively, with ACD/ChemSketch and ChemBioDraw Ultra 14.0 
programs. A good correlation was found between the experimental activity and those obtained by MLR and MNLR 
respectively such as (R = 0,843 and R2 = 0,712) and (R = 0,870 and R2 = 0,758), this result could be improved with 
ANN such as (R = 0,924 and R2 = 0,853) with an architecture ANN (7-2-1). To test the performance of the neural 
network and the validity of our choice of descriptors selected by MLR and trained by MNLR and ANN, we used 
cross-validation method (CV) such as (R = 0,874 and R2 = 0,763) with the procedure leave-one-out (LOO). This 
study show that the MLR and MNLR have served to predict activities, but when compared with the results given by 
an 7-2-1 ANN model we realized that the predictions fulfilled by this latter was more effective and much better than 
other models. The statistical results indicate that this model is statistically significant and shows very good stability 
towards data variation in leave-one-out (LOO) cross validation. 
 
Keywords: Alzheimer’s disease, 5,6-bicyclic heterocycles derivatives, QSAR, PCA, MLR, MNLR ANN, CV. 
 
Abbreviations: QSAR, Quantitative Structure-Activity Relationship; PCA, Principal Component Analysis; MLR, 
Multiple Linear Regression; MNLR, Multiple Non-Linear Regression;ANN, Artificial Neural Networks; CV,Cross 
Validation; LOO-CV, Leave One Out Cross-Validation; R, Correlation Coefficient; R2,Coefficient of 
Determination;MW, Molecular Weight; MR, Molar Refractivity;MV, Molar Volume;Pc, Parachor; n, Refractive 
Index; γ, Surface Tension;D, Density;αe, Polarizability;LogP,Lipophilic; HBA, Hydrogen Bond Acceptor; HBD, 
Hydrogen Bond Donor; MSE, Mean Squared Error; F, Fishers F-statistic; F value, Significance level; p-value, 
Critical Probability 
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INTRODUCTION 
 
AD is a neurodegenerative disorder associated with difficulties in memory, judgment, abstraction, and language [1]. 
More than 35 million people suffer from AD worldwide and the AD population may increase to more than 115 
million by the year 2050 according to a report from Alzheimers Disease International[2]. Alzheimer’s disease (AD) 
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symptoms are dementia, apraxia, aphasia, depression, short attention span, visuospatial navigation deficits, anxiety 
and delusions [3]. The majority of AD cases are sporadic, with disease onset after 65 years of age[4]. Key molecules 
involved in AD, include the presenilins, amyloid precursor protein (APP), tau, and β-amyloid [5]. 
 
Amyloid protein of 40-42 amino acids derived from a double section of a normal protein in the body, APP 650-770 
amino acids. The metabolism of APP is under the simultaneous action of three secretases (alpha, beta, and gamma) 
accordingtwo ways: 
 
- A non-amyloidogenic pathway, under the action of alpha secretase bisecting the sequence of A-beta and a deadly 
soluble fragment of APP and then under that of the gamma secretase which cleaves the C-terminal fragment. 
- The amyloidogenic pathway is under the action of beta-secretase which cleaves APP at the beginning of the 
sequence of the A-beta, and under that of the gamma secretase, which releases the free fragment, is the amyloid 
peptide A-beta 42 and A-beta 40. 
 
To inhibit the amyloidogenic pathway, the objective would be to stimulate alpha secretase or inhibit beta or gamma 
secretase[6-13].       
 
Alzheimer’s disease (AD) is the biggest unmet medical need in neurology due to the lack of disease-modifying anti-
Alzheimer’s drugs (DMAADs)[14]. Over the last decade, γ-secretase emerged as a promising target for the 
treatment of AD[15]. It has been postulated that modulation of γ-cleavage to favor the production of shorter 
fragments, while not affecting totalAβ levels, might be a safe approach to a disease-modifying therapy[16]. 
 
γ-Secretase activity can be controlled by the inhibition of the active site of PS1 or by interference with complex 
assembly or substrate recognition, the latter resulting in allosteric modulation or inhibition. The allosteric 
mechanisms are particularly attractive targets for drug development [17], as they may produce shorter, soluble, and 
non-toxic peptides (e.g., Aβ36–Aβ40) instead of the highly insoluble and neurotoxic Aβ42[18]. 
 
γ-Secretase modulators (GSMs) modulate the cleavage of the APP C-terminal fragment such as C-99 to decrease 
Aβ42 and increase the shorter Aβ fragments (e.g., Aβ37/38) [19]. 
 
γ-Secretase modulation is more desirable than inhibition from a therapeutic perspective and may reduce the risk of 
mechanism-based toxicities [20]. Such compounds, γ-secretase modulators (GSMs), would be good candidates for 
AD therapeutics [21]. 
 
Quantitative structure-activity relationship (QSAR) tries to investigate the relationship between molecular 
descriptors that describe the unique physicochemical properties of the set of compounds of interest with their 
respective biological activity or chemical property [22,23]. 
 
In this work we attempt to establish a quantitative structure-activity relationship between anti-Alzheimer activity of 
a series of 34 bioactive molecules derived from 5,6-bicyclic heterocycles and structural descriptors. Thus we can 
predict the anti-Alzheimer activity of this group of organic compounds. Therefore we propose a quantitative model, 
and we try to interpret the activity of these compounds based on the different multivariate statistical analysis 
methods include: 
 
* The Principal Components Analysis (PCA) has served to classify the compounds according to their activities and 
to give an estimation of the values of the pertinent descriptors that govern this classification. * The Multiple Linear 
Regression (MLR) has served to select the descriptors used as the input parameters for the Multiples Non-Linear 
Regression (MNLR) and Artificial Neural Network (ANN). * The artificial neural network (ANN) which is a 
nonlinear method, which allows the prediction of the activities.* Cross-validation (CV) to validate models used with 
the process leave-one-out (LOO). 
 

EXPERIMENTAL SECTION 
 

The Biological data used in this study were anti-Alzheimer activity against Aβ42 (inhibition of β-amyloid. (IC50)), a 
set of thirty-four derivatives of5,6-bicyclic heterocycles. We have studied and analyzed the series of 5,6-bicyclic 
heterocycles molecule consists of 34 selected derivatives that have been synthesized and evaluated for their anti-
Alzheimer activity in vitro against Aβ42(in terms of -log (IC50)) [24]. This in order to determine a quantitative 
structure-activity relationship between the anti-Alzheimer activity and the structure of these molecules that are 
described by their substituents R, X and Y. 
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The chemical structure of 5,6-bicyclic heterocycles is represented in Figure1. 
 

 
 
 
 
 
 

Figure1: The general structure of 5,6-bicyclic heterocycles 
 

The chemical structures of 34 compounds of 5,6-bicyclic heterocycle sused in this study and their experimental anti-
Alzheimer biological activity observed IC50(Cytotoxic concentration required to inhibit theβ-amyloidAβ42 than 50%) 
are collected from recent publications[24].The observations are converted into logarithmic scale-log (IC50)in molar 
units (M) and are included in Table1. 
 

Table1: Chemical structure and activity observed of 5,6-bicyclic heterocycles derivatives against Aβ42 

 

N° R X Y Experimental pIC50
a
Obs 

1 H N N 4,70 

2 

 

N N 6,29 

3 

 

N N 6,81 

4 

 

N N 6,84 

5 

 

N N 4,79 

6 

 

N N 4,70 

7 

 

N N 6,19 

8 

 

N N 6,47 
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9 

 

N N 6,94 

10 

 

N N 6,26 

11 

 

N N 6,90 

12 

 

N N 5,60 

13 

 

N N 5,85 

14 

 

N N 6,21 

15 
 

N N 5,85 

16 

 

N N 4,71 

17 

 

N N 5,72 

18 

 

N N 6,31 

19 

 

N N 5,68 

20 

 

N N 4,70 

21 

 

N N 5,65 

22 

 

O N 6,33 

23 

 

O N 6,27 
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24 

 

O N 6,45 

25 

 

O N 6,36 

26 

 

N O 5,86 

27 

 

N O 6,35 

28 

 

N O 6,06 

29 

 

N O 6,03 

30 

 

N O 6,27 

31 

 

N NH 6,79 

32 

 

N NH 6,70 

33 

 

N NH 6,91 

34 

 

N NH 6,68 

a pIC50 = -log (IC50). 
 
Calculation of molecular descriptors 
Advanced chemistry development's ACD/Chem Sketch program was used to calculate Molecular Weight (MW), 
Molar Refractivity (MR (cm3)),Molar Volume (MV (cm3)),Parachor(Pc (cm3)), Density (D (g/cm3)), Refractive 
Index (n), Surface Tension(γ (dyne/cm)) and Polarizability (αe (cm3)) [25,26]. 
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Steric, thermodynamic descriptors are calculated using ACD/Chem Sketch and Chem Bio Draw Ultra 14.0[27]after 
optimization of the energy for each compound using the MM2 method (force field method with Gradient Setting 
Root Mean Square (RMS) 0.1 kcal mol-1) [28]. 
 
In this work 11 descriptors were chosen to describe the structure of the molecules constituting the series to study: the 
molecular weight (MW), the molar refractivity (MR (cm3)),the molar volume (MV (cm3)), the parachor (Pc(cm3)), 
the refractive index (n), the surface tension  (γ (dyne/cm)), the density (D (g/cm3)), the polarizability (αe (cm3)), the 
lipophilic (LogP), the hydrogen bond acceptor (HBA) and the hydrogen bond donor (HBD). 
 
Statistical analysis 
To explain the structure-activity relationship, these 11 descriptors are calculated for 34 molecules (Table2) through 
software Chem Sketch and Chem Bio Draw Ultra 14.0.  
 

Table2: The values of the 11 chemical descriptors 
 

 MW MR MV Pc n γ D αe LogP HBA HBD 
1 310,353 87,230 221,2 604,3 1,718 55,6 1,40 34,58 1,496 7 1 
2 432,493 122,14 329,3 865,4 1,663 47,6 1,31 48,42 4,493 8 0 
3 446,519 126,75 345,3 904,0 1,655 46,9 1,29 50,24 4,980 8 0 
4 460,546 131,36 361,4 942,6 1,647 46,2 1,27 52,07 5,397 8 0 
5 458,530 128,99 333,7 895,4 1,699 51,8 1,37 51,13 4,880 8 0 
6 440,540 129,12 330,9 895,2 1,708 53,5 1,33 51,19 4,722 7 0 
7 418,466 117,72 314,1 834,3 1,672 49,7 1,33 46,66 4,175 8 0 
8 468,474 121,88 335,0 865,8 1,647 44,5 1,39 48,31 4,810 10 0 
9 468,474 121,88 335,0 865,8 1,647 44,5 1,39 48,31 4,810 10 0 
10 436,457 117,59 317,0 834,5 1,664 48,0 1,37 46,61 4,333 9 0 
11 469,366 127,05 329,8 891,8 1,696 53,4 1,42 50,36 5,133 7 0 
12 425,485 124,37 324,0 879,9 1,693 54,3 1,31 49,3 4,050 8 0 
13 430,502 123,66 332,9 884,4 1,665 49,8 1,29 49,02 3,891 8 0 
14 432,493 122,33 330,2 872,9 1,662 48,8 1,30 48,49 4,455 8 0 
15 380,486 110,99 306,8 804,2 1,643 47,1 1,24 44,00 3,943 7 0 
16 432,450 118,57 311,3 840,0 1,686 52,9 1,38 47,00 3,199 8 0 
17 446,476 123,18 327,4 878,6 1,676 51,8 1,36 48,83 3,143 8 0 
18 460,503 127,60 342,6 909,7 1,667 49,7 1,34 50,58 3,710 8 0 
19 394,470 111,84 304,0 809,9 1,656 50,3 1,29 44,34 2,632 7 0 
20 423,468 114,82 293,6 815,9 1,710 59,6 1,44 45,52 0,887 8 0 
21 468,503 122,86 318,2 876,8 1,698 57,6 1,47 48,70 0,000 9 0 
22 432,490 121,13 336,4 869,3 1,639 44,6 1,28 48,02 5,320 7 0 
23 414,499 121,26 333,5 869,1 1,647 46,1 1,24 48,07 5,162 6 0 
24 418,463 116,70 321,2 838,2 1,646 46,3 1,30 46,26 5,002 7 0 
25 436,453 116,57 324,0 838,4 1,638 44,7 1,34 46,21 5,160 8 0 
26 432,490 121,13 336,4 869,3 1,639 44,6 1,28 48,02 5,161 7 0 
27 432,490 121,13 336,4 869,3 1,639 44,6 1,28 48,02 5,161 7 0 
28 446,516 125,74 352,4 907,9 1,632 44,0 1,26 49,84 5,647 7 0 
29 450,480 121,00 339,2 869,5 1,631 43,1 1,32 47,96 5,319 8 0 
30 468,470 120,87 342,1 869,7 1,624 41,7 1,36 47,91 5,477 9 0 
31 431,505 122,79 334,6 869,9 1,655 45,6 1,28 48,68 5,088 7 1 
32 481,512 127,14 356,3 908,9 1,632 42,3 1,35 50,40 5,891 9 1 
33 481,512 127,14 356,3 908,9 1,632 42,3 1,35 50,40 5,891 9 1 
34 481,512 127,14 356,3 908,9 1,632 42,3 1,35 50,40 5,891 9 1 

 
The study we conducted consists of: 
-The principal component analysis (PCA), the multiple linear regressions (MLR), and the non-linear regression 
(MNLR) available in the XLSTATsoftware[29]. 
-The Artificial Neural Network (ANN) and the leave-one-out cross validation (CV-LOO)are done on Matlab 7 using 
a program written in C language. 
 
The structures of the molecules based on 5,6-bicyclic heterocycles derivatives were studied by statistical methods 
based on the principal component analysis (PCA). PCA is a statistical technique useful for summarizing all the 
information encoded in the structures of the compounds. It is also very helpful for understanding the distribution of 
the compounds. 
 
 This is an essentially descriptive statistical method which aims to present, in graphic form, the maximum of 
information contained in the data Table2 andTable3. 
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Table 3: The correlation matrix (Pearson (n)) between different obtained descriptors 
 

Variables MW MR MV Pc n γ D αe 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 -0,615 -0,373 1        
γ -0,368 -0,276 -0,620 -0,361 0,952 1 

 
     

D 0,228 -0,126 -0,316 -0,202 0,536 0,499 1      
αe 0,866 1 0,916 0,986 -0,250 -0,276 -0,127 1     

LogP 0,443 0,512 0,709 0,533 -0,700 -0,833 -0,520 0,512 1    
HBA 0,583 0,239 0,258 0,231 -0,140 -0,176 0,561 0,239 0,006 1   
HBD -0,017 -0,161 -0,061 -0,179 -0,107 -0,225 0,107 -0,161 0,139 0,130 1  
pIC50 0,488 0,401 0,617 0,469 -0,702 -0,707 -0,267 0,401 0,623 0,252 0,180 1 

 
The multiple linear regression statistic technique is used to study the relation between one dependent variable and 
several independent variables. It is a mathematic technique that minimizes differences between actual and predicted 
values. It has served also to select the descriptors used as the input parameters in the multiple non-linear regression 
(MNLR)and artificial neural network (ANN). 
 
The (MLR) and the (MNLR) were generated to predict cytotoxic effects IC50 activities of 5,6-bicyclic heterocycles 
derivatives. Equations were justified by the correlation coefficient (R), the Mean Squared Error (MSE), the Fishers 
F-statistic (F), and the significance level(F value) [30,31]. 
 
ANN is artificial systems simulating the function of the human brain. Three components constitute a neural network: 
the processing elements or nodes, the topology of the connections between the nodes, and the learning rule by which 
new information is encoded in the network. While there are a number of different ANN models, the most frequently 
used type of ANN in QSAR is the three-layered feed-forward network [32]. In this type of networks, the neurons are 
arranged in layers (an input layer, one hidden layer and an output layer). Each neuron in any layer is fully connected 
with the neurons of a succeeding layer and no connections are between neurons belonging to the same layer. 
 
Cross-validation is a popular technique used to explore the reliability of statistical models. Based on this technique, 
a number of modified data sets are created by deleting in each case one or a small group of molecules, these 
procedures are named respectively “leave-one-out” and “leave-some-out” [33-35]. For each data set, an input-output 
model is developed. In this study we used, the leave-one-out (LOO) procedure. 
 

RESULTS AND DISCUSSION 
 

Data set for analysis 
The QSAR analysis was performed using the -log (IC50) of the 34 selected molecules that have been synthesized and 
evaluated for their anti-Alzheimer activity in vitro against Aβ42(experimental values) [24]. The exploitation of 
experimental data observed by the use of mathematical and statistical tools is an effective method to find new 
chemical compounds with high anti-Alzheimer activity.The values of the 11 chemical descriptors as shown in 
Table2. 
 
The principle is to perform in the first time, a main component analysis (PCA), which allows us to eliminate 
descriptors that are highly correlated(dependent), then perform a decreasing study of MLR based on the elimination 
of descriptors aberrant until a valid model (including the critical probability:p-value < 0.05 for all descriptors and 
the model complete). 
 
Principal Components Analysis (PCA) 
The totality of the 11 descriptors (variables) coding the 34 molecules was submitted to a principal components 
analysis (PCA). 12 principal components were obtained (Figure2). 
 
The first three axes F1, F2 and F3 contributing respectively 52.2 %, 20.9 % and 13.7 % to the total variance, the 
total information is estimated to a percentage of 86.8%. 
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Figure2: The principal components and there variances 

 
The Pearson correlation coefficients are summarized in the above Table3. The obtained matrix provides information 
on the negative or positive correlation between variables. The principal component analysis (PCA) was conducted to 
identify the link between the different variables. Correlations between the 11 descriptors are shown in Table3 as a 
correlation matrix and in Figure3 these descriptors are represented in a correlation circle. 

 

 

 
Figure3: Correlation circles 

 
(MR, αe) are perfectly correlated (r=1). 
αe, MV and Pc are highly correlated(r (αe, MV) = 0,916, r (αe, Pc) = 0,986). 
(γ) and (n)are highly correlated(r (γ, n) = 0,952). 
The following variables then removed are: (αe) and (n). 
 
Multiple Linear Regression (MLR) 
In order to propose a mathematical model linking the descriptors and activity, and to evaluate quantitatively the 
substituent's physicochemical effects on the activity of the totality of the set of these 34 molecules,we presented the 
data matrix which is the corresponding physicochemical variables different substituent’s from 34 molecules to a 
multiple linear regression analysis. This method used the coefficients R, R2, MSE and the F-values to select the best 
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regression performance. Where R is the correlation coefficient; R2 is the coefficient of determination; MSE is the 
mean squared error; F is the Fisher F-statistic. 
 
Treatment with multiple linear regression is more accurate because it allows you to connect the structural descriptors 
for each activity of 34 molecules to quantitatively evaluate the effect of substituent.The selected descriptors are:  
 
MW , MR , MV, Pc, γ, D andHBD. 
The QSAR model built using multiple linear regression (MLR) method is represented by the following equation: 
pIC 50MLR= - 34,488- 0,199MW - 0,208MR - 0,360MV + 0,268Pc-1,151γ+ 71,430D + 0,679HBD 
 
N = 34R = 0.843R2 = 0.712         F = 9.182         MSE = 0.170          (Equation 1) 

 
Higher correlation coefficient and lower mean squared error (MSE) indicate that the model is more reliable. And the 
Fisher's F test is used. Given the fact that the probability corresponding to the F value is much smaller than 0.05, it 
mean that we would be taking a lower than 0.01 % risk in assuming that the null hypothesis is wrong. Therefore, we 
can conclude with confidence that the model do bring a significant amount of information. 
 
The elaborated QSAR model reveals that the anti-Alzheimer activity could be explained by a number of topologic 
factors. The negative correlation of the Molecular Weight (MW), the Molar Refractivity (MR),the Molar Volume 
(MV)and the Surface Tension (γ) with the ability to displace the 5,6-bicyclic heterocycles activity reveals that a 
decrease in the value of pIC50, While the positive correlation of the descriptors (Parachor (Pc), Density (D) and 
Hydrogen Bond Donor (HBD)) with the ability to displace the 5,6-bicyclic heterocycles activity reveals that an 
increase in the value of pIC50. 
 
With the optimal MLR model, the values of predicted activities pIC 50 MLR calculated from equation1 and the 
observed values are given in Table4. The correlations of predicted and observed activities are illustrated in Figure4. 
The descriptors proposed in equation1 by MLR were, therefore, used as the input parameters in the multiples non-
linear regression (MNLR) and artificial neural network (ANN). 
 
The correlation between MLR calculated and experimental activities are very significant as illustrated in Figure4 
and as indicated by R and R2 values. 

4,5 5,0 5,5 6,0 6,5 7,0

4,5

5,0
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pIC50 Obs

 
Figure4: Correlations of observed and predicted activities calculated using MLR 
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Table4: The observed, the predicted activities (pIC50), according to different methods MLR, MNLR, ANN and CV for the 34 derivatives 
of 5,6-bicyclic heterocycles 

 
N° pIC 50Obs pIC 50MLR pIC 50MNLR pIC 50 ANN pIC50CV 

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 6,700 
4 6,840 6,567 6,677 6,749 6,740 
5 4,790 5,476 5,279 4,856 5,686 
6 4,700 5,179 4,944 4,690 5,239 
7 6,190 6,038 6,040 6,108 6,243 
8 6,470 6,389 6,592 6,284 6,379 
9 6,940 6,389 6,592 6,284 6,285 
10 6,260 6,298 6,206 6,272 5,995 
11 6,900 5,888 5,951 6,283 6,590 
12 5,600 5,202 5,375 5,585 4,720 
13 5,850 6,099 6,105 6,284 6,093 
14 6,210 5,731 5,910 6,284 5,782 
15 5,850 6,130 6,107 6,284 6,170 
16 4,710 5,499 5,617 4,689 4,900 
17 5,720 6,137 6,081 6,284 5,650 
18 6,310 6,276 6,237 6,290 6,280 
19 5,680 5,591 5,337 5,710 5,210 
20 4,700 4,556 4,331 4,688 4,260 
21 5,650 5,825 6,044 5,647 5,770 
22 6,330 6,185 6,134 6,284 6,108 
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 6,310 
26 5,860 6,185 6,134 6,284 6,090 
27 6,350 6,185 6,134 6,284 6,150 
28 6,060 6,283 6,461 6,302 5,860 
29 6,030 6,252 6,223 6,284 6,140 
30 6,270 6,167 6,190 6,248 6,210 
31 6,790 6,375 6,560 6,759 6,570 
32 6,700 6,939 6,834 6,795 6,674 
33 6,910 6,939 6,834 6,795 6,567 
34 6,680 6,939 6,834 6,795 6,363 

 
Multiples Non-Linear Regression (MNLR) 
We have used also the technique of nonlinear regression model to improve thestructure-activity relationship to 
quantitatively evaluate the effect of substituent. We have applied to the data matrix constituted obviously from the 
descriptors proposed by MLR corresponding to the 34 molecules. The coefficients R, R2, and the F-values are used 
to select the best regression performance. We used a pre-programmed function of XLSTAT following: 
 
Y = a + (bX1 + cX2 + dX3 + eX4 …) + (fX1

2 + gX2
2 + hX3

2 + iX4
2 …) 

 
Where a, b, c, d…represent the parameters and X1, X2, X3, X4…: represent the variables. The resulting equations: 
pIC 50MNLR= 110,979– 0,202MW +2,923 MR  - 1,533MV +0,285Pc-3,053 γ- 20,206 D+ 0,561 HBD +1,076E-
04(MW )2- 1,252E-02(MR )2+7,759E-04 (MV )2+1,027E-02(γ)2+ 22,360 (D)2 

 
N = 34R = 0.870R2 = 0.758MSE = 0.195          (Equation 2) 
 
With the optimal MNLR model, the values of predicted activities pIC 50 MNLR calculated from equation2 and the 
observed values are given in Table4. The correlations of predicted and observed activities are illustrated in Figure5. 
The correlation between MNLR calculated and experimental activities are very significant as illustrated in Figure5 
and as indicated by R and R2 values. 
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Figure5: Correlations of observed and predicted activities calculated using MNLR 

 
Artificial Neural Networks (ANN) 
In order to increase the probability of good characterization of studied compounds, artificial neural networks (ANN) 
can be used to generate predictive models of quantitative structure-activity relationships (QSAR) between a set of 
molecular descriptors obtained from the MLR, and observed activity. The ANN calculated activities model were 
developed using the properties of several studied compounds. Some authors [36,37] have proposed a parameter ρ, 
leading to determine the number of hidden neurons, which plays a major role in determining the best ANN 
architecture defined as follows: 
 
ρ = (Number of data points in the training set /Sum of the number of connections in the ANN) 
 
In order to avoid over fitting or under fitting, it is recommended that 1.8 < ρ < 2.3[38].The output layer represents 
the calculated activity values pIC50. The architecture of the ANN used in this work (7-2-1), ρ =1.8. 
 
The values of predicted activities pIC 50 ANN calculated using ANN and the observed values are given in Table4. The 
correlations of predicted and observed activities are illustrated in Figure6. 
 
The correlation between ANN calculated and experimental activities are very significant as illustrated in Figure6 
and as indicated by R and R2 values. 
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Figure6: Correlations of observed and predicted activities calculated using ANN 
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N = 34R = 0.924R2 = 0.853 
 
The obtained squared correlation coefficient (R2) value confirms that the artificial neural network result were the 
best to build the quantitative structure activity relationship models. 
 
It is important to be able to use ANN to predict the activity of new compounds. To evaluate the predictive ability of 
the ANN models, ‘Leave-one-out’ is an approach particularly well adapted to the estimation of that ability. 
 
Cross Validation (CV) 
To test the performance of the neural network and the validity of our choice of descriptors selected by MLR and 
trained by MNLR and ANN, we used cross-validation method (CV) with the procedure leave-one-out (LOO). In this 
procedure, one compound is removed from the data set, the network is trained with the remaining compounds and 
used to predict the discarded compound. The process is repeated in turn for each compound in the data set. 
 
In this paper the ‘leave-one-out’ procedure was used to evaluate the predictive ability of the ANN. 
 
The values of predicted activities pIC 50 CV calculated using CV and the observed values are given in Table4. The 
correlations of predicted and observed activities are illustrated in Figure7. 
 
The correlation between CV calculated and experimental activities are very significant as illustrated in Figure7 and 
as indicated by R and R2 values. 
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Figure7: Correlations of observed and predicted activities calculated using CV 

 
N = 34R = 0.874R2 = 0.763 
 
The good results obtained with the cross validation, shows that the model proposed in this paper is able to predict 
activity with a great performance, and that the selected descriptors are pertinent. 
 
The results obtained by MLR and MNLR are very sufficient to conclude the performance of the model.  Even if it is 
possible that this good prediction is found by chance we can claim that it is a positive result. So, this model could be 
applied to all derivatives of 5,6-bicyclic heterocycles accordingly to Table1 and could add further knowledge in the 
improvement of the search in the domain of anti-Alzheimer agents. 
 
A comparison of the quality of MLR, MNLR and ANN models shows that the ANN models have substantially 
better predictive capability because the ANN approach gives better results than MLR and MNLR. ANN was able to 
establish a satisfactory relationship between the molecular descriptors and the activity of the studied compounds. A 
good correlation was obtained with cross validation RCV= 0.874. So the predictive power of this model is very 
significant.The results obtained in this study, showed that models MLR, MNLR and ANN are validated, which 
means that the prediction of the new compounds is feasible. 
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CONCLUSION 
 

In this study, three different modelling methods, MLR, MNLR and ANN were used in the construction of a QSAR 
model for the anti-Alzheimer agents and the resulting models were compared. It was shown the artificial neural 
network ANN results have substantially better predictive capability than the MLR and MNLR, yields a regression 
model with improved predictive power, we have established a relationship between several descriptors and the anti-
Alzheimer activity in satisfactory manners. The good results obtained with the cross validation CV, shows that the 
model proposed in this paper is able to predict activity with a great performance, and that the selected descriptors are 
pertinent. 
 
The accuracy and predictability of the proposed models were illustrated by the comparison of key statistical terms 
like R or R2 of different models obtained by using different statistical tools and different descriptors has been shown 
in Table4. It was also shown that the proposed methods are a useful aid for reduction of the time and cost of 
synthesis and activity determination of anti-Alzheimer agents (compounds based on 5,6-bicyclic heterocycles 
derivatives). 
 
Furthermore, we can conclude that studied descriptors, which are sufficiently rich in chemical and topological 
information to encode the structural feature and have a great influence on the activity may be used with other 
descriptors for the development of predictive QSAR models. 
 
Previous studies QSAR already performed on the same set of 5,6-bicyclic heterocycles using cross validation, 
obtained a correlation coefficient (R = 0.845) [39]. In this study the correlation coefficient obtained from the MLR 
(RMLR  = 0.843), by using a variety of descriptors, is very important and this coefficient improved by using MNLR 
and ANN respectively(RMNLR  = 0.870) and (RANN = 0.924) so the proposed model is very significant and its 
performance is tested by cross-validation method CV (RCV = 0.874). 
 
Thus, grace to QSAR studies, especially with the ANN that has allowed us to improve the correlation between the 
observed biological activity and that predicted, we can enjoy the performance of the predictive power of this model 
to explore and propose new molecules could be active. 
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