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Thesis has 128 pages, grouped in two main chapters. The first part is presented QSAR algorithm.
The aim of this thesis is to achieve theoretical studies on molecules containing nitrogen atoms
substituted studies based on graph theory to achieve advanced models for predicting physicochemical
and biological activities. The introduction is followed by Chapter I, "QSAR algorithm Diudea",
focusing on QSAR methods in order to achieve connections between the molecular structure of
substances and their properties in order to propose new molecular structures still nesintetizate with
potential biological activity. There are general information about: methods for prediction of physico-
chemical and biological matrices and using topological indices; Statistical elements, ie regression
models and advanced models in QSAR; similarity of molecular structures and molecular docking.

The object of the thesis is to correlate biological activity log P and IC50 LD50 derivatives:
flavonoids caffeine, serotonin (1-methyl-piperidin-4-yl) propane -indolizine and cloropropaminei with
descriptors / global indicators / local. This correlation - QSAR has been performed in order to obtain
information on how molecules interact with active sites when using different proteins, namely dividing

the dataset into school set and test set.

2. PERSONAL CONTRIBUTIONS

2.1. QSAR study of derivatives of flavonoids containing a nitrogen atom
A set of 40 compounds of the flavonoid has been downloaded from the database PubChem [1, 2]
(Table 1), together with log P. Set was divided into school set and the test set (25 15 molecules). The
structures were optimized with HyperChem program at the level of theory MM + molecular mechanics

and semi-empirical PM3 [3].

Table 1. The set of flavonoids, downloaded from the database PubChem [4].
Substituent log P Substituent log P




1 R,-NH, 34 [ 2 R,-H,, R;-OH, R¢-NH, 2.9
3 R,-H,, Rg-NH, 25 | 4 R,-NH,, Rs-NH, 2.4
5 R,-NH,, Rg-N(Me), 22 | 6 R,-NH,, Rg-N(Et), 3

7 R;-NH, 33 | 8 R,-NH,, R¢-NH(Et) 25
9 R,-NH, 33 |10 R,-NH, 3.1
11 R,-NH,, R;-NH, 24 |12 R,-OH, Rs-NH, 2.7
13 R;-NH,, R,-OH, Rs-NH, 15 | 14 R,-NH,, Rs-NH, 2.4
15 Rg-NH, R;-Me 32 | 16 | R,-OH, R,-OH, R,-NH, , R,-OMe | 1.4
17 R,-OH, Ry-NH, R,-OH 14 |18 R,-OH, Rs-NH, R¢-NH, 1.1
19 | R,-OH, R,-OH, R,-NH, , R¢-OH | 1.1 | 20 R,-OH, Rs-NH, , Rg-NH, 1.8
21 R;-OH, Rg-NH, 29 |22 R;-NH,, Rg-N(Me), 3

23 R;-OMe, Rg-NH, 28 |24 R,-OMe, Rg-NH, 2.8
25| Ry-Me, R;-Me, Rg-N(Me), 44 |26 R,-NIH,, Rg-OH 1.8
27 R,-NH,, Rg-NH, 22 |28 R,-NH,, R¢-NH(Me) 2.1
29 R,-NH, Rs-OH, Rg-OH 23 |30 R;-Me, Rg-N(Me), 4

31 R,-NH,, R-N(Me), 32 |32 R,-NH,, Re-NH(Me) 3

33 R,-NH, Rs-OH 27 | 34 R,-NH, Rs-OMe 3

35 R,-NH, Rs-OH, R¢-NH, 2 |36 R,-NH(Me), R¢-N(Me), 3.8
37 R,-NH(Me), Rg-N(Me), 2.9 |38 R,-NH,, R¢-NH, 1.4
39 R,-NH, R;-OH 2.7 |40 R,-NH,, R¢-OH, R¢-NH, 2

B. Model validation
(a) External validation

Values log P of flavonoids test set (Table 1, last 15 structures) were calculated using the equation
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in Table 5, entry 17. Data is shown in Figure 3, n=15; R2=O.768; s=0.366; F=42.956 [5].
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log P = 1.004xlog Pcalc. + 0.054
R2=0.768
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Figure 3. log P vs. log P calc. (External validation)
(b) Validation by cluster similarity

Validation can be done by calculating log P molecules in the set test equations learning clusters of
similarity: each of the 15 molecule is leading his own band, chosen similarity (2D) [6] 25 structures
school set. Values Log P calc. for each of the 15 molecules in the test set have been calculated by the
equation 15 we (the leader being omitted) with the same descriptors as in equation 17, Table 5. The
data are presented in Figure 4, n = 15; R2 =0.951; s =0.168; F = 252.005.

It may be noted that the log P prediction on clusters of similarity is far better than under the external

validation (R2 =0,951 vs 0,950; s = 0,168 vs 0,195 si F =252.005 vs 96.555).



4.5 -

log P = -0.005+0.98xlog P,
R2=10.951

Figura 4. log P vs. log P calc. (prin clusteri de similaritate)

Explicatia acestor rezultate exceptionale este faptul ca, prin grupuri de similaritate, se obtine un
set de cvasi-congeneri, facand astfel posibila paradigma de baza a QSAR: structurile similare au
proprietati similare. Numarul structurilor din cluster pot fi variatd pentru a obtine o mai buna estimare
in cadrul fiecarui cluster si astfel, o mai bund predictie. Aceasta reprezintd o noud procedurd de

corelarea, numita " predictie directa".
9 5

2.2. QSAR study of caffeine derivatives

A set of 40 structures belonging to the class of derivatives of caffeine [10.7] have been downloaded
from the database PubChem (Table 6), together with log P values of LD50.
Table 6. Caffeine derivatives ( SMILES cod) and log P (from PubChem)

Canonical SMILES logP | LD50
Training Set

1 CN1C=NC2=C1C(=0)N(C(=0)N2C)C -0.1 127
2 CCCCC1=NC2=C(N1)C(=O)N(C(=0)N2CC(C)C)C 3.6 340
3 CC1=NC2=C(N1)C(=0)N(C(=0)N2CC(C)C)C 2.3 25
4 CC=CC1=NC2=C(N1C)C(=0)N(C(=0)N2C)C 1 100
5 CN1C=NC2=C1C(=0)N(C(=0)N2C)CC=C 0.6 191
7 CC=CCNIC(=0)C2=C(N=CN2C)N(C1=0)C 0.8 667
8 CCCNI1C(=0)C2=C(N=CN2C)N(C1=0)C 0.8 126
10 CN1C=NC2=C1C(=0)N(C(=0)N2C)CC(CO)O -1.8 1954
13 CC(CN1C(=0)C2=C(N=CN2C)N(C1=0)C)O -0.3 580
14 C1=NC2=C(N1)C(=O)NC(=0)N2 -0.7 500
16 CN1C2=C(C(=0)NC1=0)NC=N2 -0.7 894
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18 CCCN1C(=0)C2=C(N=CN2CCCCC(C)O)N(C1=0)C 1.2 1345
21 CNI1C=NC2=C1C(=0)NC(=0)N2C -0.8 837
22 CNI1C2=C(C(=0)N(C1=0)C)N(C=N2)CCO -1.2 400
23 CNI1C2=C(C(=0)N(C1=0)C)NC=N2 -0.02 235
24 CCC1=NC2=C(N1)C(=O)N(C(=O)N2C)C 0.8 175
25 CCCCCCC1=NC2=C(N1)C(=O)N(C(=0)N2C)C 2.8 500
26 CCN(CC)CCN1C=NC2=CIC(=O)N(C(=0)N2C)C 0.3 1237
27 CCCCI1=NC2=C(N1)C(=O)N(C(=0)N2C)C 1.2 250
28 CC(C)CC1=NC2=C(N1)C(=O)N(C(=0O)N2C)C 1.6 250
33 CC(C)CN1C2=C(C(=0)N(C1=0)CC(C)C)NC=N2 2.8 796
35 CCCCN1C2=C(C(=0)N(C1=0)C)NC=N2 1.3 237
38 CCC1=NC2=C(N1)C(=O)N(C(=O)N2CC(C)C)CC(C)C 4 322
39 CCI(N=C2C(=N1)N(C(=O)N(C2=0)C)C)C -0.2 265
40 CCCCCI1=NC2=C(N1)C(=0)N(C(=0)N2C)C 1.7 250

Set Test

6 CCNIC(=0)C2=C(N=CN2C)N(C1=0)C 0.3 61

9 CCOCI1=NC2=C(N1C)C(=O)N(C(=O)N2C)C 0.6 56
11 CNIC=NC2=C1C(=0)N(C(=0)N2C)CC(CO)O -1.4 1920
12 CC(C)CNI1C2=C(C(=0)N(C1=0)C)N(C=N2)CC(CO)O -0.5 784
15 C1=NC2=C(N1)C(=0)NC(=0)N20 -1.2 100
17 C1=NC2=C(N1)C(=0)NC(=0O)N2CCO -1.2 490
19 | CCCCN1C2=C(C(=0)N(C1=0)CCCC)N(C=N2)CC(=0)C 1.9 1000
20 CC1=NC2=C(N1)C(=O)N(C(=0O)N2C)C 0.4 130
29 CNIC(=0)C2=C(NC1=0)N=CN2 -0.3 510
30 CCCN1C2=C(C(=O)N(C1=0)C)NC=N2 1 79

B. Validation of the model (for log P mass fragments)
(a) external validation

Value log P of the caffeine test set (Table 1) was calculated using the best equation of Table 9, entry
17. The data is shown in Figure 6,n=15; R’= 0.805; s=0.476; F=53.515.
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Figure 6. log P vs. log P .. (external validation)

(b) Validation by clusters of similarity
Values Log P calc. for each of the 15 molecules in the test set have been calculated by the
equation 15 we (the leader being omitted) with the same descriptors as in equation 17, tab.9. The data
are presented in Figure 7, n=15; R2=10.974; s =0.173; F = 488.584.
Also, the value of log P calc. to 15 molecules in the test set was designed with the same descriptors

as in equation 10 Table 9. The data are presented in Figure §, n=15; R2=0.980; s=0.153; F=629.628.
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Figura 7. log P vs. log P 4. prin clusteri de similaritate
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Figure 8. log P vs. log P .,ic. by similarity clusters

B. Model validation (for LD50)
(a) External validation
LD50 values for the set of caffeine test (Table 6, the last 15 structures) was calculated using the
best equation of Table 10, entry 17. The data is shown in Figure 9, n=15; R2=0.761; $s=283.996;
F=41.43.
1600 -

1400 +

1200 +

LD50

LD50 = 0.670XL.D504,.
R2=0.761

+173.47

0 500 1000 1500 2000 2500
LD50

calc*

Figure 9. LD50 vs. LD50.,.. (external validation)
(b) Validation by clusters of similarity
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Validation was performed by calculating the LD50 test molecules from the set value LD50calc. was

calculated by the same equation as in the descriptor 11 Table 10. Data are presented in Figure 10,n=15;

R*=0.893; s=190.43; F=108.06.

1800
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1000
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200
0

LD50 = 0.766XLD50,, +85.012
R? = 0.896

LD50

0 500 1000 1500 2000 2500
LDSOcalc.

Figure 10. LD50 vs. LD50.,. by similarity clusters

Partial charges (case 2)

B. Model validation (for log P)
(a) external Validation

Log P values of caffeine test set (Table 1), were calculated using the best equation in Table 11entry

17. The data is shown in Figure 11,n=15; R2=0.742; s=0.547; F=37.302.
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log P=0.850xlog Pcalc. + 0.196
R2=0.742

log Pcalc.

Figure 11. log P vs. log P calc. (external validation)

(a) Validation by clusters of similarity

Validation was done by calculating the log P of the set test molecules, Pcalc log values. Those

were calculated with the equation 17, Table 11. Data are presented in Figure 12,n=15; R?*=0.963;
s=0.208; F=334.794.

25
L 4
2
15
1
L 4
a 0.5
(@2
°
-2 1 2 3
log P = 0.998xlog Pcalc. + 0.089
R2=0.963

log Pcalc.

Figure 12. log P vs. log P, by similarity clusters
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(b) Similarity Cluster Validation
Values log P were calculated with the same entry 10, Table 11. The data are shown in Figure

13, n=15; R*=0.969; s=0.191; F=401.555.

2.50
L 2
2.00
1.50 ¢
1.00 Y
L
a 0.50
o
2
2 1 2 3
log P= 1.082xlog P 4. + 0.078
R?=0.969
-2.00
IOg Pcalr'

Figure 14. log P vs. log P.,. by similarity clusters

2.3. QSAR Study on indole
A set of derivatives of indole 40 [11-15] have been downloaded from the database PubChem
(Table 12) and was divided into school set (25 molecules) and test set (15 molecules), chosen

randomly. Modeling of properties was selected for log P and LDS50 (rat, intraperitoneal), see

Table 12.
Table 12. Indols (cod SMILES) and log P, LD50

Nr. Crt. Canonical SMILES LogP | LD50
1 C1=CC=C2C(=C1)C(=CN2)CCN 1.6 100
2 CNCCC1=CNC2=CC=CC=C21 2.1 158
3 CC1=CC2=C(C=C1)NC=C2CCN 1.9 50
4 C1=CC=C2C(=C1)C(=CN2)CC(C(=0)O)N | -1.I | 4800
5 C1=CC=C2C(=C1)C(=CN2)CC(=0)0 1.4 150
6 C1=CC=C2C(=C1)C(=CN2)C=0 1.7 | 600
7 C1=CC2=C(C=C10)C(=CN2)CCN 0.2 160
8 CC(=0)C1=CNC2=CC=CC=C21 2.1 300
9 CC(=0)OC1=CNC2=CC=CC=C21 2 600
10 C1=CC=C2C(=C1)C(=CN2)CCO 1.8 351
11 CN(C)CCC1=CNC2=C1C=C(C=C2)O 1.2 290
12 C1=CC=C2C(=C1)C=CN2 2.1 117
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13 CN(C)CCC1=CNC2=CIC(=CC=C2)0 2.1 196
14 CN1C(=0)CC2=CC=CC=C21 1 1177
15 CCC(=0)NCCC1=CNC2=CC=CC=C21 23 | 900
16 C1=CC=C2C(=C1)C(=CN2)CCC(=0)O 1.8 | 100
17 CCNCCCI=CNC2=CC=CC=C21 24 | 562
18 CCOC(=0)C1=CC2=C(N1)C=CC(=C2)0C | 3.2 | 350
19 C1=CC=C2C(=C1)C=C(N2)O 24 | 400
20 CC(=0)C1=CC2=C(C=C1)NC=C2 2 450
21 C1=CC2=C(C=CN2)C=C1C(=0)CO 13 | 600
22 CC(=0)CC1(C2=CC=CC=C2NCI=0)0 02 | 800
23 CN(C)CCC(CI=CNC2=CC=CC=C21)0 1.8 | 767
24 COC1=CC2=C(C=C1)NC=C2CC(=0)0 1.4 98

25 C1=CC2=C(C=C10)C(=CN2)CC(=0)0 1.1 | 1125
26 C1=CC2=C(C=CN2)C=C10 2 1000
27 COC1=CC2=C(C=C1)NC=C2 21 | 370
28 CC(CCI=CNC2=CC=CC=C21)N 2 20

29 CCC(CCI=CNC2=CC=CC=C21)N 25 | 400
30 CN(C)CCI=CNC2=CC=CC=C21 18 | 122
31 C1=CC2=C(C=C10)C(=CN2)CC(=0)O 1.1 | 1125
32 C1=CC=C2C(=C1)C(=CN2)C(=0)CO 14 | 700
33 | CCC(=0)NCCC1=CNC2=CIC=C(C=C2)0C | 1.3 | 850
34 | CC1=C(C2=C(N1)C=CC(=C2)OC)CCN(C)C | 2.7 | 100
35 COC1=CC2=C(C=C1)NC=C2CCN 0.5 176
36 CC(=0)CI1=CNC2=C1C(=0)CCC2 05 | 233
37 CC1=C(NC2=C1C(=0)CCC2)C(=0)C 12 | 533
38 CC1=CC2=C(C=C1)NC=C2C(=0)CO 1.8 | 600
39 COC1=CC2=C(C=C1)NC=C2C(=0)CO 1.1 | 600
40 COC1=CC2=C(C=C1)C(=CN2)C(=0)CO 1.1 | 600

Mass fragment (case 1)
Model validation (for log P)
(a) Leave-one-out
Leave-one-out analysis on the best models in Table 18 are presented in Table 19.

Table 19. Leave-one-out for LD50.

Descriptors Q> R-Q* St, Errory,, Fioo
1 SD; 0.812 0.04 98.356 77.926
5 SD;, De 0.802 0.052 100.923 73.108

11 SD;, CfDi, CjDe 0.794 0.065 103.057 69.374
17 SDs, De, CjDi, CfDi  0.805 0.095 100.373 74.108

(b) External validation
LD50 values for the test set (Table 12, 10 structures) were calculated using the best equation in

Table 18entry 11. The data is shown in Figure 18,n=10; R2=0.869; s=72.596; F=78.415.
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Figure 18. LD50 vs. LD50cqic.

(c¢) Validation by clusters similarity
Validation was done by calculating the LD50 for the test molecule from the set values LD50calc.
Descriptors were calculated by the same equation as 11 Table 18. Data are presented in Figure 19,

n=10; R*=0.909; s=73.729; F=80.241 [87].
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Figure 19. LD50 vs. LD50.

Partial charges (case 2)
15



B. Model Validation (for log P)

(a) Leave-one-out

Analiza leave-one-out pentru cele mai bune modele din tabelul 20 sunt prezentate in tabelul 21.

Table 21. Leave-one-out for log P.

Descriptors Q> RX-Q* St. Error Fioo
1 SD, 0.85 0.038 0.256 130.397
5 SD,, HOMO 0.879 0.029 0.23 168.056

10  SD,, HOMO, De  0.884 0.032 0.225 175.399
16 SD,, HOMO, De,Adj 0.878 0.041 0.232 165.098

(b) External validation

Log P values for the test set (Table 12) was calculated using the best equation from Table 20entry 10.
The data is presented in Figure 20, n=15; R?=0.736; s=0.403; F=30.605.

2.5
2.0 * . *
L 2
. 1.5
) %
=
L 2
log P = 0.401xlog P, + 1.173
05 | & R = 0.736
0.0
-2 -1 0 1 2 3
IOg Pcalc.

Figure 20. log P vs. log P 4.
(c) Similarity Cluster Validation

Validation was done by calculating the log P of the set test molecules, log Pcalc values. Descriptors

were calculated by the same equation as 10 Table 20. Data are presented in Figure 21, n=15; R?*=0.922;
s=0.217; F=155.571.
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Figure 21. log P vs. log P.qc.
by similarity clusters
B. Model validation (for LD50)
(a) Leave-one-out
Leave-one-out analysis [16] the best models of Table 22 are presented in Table 23.
Table 23. Leave-one-out for LD50.

Descriptors Q2 RZ-Q2 St. Errory,, Fioo
1 SD, 0.868 0.028 80.594 118.112
5 SD,, HOMO 0.865 0.031 81.381 115.492
10 SD,, Di, De 0.864 0.041 81.522 115.033
17 SD,, De,CjDi, CtDi 0.821 0.1 93.722 82.653

(b) External Validation
The values LD50 for the test set of serotonin were calculated by using equation 11 in Table 22.

Data is plotted in Figure 22, n=10; R*=0.811; s=143.121; F=29.989.
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Figure 22. LD50 vs. LD50cqic.

(¢) Similarity Cluster Validation
Validation was done by calculating the LD50 for the test molecule from the set values LD50calc.
descriptors were calculated by the same equation as 10 Table 22. Data are presented in Figure 23, n=10;

R*=0.934; s=82.445; F=114.006.
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Figure 23. LD50 vs. LD50 ¢4

by similarity clusters
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2.4. QSAR study on derivatives (1-methylpiperidin-4-yl) propanoate

A set of 40 molecules structures derivatives (1-methylpiperidin-4-yl) propanoate [17 to 20] have a
valuable Pubchem downloaded from the database (Table 23), together with log P set was divided into
set school and test set (25 and 15 molecules randomly chosen). The structures were optimized at

Hartree-Fock level of theory HF (6-31G (d, p)). Calculations were performed with Gaussian 09

program.

Table 23(1-methylpiperidin-4-yl) propanoate (cod SMILES) and log P PubChem).

Mol. Canonical SMILES log P CID

1 CCC(=0)OCICCN(CC1)[11CH3] 1.2 6540307
2 CC(O)(O)C(=O)OCICCEN(CCHC(C)(O)C 3.1 57613500
3 CC(C)NICCC(CCHOC(=0)C(O)(O)C 29 58873543
4 CC(CC(C)(C)N1ICCCCCHOC(=0)C(C)O)C 3.8 40500608
5 CCC(=0)OCICCN(CCIHCC 1.5 24843023
6 CCC(=0)OCICCN(CCHC 1.2 133349
7 CCOCICCN(CCI)CCC(=0)OCC 1.2 61220923
8 CCNICCC(CCHOC(=0)C 1.1 11480704
9 CCOCICCN(CC1)CCC(=0)0C 0.9 61218612
10 CCCC(C)OC(=0)CCNI1CCeeCl 2.6 71028323
11 CCC(O)(C)C(=0)OC(C)CNICCceecd 3.2 58545331
12 CCC(C)(C)C(=O)NCCNI1Ccceececl 22 58795427
13 CC(C)(C)C(C(=O)N1CCCCCI)NC 1.9 58700497
14 CC(O)(C)C(CC1=CC=CC=CI)N(O)C 4 58172339
15 CC(O)(C)C(=0)C(CC1=CC=CC=C1N(O)C 3.4 3637447
16 CCNC(=0)N1CCC(CC1)C(=0)NC(O)C 0.5 53548901
17 CC(O)(CO)C1=CC=C(C=C1)C(=O)NC(C)(O)C 4.6 349124
18 CC(=0)NC1=CC=C(C=C1)C(=O)NC(C)(O)C 2 151118
19 CC1=CC(=C(C=C1)C)C(=O)NC(C)(O)C 29 925429
20 CC(O)(C)OC(=0)N1CCCC(CHC=0 1.1 42325667
21 CCICCN(CC1C=0)C(=0)O0C(C)(C)C 1.5 58010030
22 CC(C)(C)NC(=O)N1CCC(CC)C(=O)N -0.1 894347
23 CCC(O)(C)NC(=0)CICCN(CCHC(=0O)N(O)C 1 47205727
24 CC(C)(C)NC(=0)CICCN(CCH)C(=O)N(O)C 0.5 60779224
25 CCCC(=0O)NCCICCN(CC1)C(=O)NC(C)(O)C 14 49687908
26 CC(=0)CICCN(CCI)C(=O)NC(C)(O)C 0.7 58171886
27 CC(C)CC(=O)NCCICCN(CCHC(=O)NC(C)(O)C 1.9 49687914
28 CC(C)C(=O)NCCICCN(CCHC(=O)NC(C)(O)C 1.6 49687909
29 CCC(=0)NCCICCN(CC1HC(=ONC(O)(O)C 1.1 49687905
30 CC(O)(C)CC(CY)C)NC(=O)N1CCC(CCHC(=O)N 1.6 24159137
31 CCC(=0)OCI1CCIN]CCl1 0.7 57426704
32 COCICCN(CC1)CCC(=0)OC 0.5 43216573
33 CC(O)(C)CC(=O)NCCICCN(CCHC(=O)NC(C)(C)C 23 49687921
34 | CC(C)CC(C(CYC)C)NC(=0)CICCN(CCH)C(=O)N(O)C 3 56793859
35 CC(O)C(=O)N1ICCC(CCHC(=O)NC(C)C)C 1.5 60726650
36 CCCC(=0)N1CCC(CCHC(=O)NC(C)C)C 1.3 45596615
37 CCC(C)Y(C)NC(=0)CICCN(CC)C(=0)C 1 39959127
38 CC(=O)N1CCC(CCHC(=O)NC(C)C)C 0.5 17148671
39 CC(O)(C)C(=O)NCCICCN(CCC(=O)NC(C)(O)C 2 49687916
40 CC(=0)CCNICCC(CCHOC(=O)C 0.4 58811219

Mass fragment (case 1)
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B. Model validation (for log P)
(a) Leave-one-out

The performances in leave-one-out analysis related to the models listed as best in Table 24 are

presented in Table 25.
Table 25. LOO for log P
Descriptors Q’ R?-Q* St. Errory,, Fioo
1 SD, 0.919 0.011 0.334 260.613
5 SD,, D3D 0913 0.017 0.347 240.626
11 SD,, De, CjDi 0.916 0.028 0.34 250.326
19 SD,, HOMO, Adj.,C 0.922 0.03 0.328 272.132

(b) External validation
Values log P for the test set derivatives (1-methylpiperidin-4-yl) propanoate was calculated using

the equation cf. entry 11, Table 24. Data are presented in Figure 25, R2=0.869, s=0.331, F=86.123.

45
40 ¢

35 log P=1.004xlog P, - 0.362
R?=0.869

3.0
o 25
(@)
220
15
1.0
0.5
0.0

IOg I:)calc'

Figure 25. log P vs. log Pc.

(external validation)

(c) Similarity Cluster Validation
The values LD50 for the test set of serotonin were calculated by using equation 11 in Table 24.

Data is plotted in Figure 26, R2=O.953, s=0.197, F=265.759.
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35 log P = 1.009xlog P, - 0.339
R?=0.953

IOQ Pcalc-

Figure 26. log P vs. log P calc. ( by similarity
clusters)
Partial charges (case 2)

B. Model validation (for log P)
(a) Leave-one-out

The performances in leave-one-out analysis related to the models listed as best in Table 26 are

presented in Table 27.
Table 27. LOO for log P
Descriptors Q’ R>-Q’ St. Errory, Floo
1 SD, 0.9 0.017 0.396 206.94
5 SD,;, HOMO 0.884 0.034 0.426 175.824

11 SD,, HOMO, De 0.881 0.038 0.432 170.297
19 SD;, HOMO, Adj.,C 0.868 0.052 0.455 171.485

(b) External Validation
Value log P for the test set of the compounds (1-methylpiperidin-4-yl) propanoate was calculated
using the equation 10 Table 26. Data are presented in Figure 27, R2=0.833, s=0.286, F=64.662.
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Figure 27. log P vs. log P calc. (external validation)

(¢) Similarity Cluster Validation
Value log P for the test set of the compounds (1-methylpiperidin-4-yl) propanoate was calculated
using the equation 10 Table 26. Data are presented in Figure 28, R?=0.945, s=0.164, F=222.647.
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Figure 28. log P vs. log P .. (by similarity

clusters)
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2.5. QSAR and Docking Study on Dopamine

Dopamine is one of the main neurotransmitters, a substance that transmit information between

brain neurons [21]. It plays a key role in the central nervous system in the body and its deficiency can

lead to neurological disorders such as Parkinsonism [22-26].

A set of 40 dopamine have been downloaded from the database PubChem (Table 28) and is divided

into two sets: set school (25 molecules) and set test (15 molecules italic) taken energy docking lowest

(see lower). The property is chosen for modeling LD50 (mouse, intraperitonial).

Table 28. Dopamine, LD50 (cod Smiles, from PubChem) and topological indices

Mol. Canonical SMILES LD50 SD CjDe CfDi Di
1 C1=CC(=C(C=C1CCN)0)O 950 418.549 139 226 160
2 CI=CC(=C(C=CIC(CN)O)O)O 6 828.993 174 277 198
3 CI=CC=C(C=Cl)CC(C(=0O)O)N 1322 1187315 197 269 94
4 C1=CC=C(C=C1)CCN 175 435.814 82 127 133
5 CNCCC1=CC=CC=C1 190 348.992 120 174 321
6 CI=CC(=CC=CICC(C(=0)O)N)O 1450 1479.283 239 345 211
7 CNCCC1=CC=C(C=C1)O 780 549.527 151 231 256
8 CI=CC(=C(C=CICC(C(=0O)O)N)O)O 588 970.196 291 426 126
9 CNCC(C1=CC=C(C=C1)0)O 1000  773.346 185 278 164

10 CNCC(CI=CC(=C(C=C1)0)0)O 4 390.303 229 348 170
11 C1=CC(=CC=C1C(CN)O)O 600 691.229 137 217 126
12 CC(CC1=CC=CC=CI1)N 4.4 304.705 113 167 168
13 COC1=CC=CC(=C1)CCN 230 367.010 148 230 160
14 COC1=CC=C(C=C1)CCN 100 237.751 143 231 206
15 CC(CC1=CC=CC=CI1)N 5.5 292.395 113 167 162
16 CC(CCI=CC=CC=CI)NC 7 495.254 154 217 114
17 CC(O)(CC1=CC=CC=CI)N 71 175.741 146 209 88

18 C1=CC(=C(C=C10)0)O 25 -36.423 69 124 332
19  CC(CCI=CC(=C(C=C1)O)O)(C(=O)O)N 150 458.007 341 492 121
20 CC(C)NCC(CI=CC(=C(C=C1)O)O)O 440 497.723 367 518 162
21 CNCC(C1=CC(=CC=C1)0)O 60 233.726 190 278 270
22 C1=CC(=CC=C1CCN)O 800 590.743 107 174 223
23 CC(CC1=CC=CC=C1)NC 82 204.239 154 217 166
24 CC(C)(CCi=CC=CC=CI)NC 89 72.473 190 262 156
25 CC(=0)NCI=CC(=CC=C1)O 1025 785809 147 223 126
26 C1=CC(=CC=CIN)N 50 319.911 48 89 212
27 CI=CC=C(C(=C1)C(=0O)N)O 180 304.477 104 164 268
28 C1=CC=C(C=C1)C(=O)N 1282 120.697 76 121 174
29 CC(C)NCC(CI=CC(=CC=C1)0)O 320 341.982 314 426 160
30 C1=CC(=C(C=C1C(CN)O)O)O 15.6 138.430 183 289 84

31 COC1=C(C=C(C=C1)CCN)OC 181 290.725 231 360 374
32 C1=CC(=CC=C1C(CN)O)O 600 691.211 137 217 400
33 CI1=CN=CC=C1C(=O)NN 100 300.468 108 162 127
34 CN(C)C1=CC=C(C=C1)C=0 200 285.728 135 223 168
35 CC(=0O)NCI=CC=C(C=C1)O 367 909.929 143 223 205
36 CN(C)CCCI=CC(=C(C=C1)0)O 240 297.644 243 362 62

37 CN(C)CCCI=CC=C(C=C1)O 299 678.261 197 290 204
38 CC(CC1=CC=C(C=C1)O)N 300 460.891 143 223 256
39 CI=CC(=CC(=C1)O)C(CN)O 198 153.779 141 217 160
40 CC(CC1=CC=CC=C1)N 5.5 304.693 113 167 166

B. . Model Validation
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(a) Leave-one-out
The performances in leave-one-out analysis related to the models listed as best in Table 30 are
presented in Table 31.
Table 31. Leave-one-out for LD50

Descriptors Q2 RZ—Q2 St. Error Fioo

1 SD 0.812 0.03 157.749 94.219
5 SD, D3D 0.800 0.056 162.036 88.151
10 SD,CjDe, CfDi 0.794 0.07 164.598 84.748

(b) External Validation

The values LD50 for the test set of 15 dopamines (Table 28) were calculated by using the
best equation in Table 30, entry 10. Data is plotted in Figure 31, n=15; R?=0.683; s=277.017;
F=25.885.

2000
LD50 = 0.916XLD50,,,. +178.06
R*=0.683 L g
1500
.
1000 ¢
- .
Z .
3 500 ¢ &
.
¢
¢ ®
A
0 500 1000 1500 2000
500 LD50,,,.

Figure 31. LD50 vs. LD50,,.. by external validation
(¢) Similarity Cluster Validation

The values LD50 for the test set of 15 dopamines (Table 28) were calculated by using the best
equation in Table 30, entry 10. Data is plotted in Figure 32, n=15; R?=0.905; s=150.862; F=123.189.
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Figure 32. LD50 vs. LD50cg.. similarity clusters

Compare the results in Figures 32 and 33 to see: (i) a rather low prediction (R*=0.683) by the
external test set and (ii) a better prediction (R*=0.905) by the same set predicted by the similarity
clusters (approaching to the congeneric status), in comparison with the model (R*=0.864), even the test
set has been chosen the one with the lowest docking energies. This result put our approach in a
favorable light and demonstrates its utility in QSAR studies. Modeling the lethal dose LD50 of
dopamines, by integrating their database information within the hypermolecule complex structural
information, provided stable and performing QSAR models, excellent in prediction by similarity
clustering. 1CJM (protein (aryl sulfotransferase) has been investigated for the binding affinity with the

selected dopamine derivatives.

2.6. QSAR and Docking Study on Caffeine
In this study, clusters of similar structures (aimed to be quasi-congeneric subsets, in a better
prediction of the toxicological activity) were chosen, with the leaders the best scored in the docking on

the target protein cid1.

Binding energy (kcal/mol)

Ligand
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Figure 44: Binding energy
To obtain a pharmacophore model that fits at the receptor Poly(A) RNA polymerase protein cidl,

conformers with the most favorable interactions with the receptor resulting from docking, were chosen.

Ligands 2, 18, 23 and 38 have the lowest binding energy between -7.5 and -7.3. The resulting

-

a-i=1.542

b-i=3.162

d-0=3.811
e-0=2.913
f-N=4.711
h-N=7.649
2-N=B.786

pharmacophore is shown in Figure 45.

L
Y 7

Figure 45(a): Pharmacophore model Figure 45(b): Distances within pharmacophore
features (A).

B. Model validation (for LD50)

(a) Leave-one-out

Analiza leave-one-out pentru cel mai bune modele din tabelul 46 sunt prezentate in tabelul 47.

Table 47. Leave-one-out for LD50

Descriptors Q’ R>-Q* St.Error,y, Fi
1 SD 0.873 0.018 165.428 157.876
5  SD, IEnax 0913 0.023 134.202 251.841
11 SD, IEpux IEmin  0.908 0.026 140.407 228.086

(b) External Validation
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The values LD50 for the test set of caffeine were calculated by using equation 11 in Table 46.
Data is plotted in Figure 47, n=15; R2=0.929; s=153.272; F=169.735.
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Figure 47. LD50 vs. LD50 ¢, for the test set
(external validation)

(c¢) Similarity Cluster Validation

Validation can also be performed by using clusters of similarity: each of the 15 molecules in the
test set (chosen as the best scored in the docking set) is the leader of its own cluster, selected by 2D
similarity among the 20 structures of the learning set (each cluster comprising about 14-17 molecules).
The values LD50 for the test set of caffeine were calculated by using the learning equations (with the
same descriptors as in eq. 11, Table 46) from each of the 15 clusters. Data is plotted in Figure 48.n=15;
R’=0.951; s=127.328; F=251.832.
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Figure 48. LD50 vs. LD50 .. by similarity clusters

In this paper a gsar study on 40 caffeine derivatives, docked on the protein (4FH3), was reported.
Molecular docking was performed to investigate the binding modalities of ligands toward possible
targets comprised in poly (A) polymerase Cidl (4FH3). A further QSAR study suggested that LD50 is
not a result of interaction of caffeines with Cidl protein, the docking energies being not correlated with
the reported toxicity. However, the docking information was helpful in the choice of leaders for the

similarity test set, increasing the accuracy of the predicted LD50 values.

2.7. QSAR and Docking Study on Indolizines by Similarity Clustering

In the present study, a molecular docking analysis has been performed on indolizine derivatives on
the proteins 1GAO, 400Z, 4010, then we made a QSAR study to predicting IC50 of indolizine
derivative

A set of 25 indolizine were taken from PubChem Database (Table 47) and were divided into a
training set (15 molecules) and a test set (10 molecules), taken randomly. The property chosen for

modeling was IC50 (uM) 15-LO from soybeans) (see Table 47)[28].

Table 47. IC50(uM) 15-LO from soybeans, cod Smiles and CID (PubChem)

Canonical SMILES CID ICsy

1 C1=C(C=C[N]2C1=CC(=C2C3=CC=CC=C3)C4=CC=CC=C4)C#N 482634  30+2
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2 C1=C(C=C[N]2C1=C(C(=C2C3=CC=CC=C3)C4=CC=CC=C4)0C)C#N 10853428 3342
3 C1=CC=C(C=C1)COC2=C3C=C(C=CN3C(=C2C4=CC=CC=C4)C5=CC=CC=C5)C#N 57399922 3142
4 [N]12C(=C(C(=C1C=C(C=C2)C#N)CC3=CC=CC=C3)C4=CC=CC=C4)C5=CC=CC=C5 491919 2742
5 [N]12C(=C(C(=C1C=C(C=C2)C#N)C3=CC=CC=C3)C4=CC=CC=C4)C5=CC=CC=C5 482635 28+l
6 COC1=CC=CC=C1C2=C3C=C(C=CN3C(=C2C4=CC=CC=C4)C5=CC=CC=C5)CHN 10644682 20+1
7 COC1=CC=CC(=C1)C2=C3C=C(C=CN3C(=C2C4=CC=CC=C4)C5=CC=CC=C5)C#N 10668699 20-+1
8 C1=CC=C(C=C1)C2=C(N3C=CC(=CC3=C2C=0)C#N)C4=CC=CC=C4 491918 29+1
9 CC(=0)C1=C2C=C(C=CN2C(=C1C3=CC=CC=C3)C4=CC=CC=C4)CHN 491856 23+l
10 C1=CC(=CC=C1C2=C(N3C=CC(=CC3=C2)C#N)C4=CC=C(C=C4)F)F 57394641 3046
11 O(C1=C4[N](C(=C1C2=CC=CC=C2)C3=CC=CC=C3)C=C(C=C4)C#N)C(=0)C 10066595 3142
12 CC(C1=C2C=C(C=CN2C(=C1C3=CC=CC=C3)C4=CC=CC=C4)C#N)O 491916 2642
13 CC1=C2C=C(C=CN2C(=C1C3=CC=CC=C3)C4=CC=CC=C4)CH#N 491857 2742
14 CI=CC=C(C=C1)C2=C(N3C=CC(=CC3=C2C(=0)C4=CC=CC=C4)C#N)C5=CC=CC=C5 491920 23+l
15 C1=CC=C(C=C1)C2=C(N3C=CC(=CC3=C2CO)C#N)C4=CC=CC=C4 491917 26+l
16 CI=CC=C(C=CI)C2=C(N3C=CC(=CC3=C208(=0)(=0)C4=CC=CC=C4)C#N)C5=CC=CC= 57394621 24+3
17 CN(C)S(:O)(=O)OC1=C2C=C(C=CN2C(C:5C 1C3=CC=CC=C3)C4=CC=CC=C4)C#N 57396377 2542
18 C1=CC(=CC=C1C2=C(N3C=CC(=CC3=C2)C#N)C4=CC=C(C=C4)CI)CI 57392897 3347
19  C1=C(C=C[N]2C1=C(C(=C2C3=CC=CC=C3)C4=CC=CC=C4)0CC5=CC=C(C=C5)C)C#N 57401703 37+4
20 C1=C(C=C[N]2C1=CC(=C2C3=CC=CC=C3)C4=CC=CC=C4)CH#N 482634 3042
21 CC1=CC=C(C=C1)C2=C(N3C=CC(=CC3=C2)C#N)C4=CC=C(C=C4)C 57392898 27+3
22 COC(C1=CC=CC=C1)C2=C3C=C(C=CN3C(=C2C4=CC=CC=C4)C5=CC=CC=C5)C#N 491877 2143
23 CS(=0)(=0)OC1=C2C=C(C=CN2C(=C1C3=CC=CC=C3)C4=CC=CC=C4)CHN 53855501 2242
24 CCS(=0)(=0)0C1=C2C=C(C=CN2C(=C1C3=CC=CC=C3)C4=CC=CC=C4)C#N 57403346 2846
25  CI=CC=C(C=C1)COCOC2=C3C=C(C=CN3C(=C2C4=CC=CC=C4)C5=CC=CC=C5)C#N 57403432 46+4

(c¢) Similarity Cluster Validation

Validation can be performed by calculating IC50 for the molecules in the test set with equations

learned on clusters of similarity: each of the 10 molecules is the leader in its own cluster best scored in

the docking step, selected by (2D) similarity among the 15 structures of the initial learning set. The

values IC50calc. for each of the 10 molecules in the test set were computed by 10 new equations (the

leader being left out) with the same descriptors as in eq. 11, Table 7. The data is shown in Figure 52,

n=10; R2=0.955; s=1.329; F=171.735.
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Figure 52. IC50 vs. IC50,.. by similarity clusters

Beta lactamase and nicotinamide phosphoribosyltransferase, has been investigated for its
potential binding affinity with selective indolizine derivatives. The docking result of the study of 25
molecules demonstrated that the binding energies when we use Beta lactamase were in the range of -
9.8 kcal/mol to -6.1 kcal/mol, when use Nicotinamide phosphoribosyltransferase were in the range of -

9.7 kcal/mol to -5.2 kcal/mol.

2.8. QSAR and Molecular Docking Studies of Serotonin Derivatives

In this paper we have carried out a docking study to identify the geometric description of a
pharmacophore [29, 30] in the interaction of this class of ligands with protein 3ADX and 2YX8 . A set
of 35 derivatives of serotonin were taken from PubChem Database and have been screened molecular

docking (Table 55). The property chosen for modeling was LD50 (on rat, intraperitoneal route

administered).
Table 55. Serotonin molecular structures (in SMILES code) and LD50 (taken from PubChem)
Nr. Crt. Canonical SMILES logP LDS50
1 C1=CC=C2C(=C1)C(=CN2)CCN 1.6 100
2 CNCCC1=CNC2=CC=CC=C21 2.1 158
3 CC1=CC2=C(C=C1)NC=C2CCN 1.9 50
4 C1=CC=C2C(=C1)C(=CN2)CC(=0)O 14 150
5 C1=CC=C2C(=C1)C(=CN2)C=0 1.7 600
6 CC(=0)0OC1=CNC2=CC=CC=C21 2 600
7 C1=CC=C2C(=C1)C(=CN2)CCO 1.8 351
8 CN(C)CCC1=CNC2=C1C=C(C=C2)0 12 290
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9 CI1=CC=C2C(=C1)C=CN2 2.1 117

10 CN(C)CCC1=CNC2=C1C(=CC=C2)0O 2.1 196
11 CN1C(=0)CC2=CC=CC=C21 1 1177
12 CCC(=0O)NCCCI1=CNC2=CC=CC=C21 2.3 900
13 C1=CC=C2C(=C1)C(=CN2)CCC(=0)0 1.8 100
14 CCNCCC1=CNC2=CC=CC=C21 2.4 562
15 C1=CC=C2C(=C1)C=C(N2)O 24 400
16 CC(=0)C1=CC2=C(C=C1)NC=C2 2 450
17 C1=CC2=C(C=CN2)C=C1C(=0)CO 1.3 600
18 CC(=0)CC1(C2=CC=CC=C2NC1=0)0 0.2 800
19 CN(C)CCC(C1=CNC2=CC=CC=C21)0O 1.8 767
20 COC1=CC2=C(C=C1)NC=C2CC(=0)0O 14 98
21 C1=CC2=C(C=CN2)C=C10 2 1000
22 COC1=CC2=C(C=CI1)NC=C2 2.1 370
23 CC(CC1=CNC2=CC=CC=C21)N 2 20
24 CCC(CC1=CNC2=CC=CC=C21)N 2.5 400
25 CN(C)CCI=CNC2=CC=CC=(C21 1.8 122
26 C1=CC=C2C(=C1)C(=CN2)C(=0)CO 1.4 700
27 CCC(=O)NCCCI=CNC2=C1C=C(C=C2)0C 1.3 850
28 CC1=C(C2=C(N1)C=CC(=C2)OC)CCN(C)C 2.7 100
29 COC1=CC2=C(C=C1)NC=C2CCN 0.5 176
30 CC(=0)C1=CNC2=C1C(=0)CCC2 0.5 233
31 CC1=C(NC2=C1C(=0)CCC2)C(=0)C 12 533
32 CC1=CC2=C(C=C1)NC=C2C(=0)CO 1.8 600
33 COC1=CC2=C(C=C1)NC=C2C(=0)CO 1.1 600
34 COC1=CC2=C(C=C1)C(=CN2)C(=0)CO 1.1 600
35 CNS(=0)(=0)CC 1—CC26C(C—C1)NC—C2CCN(C) 09 200
Model validation

(a) Leave-one-out
Leave-one-out analysis related to the models listed as best in Table 60 are presented in Table 61.

Table 61. Leave-one-out for LD50

Descriptors Q> R>-Q’ St Errory, Floo
1 SD 0.823 0.029 125.176  107.368
5 SD, C 0.819 0.04 126.660  104.331

11 SD,CjDi, CjDe 0.812 0.052  129.079 99.603

(b) External Validation
The values LD50 for the test set of serotonin were calculated by using equation 11 in Table 60.

Data is plotted in Figure 58, n=10, R*=0.742; s=182.028; F=22.983.
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Figure 58. LD50 vs. LD50 . for the test set
(external validation)

(c) Similarity Cluster Validation
The values LD50 for the test set of serotonin were calculated by using equation 11 in Table 60.

Data is plotted in Figure 7, n=10; R?=0.962; s=69.361; F=205.390.
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Figure 59 . LD50 vs. LD50 .4ic.. by similarity clusters

Prediction of LD50 is more accurate when using the similarity clusters (R*= 0.962), compared to the
classical external validation of the model (R*= 0.742). The binding energies provided by the docking
step correlates very poorly (R>= 0.009 for 3ADX and R*= 0.242 for 2YX8 with the LD50 values);

however, selection of the leaders in the similarity test as the best docked ligands clearly improved the
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LD50 prediction. The binding energies provided by the docking step correlates very good (n=10;
R?=0.849; s=0.165; F=4.508 for 3ADX with the LD50, HOMO, LUMO o and © values)[31].

2.9. QSAR and docking studies of Chlorpropamide derivates

The present work focuses on the molecular docking analysis of chlorpropamide and its analogues
against protein [32]. This work was carried out by molecular docking studies to determine whether 40
molecules of chlorpropamide interact whit protein CYTOCHROME P450 2C9 and to find the
orientation that enhances this interaction as well as minimizing the total energy of the interaction
complex [33,34].

A set of 40 were taken from PubChem Database (Table 62); the set was divided into a training set
(25 molecules) and a test set (15 molecules), taken randomly. The property chosen for modeling was
log P (calculated, Table 1) and LD50 (on mouse, oral route administrated, Table 62

Table 62. Chlorpropamide molecular structures and their log P (taken from PubChem)

Mol. Canonical SMILES log P | LD50
1 CCCNC(=0)NS(=0)(=0)C1=CC=C(C=C1)Cl 2.3 580
2 CCCCNC(=O)NS(=0)(=0)C1=CC=C(C=C1)C 2.3 490
3 CCCCNC(=O)NS(=0)(=0)C1=CC=C(C=C1)CO 1.1 490
4 CCCCNC(=0)NS(=0)(=0)C1=CC=C(C=C1)C(=0)O 1.7 490
5 COCCOC1=CN=C(N=C1)NS(=0)(=0)C2=CC=CC=C2 1.1 2800
6 C1=CC(=CC=CIN)S(=0)(=O)NC(=S)N -0.7 | 3240
7 CI1COCCNI1S(=0)(=0)C2=CC=C(C=C2)N 0.1 2150
8 CC(=0O)NCCC1=CC=C(C=C1)S(=0)(=0)Cl1 1.6 200
9 CC1=CC=C(C=C1)S(=0)(=O)NC(=NCC2=CC=CC=C2)SC 3.8 300
10 CC(=0O)NC1=CC=C(C=C1)S(=0)(=O)NC(=NCC2=CC=CC=C2)SC 2.6 300
11 CCOC(=0O)NC1=CC=C(C=C1)S(=0)(=0O)N2CCOCC2 0.6 2500
12 CC1=CC(=NC(=N1)NS(=0)(=0)C2=CC=C(C=C2)N)C 0.3 | 50000
13 COC1=CN=C(N=C1)NS(=0)(=0)C2=CC=C(C=C2)N 0.4 | 16000
14 | C1=C(C(=CC(=C1Cl)CDHCINS(=0)(=0)C2=C(C(=CC(=C2CDHCDHCHO | 6.4 179
15 CC1=C(ON=CIC)NS(=0)(=0)C2=CC=C(C=C2)N 1 6800
16 C1=CC(=CC(=C1)S(=0)(=O)N)N -0.4 | 4500
17 C1=CC(=C(C=C1S(=0)(=O)N)CDHN 0.8 2850
18 CNS(=0)(=0)C1=CC(=C(C=C1)N)Cl 1.2 3000
19 CC(=0O)NC1=C(C=C(C=C1)S(=0)(=O)N)Cl 0.1 5000
20 C1=CC(=CC=CI1S(=0)(=O)N)Br 1.4 1700
21 CCS(=0)(=0)C1=CC=C(C=C1)F 1.6 542
22 COS(=0)(=0)C1=CC=CC=C1 1.2 250
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23 C1=CC(=CC=C10)S(=0)(=0)0 02 | 6400
24 C1=CC(=CC=C10S(=0)(=0)C2=CC=C(C=C2)CI)Cl 43 | 1475
25 CC1=C(C=C(C=C1)S(=0)(=0)O)N(CCCI)CCCl 23 | 200

26 CS(=0)(=0)OC1=C(C=C(C=C1)CI)Cl 28 | 1070
27 C1=CC(=C(C=C1S(=0)(=0)N)CD)N 08 | 2950
28 CCS(=0)(=0)C1=CC=C(C=C1)N 02 | 1000
29 C(CS(=0)(=0)C1=C(C(=C(C(=CICI)CI)C#N)CI)CI)CCI 43 | 300

30 CCCCNS(=0)(=0)C1=CC=CC=C]1 21 | 2500
31 C1=CC=C(C=C1)NS(=0)(=0)C2=CC=C(C=C2)F 23 | 750

32 CC(=0)NC1=C(C=C(C=C1)S(=0)(=0)NC)Cl 0.5 | 3000
33 CNS(=0)(=0)C1=CC=C(C=C1)0 0.9 | 2500
34 C1=CC(=CC=CIN)S(=0)(=O)N 20.6 | 3000
41 CICCC(CCI)NC(=0)NS(=0)(=0)C2=CC=C(C=C2)Cl 34 | 1525
36 CCI=NC(=NC=CI)NS(=0)(=0)C2=CC=C(C=C2)N 0.1 | 25000
37 COCI1=NC(=NC(=C1)NS(=0)(=0)C2=CC=C(C=C2)N)OC 1.6 | 3200
38 CCI=CC(=NC(=N1)NS(=0)(=0)C2=CC=C(C=C2)N)C(F)(F)F 08 | 4150
39 C1=CC(=CC(=C1)S(=0)(=0)NC2=NC=C(C=N2)CI)N 1.1 | 700

40 COCI1=NC=NC(=C1)NS(=0)(=0)C2=CC=C(C=C2)N 0.8 | 4680

(b) External Validation
The values LD50.q.. for each of the 15 molecules in the test set were chosen based on the lowest
energy docking and computed with the same descriptors and the eq. 10, Table 66. Data are plotted in
Figure 64; n=15; R*=0.761; s=3510.249; F=41.371 5.
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Figure 64. LD50 vs. LD50 , for the test set
(external validation)

(c) Similarity Cluster Validation
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The values LD50 calc. for each of the 15 molecules in the test set were chosen based on the lowest

energy docking. Data are plotted in Figure 65, n=15; R?=0.996 s=472.684; F=2985.482.
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Figure 65. LD50 vs. LD50 ¢c..

by similarity clusters

CYTOCHROME P450 2C9 has been investigated for its potential binding affinity with selective
chlorpropamide derivatives.

The docking result of the study of 40 chlorpropamide molecules demonstrated that the binding
energies were in the range of -8.9 kcal/mol to -4.4 kcal/mol, with the minimum binding energy of -8.9

kcal/mol.

3. General conclusion

* Download of sets of molecules (flavonoids, caffeine, indolyl, 1-methylpiperidin-4-yl propanoate,
dopamine, indolizine, serotonin and cloropropamide) from the database PubChem.

* The set was divided into a school set and a test set, the latter being used to validate the models, the so-
called external validation set.

* Splitting data set was taken random or docking energy minimum.

» protein-ligand docking was performed AutoDock4.2 program.

* QSAR model validation method leave-one-out

* Validation was done through a new version of prediction using clusters of similarity.

* Prediction log P values, LD50 and IC50 by clusters of similarity is greater than that obtained through
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external validation.
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