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ABSTRACT

This paper reviews the use of similarity searching in chemical databases, was performed on a set of 40 indole
derivatives. The QSAR models describing log P and LD50 of this set of indole derivatives were validated by leave-
one-out procedure, in the external test set and in a new version of prediction by using clusters of similarity.
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INTRODUCTION

Indole is an aromatic heterocyclic organic compouncas a bicyclic structure, consisting of a siembered
benzene ring fused to a five-membered nitrogenaiointy pyrole ring. Indole is a common component of
fragrances and the precursor to many pharmacesiti€aimpounds that contain an indole ring are caliddles.
The amino acid tryptophan is an indole derivatind the precursor of the neurotransmitter serotfijin

Indole structures are present in a great numberoafpounds of biological importance, e.g., the plardwth

hormone indoleacetic acid (IAA),2 the pineal gldramone melatonin, serotonin and tryptophan [2].iddole is

characterized as a benzene ring fused to a nitrogetaining five-membered heterocylic ring. Subsitts may be
added anywhere on the above molecule to createdole derivative. Several thousand indole denxedtiappear
annually in chemical literature[3].

Serotonin is an important biomolecule in physiotadisystems, playing a vital role in the regulatidnmood, sleep,
emesis, sexuality, and appetite. Low levels of teeia are associated with several disorders, inclydepression,
anxiety, and migraines [4]. Extremely high levefsserotonin can manifest toxicity and potentialital effects
known as serotonin syndrome [5].

QSARs are mathematical models relating the obsebieldgical activity of molecules (e.g., a indol&) their
structural properties [6]. QSARs enable one to iptethe biological activity of un-tested or un-slasized
compounds and to investigate the chemo-biologiaateractions involved in the system under study
[7,8].Computational approach to drug design forzmkiai- nones as antibacterial agents [9] .

Among thousands of topological indices [10], thej@hdices are used for molecular graph descriptidrey have
been defined by Diudea [11, 12] as follows.
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The LD50 (Lethal Dose, 50%) value is typically eegsed in mg of material per kg of subject-body-Wweignd
indicates the quantity of material that, if admieied to a population of subjects, will cause 50%he subjects to
perish [13].

It is known that compounds with similar physicochesthproperties often share similar biological eitiésm [14].

In this article, we propose a new approach thaeligs clusters of similar structures aimed to basgaongeneric
subsets in a better prediction of the biologicaivitg.

EXPERIMENTAL SECTION

A set of 40 indoles were taken from PubChem Da&lpaS] (Table 1) and were divided into a trainireg £25
molecules) and a test set (15 molecules), taketioraty. The property chosen for modeling was log&dulated)
partition coefficient between n-octanol and wateseg Table 1) and LD50 (on rat, intraperitoneal eout
administered).

Table 1. Indole molecular structures (in SMILES cae) and their log P and LD50 (taken from PubChem)

Nr. Crt. Canonical SMILES log P | LD50
1 C1=CC=C2C(=C1)C(=CN2)CCN 1.6 10(
2 CNCCC1=CNC2=CC=CC=C21 2.1 15
3 CC1=CC2=C(C=C1)NC=C2CCN 19 50
4 C1=CC=C2C(=C1)C(=CN2)CC(C(=0)O)N -1.1 4800
5 C1=CC=C2C(=C1)C(=CN2)CC(=0 14 15C
6 C1=CC=C2C(=C1)C(=CN2)C=0 1.7 60
7 C1=CC2=C(C=C10)C(=CN2)CCN 0.2 16
8 CC(=0)C1=CNC2=CC=CC=C21 2.1 30
9 CC(=0)OC1=CNC2=CC=CC=C21 2 60
10 C1=CC=C2C(=C1)C(=CN2)CCO 1.8 351
11 CN(C)CCC1=CNC2=C1C=C(C=C2 1.z 29C
12 C1=CC=C2C(=C1)C=CN2 2.1 117
13 CN(C)CCC1=CNC2=C1C(=CC=C2)O 2.1 196
14 CN1C(=0)CC2=CC=CC=C21 1 117[7
15 CCC(=0)NCCC1=CNC2=CC=CC=C21 2.3 900
16 C1=CC=C2C(=C1)C(=CN2)CCC(=0)0O 1. 10D
17 CCNCCC1=CNC2=CC=CC=C: 2.4 562
18 CCOC(=0)C1=CC2=C(N1)C=CC(=C2)( 3.2 35C
19 C1=CC=C2C(=C1)C=C(N2)O 2.4 40(
20 CC(=0)C1=CC2=C(C=C1)NC=C2 2 45
21 C1=CC2=C(C=CN2)C=C1C(=0)CO 1.3 600
22 CC(=0)CC1(C2=CC=CC=C2NC1=0)0 0.2 800
23 CN(C)CCC(C1=CNC2=CC=CC=C21 1.8 767
24 COC1=CC2=C(C=C1)NC=C2CC(=0 14 98
25 C1=CC2=C(C=C10)C(=CN2)CC(=0)O 1.1 1125
26 C1=CC2=C(C=CN2)C=C10 2 100D
27 COC1=CC2=C(C=C1)NC=C2 2.1 37
28 CC(CC1=CNC2=CC=CC=C21)N 2 20
29 CCC(CC1=CNC2=CC=CC=C21 2.t 40C
30 CN(C)CC1=CNC2=CC=CC=C21 1.8 122
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=C1C=C(C=C2)0OC 1.B 850
34 CC1=C(C2=C(N1)C=CC(=C2)OC)CCN(C)C 2.} 100
35 COC1=CC2=C(C=C1)NC=C2CC 0.5 17¢
36 CC(=0)C1=CNC2=C1C(=0)CCC2 0.5 238
37 CC1=C(NC2=C1C(=0)CCC2)C(=0)C 1.2 53B
38 CC1=CC2=C(C=C1)NC=C2C(=0)CO 1. 60D
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
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Figure 1. The hypermolecule comprising the commorefitures of the dataset

A hypermolecule (Figure 1) was built up by supenpgghe all 40 molecules under study. The hyperegwdieis

considered to mimics the investigated statistigglenspace[16].

Table 2. Binary vectors, cf. hypermolecule, for th 40 indoles derivatives
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RESULTS AND DISCUSSION

3.1. COMPUTATIONAL DETAILS

The structures have been optimized at Hartree-F¥eK3-21g(,p)) level of theory, in gas phase, pu&sian 09
[17]. Topological indices have beed computed by DOQRUJ software [18]; some of them (Centric indéxypartial

charges shells=Ch, Total adjacency = Adj, Detowes Distance = Di, D3D, SD), HOMO (in au) and logai

listed in Table 3 and 4.

Table 3. Topological indices, correlating descriptis, log P for the set of indoles in Table 1

<
o
<3
]
-

Homc Ch De Di CjDi CfDi SDy Sh,
1€ -841¢ 0.037 477 191 29C 31z -14.99¢ -2.28t
21 8411 0032 576 251 372 395 -14.768 -2.281
19 -8351 -0.010 568 238 362 393 -14.890 -2.164
-1.1  -845: 0.27¢ 77z 365 534 56C -16.967 -3.81¢
. -8.545 0.322 566 241 361 385 -15.110 -2.416
17 -8.637 0265 390 143 220 240 -15.090 -2.537
0.2 -8334 0.088 568 238 362 393 -17.496 -4.825
21 -8680 0.186 468 182 280 303 -15.071 -2.386
2 -8.539 0.241 566 241 361 385 -14.843 -2.097
10 1.8 -8435 0.090 477 191 290 312 -15.110 -2.302
11 12 -8282 0.027 790 376 552 586 -15.305 -2.855
12 21 8355 0.074 248 79 121 129 -14.281 -2.028
13 21 8178 -0.003 796 368 539 582 -14.776 -2.295
14 1 -8.677 0.277 389 138 212 238 -15.781 -3.171
15 23 8446 0251 931 489 678 704 -14.716 -2.075
16 1.8 -8530 0.250 677 313 457 481 -15.110 -2.312
17 24 -8418 0.014 688 324 468 492 -14381 -1.711
18 32 8479 0280 893 454 671 699 -13.684 -0.907
18 1.1€ -832: 0.14: 31 10¢ 167 18C -15.75¢ -2.81¢
20 2 -8.614 0.247 462 188 284 305 -14.781 -2.103
21 13 -8.644 0296 550 241 358 381 -15.482 -2.803
22 0.2 -9.20¢ 0.43: 76t 33C 48€ 54z -16.43¢ -3.90:
23 1.8 -8412 0.019 897 455 642 670 -14.880 -2.293
24 14 -8387 035: 78z 365 54& 58z -15.63¢ -2.97¢
25 1.1 -8421 0345 667 295 444 477 -15.639 -3.126
26 2 -8.253 0.118 312 108 165 180 -14.810 -2.376
27 21 8231 0.12: 38 147 224 24z -1481( -2.27¢
28 2 -8.293 0.029 566 241 361 385 -14.990 -2.351
29 25 8286 0.023 668 304 447 472 -14990 -2.339
30 1.8 -8353 0.006 566 241 361 385 -15.110 -2.119
31 1.1 -8.444 0325 667 295 444 477 -15.639 -2.742
32 1.3 -8307 0300 1226 672 947 987 -15.246 -2.531
33 14 -8730 0.241 558 233 352 377 -15.071 -2.410
34 27 -8215 -0.016 1069 530 781 835 -14.170 -1.357
35 0.5 -8307 0.073 672 298 453 487 -15520 -2.633
36 0.5 9318 0.380 562 222 341 380 -16.465 -3.715
37 1.2 -9.258 0.408 666 273 415 468 -15.397 -2.763
38 18 -8659 0.186 658 286 434 468 -14.971 -2.391
39 1.1 -8550 0.267 772 353 537 573 -15.601 -2.890
40 1.1 -8550 0.267 772 353 537 573 -15591 -2.890

©CONOUIDWN R
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Table 4. Topological indices, correlating descriptis, LD50 for the set of indoles in Table 1

Mol. LD50 Homo SR SD,
1 100 -8.42 -7551.35 3517.42
2 158 -8.41  -7558.74 3630.25
3 50 -8.35 -7611.50 3524.56
6 600 -8.64 -6997.68 3856.13
7
8
9

160 -8.33  -7551.72 3467.45

30C -8.6€ -7139.5¢ 3827.1¢

600 -8.54  -7111.42 3890.92
10 351 -8.44  -7130.02 3684.37
11 29C -8.26  -7454.1: 3536.2:
13 196 -8.18  -7530.45 3409.03
15 900 -8.45 -6887.26 4207.44
17 562 -8.4z -7149.7. 3869.4!
18 350 -8.48 -7359.36 3708.18
19 400 -8.32  -7303.44 3705.60
20 450 -8.61 -7261.72 378551
21 600 -8.64 -7111.72 3878.07
22 800 -9.21 -6911.72 4153.83
23 767 -8.53  -7130.02 3998.12
27 370 -8.23  -7352.35 3545.26
28 20 -8.29  -7570.13 3450.61
29 400 -8.29  -7570.13 3441.50
32 700 -8.31 -6936.17 4007.44
33 850 -8.73  -7130.08 3887.46
34 100 -8.21 -7561.90 3401.44
35 176 -8.31 -7503.31 3520.24
36 233 -9.32  -7399.70 3619.89
37 533 -9.26  -7257.73 3812.97
38 600 -8.66 -7161.94 3781.25
39 60C -8.58  -7178.9¢ 3960.7¢
40 600 -8.55 -7161.53 3960.78

This QSAR study was performed following Diudea’'gaithm [19]; it is based on the alignment of moiles over
a hypermolecule [20] and a correlation weightinggadure [21, 22] coupled with a predictive validatiof the
model descriptors within similarity clusters [23rformed for each molecule in the test set. Therdlgn can be
extended with other powerful statistical tools (el or pca) but we limited here to the more commuulti linear
regression in achieving the best prediction of @aselm property, like log P or LD50.

The models fit abilities were assess by cross-atiid leave one analysis [24] using a dedicatethsoé [25,26].

3.2. Mass fragments description (case 1)

3.2.1Data reduction (for log P)
In the step of data reduction, all the descripteith the variance Var<20% and those with interdatien larger
than 0.80 have been discarded.

This new descriptor SPthat is a linear combination of the local cortielg descriptors for the significant positions
in the hypermolecule (i.e. H1, H2, H3, H7, H8, HA,1, H13, H14, H15, H17, H19, H20, H21, H22, H23).

3.2.2. QSAR models (for log P)

The models were performed on the training set fitlsé 25 structures in Table 1) and the best resait listed
below and in Table 5. The number of descriptors lvaiged to four, to fulfill the considerations dfopliss and
Costello.

(i) Monovariate regression

logP =14.529+ 0.848 D,

(ii) Bivariate regression

logP =16.929+ 0.808 D, + 0.349HOMO

(iii) Three-variate regression
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logP =15.97H# 0.768SD, + 0.330HOMO+ 0.08D D:
(iv) Four-variate regression

logP =14.846+ 0.868SD,— 0.1&4Ch+ 0.06CjDi— 0.006fDe

Table 5. Best models in describing log P in the tming set of indoles in Table 1

Descriptors R Adjust. R> St. Error F
1 SDh 0.917 0.914 0.190 255.182
2 CjDi 0.241 0.208 0.577 7.307
3 Di 0.25( 0.21¢ 0.57:¢ 7.68¢
4  HOMO 0.185 0.150 0.598 5.229
5 SD, HOMO 0.932 0.925 0.177 149.937
6 SD,Di 0.930 0.924 0.179 146.548
7 SD, D3D 0.930 0.924 0.179 145.925
8 SD, CjDi 0.930 0.924 0.179 146.047
9 SD, De 0.929 0.923 0.180 144.419
12 sh, HOMO, D3D 0.943 0.934 0.166 115.071
13 SDy, CjDi, HOMO 0.94: 0.93¢ 0.16€ 114.81!
11 sDb, De, HOMO 0.942 0.934 0.167 113.940
15 SD, CfDi, HOMO 0.942 0.934 0.167 113.594
1C SDy, Adj, Ch 0.93¢ 0.931 0.171 108.18(
14 SO, Di, De 0.932 0.922 0.181 95.569
16 SO, Ch, CfDi, CfDe 0.953 0.944 0.154 101.446
17 sDh, HOMO, D3D, De 0.943 0.932 0.170 82.611
18 SD, C, Adj, Ch 0.942 0.931 0.170 81.835
19 SD, D3D, Di, De 0.934 0.920 0.183 70.233

3.2.3. Model Validation (for log P)
(a) Leave-one-out
The performances in leave-one-out analysis rel@téide models listed as best in Table 5 are predentTable 6.

Table 6. Leave-one-out analysis for best log P mdde

Descriptors @  R-Q* St Error, Fioo
1 SD; 0.87¢ 0.03¢ 0.23] 166.1¢
5 SD, HOMO 0.897 0.035 0.212 200.918

12 SO, HOMO, D3D 0.916 0.027 0.192 249.674
16 SD, Ch, CfDi, CfDe 0.882 0.071 0.227 172.585

(b) External Validation
The values log P for the test set of indoles (Tdb)eere calculated by using the best equationalbld 5, entry 12.

Data are listed in Table 7 and the monovariateetation: l0gP = 0.941+ 0.60% 0§, :n=15; R=0.808;
s=0.343; F=54.720 is plotted in Figure 2.

Table 7. Calculated values of log P for the moleces in the test set (Table 1)

Mol.  logP  log Rac
1 1.6 1.89
4 -1.1 0.4¢
5 1.4 1.79
11 1.2 1.45
12 21 2.38
22 0.2 0.62
23 1.8 2.14
25 11 1.46
31 11 1.45
32 1.3 2.05
33 14 1.76
35 0.5 1.59
37 1.2 1.37
39 11 1.49
40 1.1 15
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Figure 2. The plot log P vs. log R.. for the test set
(external validation)

(c) Similarity Cluster Validation

Validation can be performed by calculating log Ptfie molecules in the test set with equationsnlegon clusters
of similarity: each of the 15 molecules is the lkeadh its own cluster, selected by (2D) similaritjmong the 25
structures of the initial learning set. The vallas P, for each of the 15 molecules in the test set weraputed
by 15 new equations (the leader being left outhwlite same descriptors as in eq. 12, Table 5. Bratdisted in

Table 8 and the monovariate correlatiologP = 0.857 logP,,. + 0.30; n=15; R=0.945; s=0.182;
F=226.539 is plotted in Figure 3.

25
2
15
a 1
S
- 0.5 | Aog P =0.857xlog B + 0.301
* R2=0.945
0
-2 -1 D 1 2 3
-0.5
lOg Pcalc.

Figure 3. The plot log P vs. log R for the test set (external validation)
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Table 8. Calculated values of log P for the molece in the test set (Table 1)

Mol. logP log Ruc
1 1.6 1.55
4 -1.1 -0.67
5 1.4 1.49
11 1.2 1.51
12 2.1 2.19
22 0.z 0.2¢
23 1.8 1.80
25 11 111
31 1.1 1.2
32 1.3 1.40
33 14 161
35 0.t 1.1€
37 1.2 1.20
39 1.1 1.15
40 1.1 1.20

3.2.4. Data reduction (for LD50)

In data reduction, the same procedure was used $adtion 3.2.1. The local correlating descripressummed, to
give SD; global descriptor, over the following significambsitions in the hypermolecule: H1, H2, H3, H7, H11
H12, H13, H14, H16, H17, H18, H19, H20, H21, H23 &i24 and it will be used as the basis of modeliB§0
(see Table 9).

3.2.5. QSAR models (for LD50)
The models were performed on the training setZthstructures in Table 1) and the best resultéisieel below and
in Table 9.

(v) Monovariate regression

LD50= 7828.02#4 0.0083D,

(vi) Bivariate regression

LD50=7734.028 1.00029D,+ 0.0%De

(vii) Three-variate regression

LD50= 7657.09% 0.984SD,+ 0.88LCjDe— 0.48€fDi
(viii) Four-variate regression

LD50=6918.80#4 0.954SD.+ 4.5 De+ 3.86C|Di- 8.935Di

Table 9. Best models in describing LD50 in the traing set of indoles in Table 1

Descriptors R>  Adjust. R> St. Error F

1 SbD; 0.852 0.844 87.268 103.849
2 Cjbe 0.068 0.016 219.234 1.307
3 HOMO 0.290 0.251 191.308 7.355
4 De 0.050 0.003 221.284 0.951
5 SD; De 0.854 0.836 89.393 49.562
8 SD; CjDe 0.854 0.837 89.141 49.891
6 SD; D3D 0.853 0.836 89.535 49.379
7  SDs, Di 0.853 0.836 89.486 49.442
9 SD;, HOMO 0.853 0.836 89.579 49.322
11 SD;, CfDi, CjDe 0.859 0.833 90.413 32.507
13 SDs; HOMO, C 0.85¢ 0.82¢ 91.40: 31.69:

12 SD;, De, CjDi 0.855 0.828 91.685 31.464
14 SDs;, HOMO, De 0.85¢ 0.827 91.91: 31.28:

16 SDs;, HOMO, D3D 0.854 0.827 91.999 31.213
15 SD;, De, Di 0.854 0.827 91.951 31.251
17 SD;, De, CjDi, CfDi 0.900 0.854 84.424 28.800
18 SDs;, HOMO, CjDi, CfDi  0.885 0.854 84.424 28.800
19 SD;, HOMO, D3D, De 0.855 0.816 94.741 22.097

2385



Mircea V. Diudeaet al J. Chem. Pharm. Res., 2015, 7(3):2378-2393

3.2.6. Model Validation (for LD50)
(a) Leave-one-out
The performances in leave-one-out analysis relatéide models listed as best in Table 9 are predantTable 10.

Table 10. Leave-one-out analysis for best log P meld

Descriptors Q& R-~Q* St.Emore  Fieo
1 SD; 0.812 0.04 98.356 77.926
5 SD;, De 0.802 0.052 100.923 73.108

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

(b) External Validation
The values LD50 for the test set of indoles (Tahld0 structures) were calculated by using the bgaation in
Table 9, entry 11. Data are listed in Table 11 anthe monovariate correlation:

LD50=93.628+ 1.188LD 5Q. :n=10; R=0.869; s=72.596; F= 78.415 is plotted in Figure 4

Table 11. Calculated values of LD50 for the molecas in the test set (Table 1)

Mol. LD50  LD50cc
1 100 214.33
3 50 147.53
6 600 754.57
8 300 615.68
10 351 628.85
28 20 202.52
32 700 877.29
34 100 215.02
35 176 251.75
36 233 354.88

1000

900 LD50 = 1.183xLD5Q,. + 93.628
800 R2=0.869

700
600
500
400
300
200 (&
100

PSR 4

LD50

0 200 400 600 800
I-Dsocalc.

Figure 4. The plot LD50 vs. LD5@Qy for the test set (external validation)

(c) Similarity Cluster Validation
Validation was performed by calculating LD50 foetmolecules in the test set, similar to the SecBch5. The
values LD5@, were computed with the same descriptors as ilEqgTable 9.Data are listed in Table 12 and the

monovariate correlationLD50=1.11% LD 5Q,. + 94.28; n=10; R=0.909; s=73.729; F=80.241 is plotted
in Figure 5.
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Table 12. Calculated values of LD50 by similarity leisters, for the molecules in the test set

Mol  LD50  LD50cac
1 100 166.04
3 50 94.91
6 600 689.75
8 300 592.48
10 351 592.53
28 20 155.9(
32 700 866.01
34 100 220.29
35 17¢€ 204.3(
36 233 304.71

1000

900 | LD50=1.119xLD5Q,,. + 94.282
800 Rz =0.909

700
600
500
400
300
200
100

LD50

0 200 400 600 800
LDS50

calc.

Figure 5. The plot LD50 vs. LD5Q,.. by similarity clusters

3.3. Partial charges description (case 2)

3.3.1Data reduction (for log P)

In the step of data reduction, the same procedaseused as in Section 3.2.1. The local correlateggriptors are
summed over the following significant positionstire hypermolecule: H2, H3, H4, H5, H6, H8, H10, HHA3,
H14, H16, H17, H21, H23, H24); the resulting.Sflobal descriptor will be used as the basis of etiad log P
(see Table 3).

3.3.2.QSAR models (for log P)
The models were performed on the training set @apland the best results are listed below anagbierl3.
(ix) Monovariate regression

logP =0.82% D, + 0.82f

(x) Bivariate regression

logP=7.221 0.78%3 3D, + 0.41HOMO

(xi) Three-variate regression

logP =6.834+ 0.753 D, + 0.39%HOMO+ 0.008De
(xii) Four-variate regression

logP =5.92% 0.76%¥SD,+ 0.454HOMO- 0.08De+ 0.18Ad]

Table 13. Best models in describing log P in thedining set of indoles in Table 1
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Descriptors R Adjust. R®> St. Error F

1 Sbh 0.888 0.883 0.221 182.766
2 Di 0.250 0.218 0.573 7.686
3 CjDi 0.241 0.208 0.577 7.307
4 De 0.21f 0.181 0.587 6.31:

5 SD;, HOMO 0.90¢ 0.90( 0.20t  109.02!

6 SD, CjDe 0.899 0.889 0.216 97.561
7 SD,Di 0.898 0.889 0.216 96.920
8 SD, De 0.897 0.888 0.217 95.806
9 SD, D3D 0.898 0.888 0.217 96.608
10 SDB, HOMO, De 0.916 0.904 0.201 76.040
11 SD, HOMO, bD3D 0.916 0.904 0.201 76.608
12 SD, Adj, Ch 0.908 0.895 0.210 69.132
13 SD, Di, De 0.901 0.887 0.218 63.567
14 SD, De, CjDi 0.899 0.885 0.220 62.277
15 SD,, D3D, D¢ 0.89¢ 0.88¢ 0.221 62.04

16 SD,, HOMO, De, Adj 0.91¢ 0.90: 0.20z 56.58¢

17 SD, HOMO, De, Di 0.916 0.900 0.205 55.193
18 SD, Di, D3D, De 0.904 0.884 0.221 46.872

3.3.3. Model Validation (for log P)

(a) Leave-one-out

The performances in leave-one-out analysis relfigtie models listed as best in Table 13 are ptedein Table
14.

Table 14. Leave-one-out analysis for best log P meld

Descriptors @  R-Q? St Error, Fioo
1 Sbh 0.85 0.038 0.256 130.397
5 SDB,, HOMO 0.87¢ 0.02¢ 0.2 168.05¢
10 SD, HOMO, De 0.884 0.03: 0.22¢ 175.39¢

16 SD, HOMO, De, Adj  0.878 0.041 0.232 165.098

(b) External Validation
The values log P for the test set of indoles (Tabjevere calculated by using the best equatioraibld 13, entry 10.

Data are listed in Table 15 and the monovariateetation: log P = 0.40X logP,,. + 1.17; n=15; R=0.736;
s=0.403; F=30.605 is plotted in Figure 6.

2.5

o
(o))
o
¢
log P = 0.401xlog B +1.173
05 | & R?=0.736
0-0
-2 -1 0 1 2 3
lOg Pcalc.

Figure 6. The plot log P vs. log R for the test set (external validation)

Table 15. Calculated values of log P for the molets in the test set (Table 1)
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Mol. logP log Ruc
1 1.6 1.92
4 -1.1 0.85
5 14 1.80
11 1.2 1.65
12 2.1 2.07
22 0.2 0.48
23 1.8 2.08
25 1.1 1.35
31 11 1.63
32 1.z 2.02
33 1.4 1.73
35 0.5 1.77
37 1.z 1.2¢
39 1.1 1.51
40 1.1 1.51

(c) Similarity Cluster Validation
Validation was performed by calculating log P fbe tmolecules in the test set, similar to that i $ection 3.2.3.
The values log B.. were computed with the same descriptors as in@gTable 13. Data are listed in Table 16 and

the monovariate correlatiodog P = 0.662¢ logP,,. + 0.59’ n=15; R=0.922; s=0.217; F=155.571 is plotted

in Figure 7.
Table 16. Calculated values of log P by similaritglusters, for the molecules in the test set

Mol. log P log Pac
1 16 1.69
4 -1.1 -0.05
5 1.4 1.48
11 1.2 1.44
12 2.1 2.09
22 0.2 0.53
23 1.8 1.96
25 1.1 1.27
31 1.1 1.32
32 13 151
33 1.4 1.4:
35 0.5 1.28
37 12 1.25
39 1.1 1.1¢
40 1.1 1.18

2.0 V'S
15

1.0

0571 ® |og P =0.662xl0g P, + 0.597
R? = 0.922
0.0

-2 -1 D 1 2 3

log P

IOg |:)calc.

Figure 7. The plot Log P vs. log Ri. by similarity clusters
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3.3.4. Data reduction (for LD50)

In the step of data reduction, the same procedaseused as in Section 3.2.4. The local correlatesgriptors are
summed over the following significant positionstire hypermolecule: H1, H2, H3, H4, H6, H7, H11, HEA7,
H19, H20, H21, H22, H23, H24); the resulting Sfobal descriptor will be used as the basis of eliad LD50
(see Table 4).

3.3.5. QSAR models (for LD50)
The models were performed on the training set @apland the best results are listed below andbierl?.
(xiii) Monovariate regression

LD50= 0.88% D, — 2848.4

(xiv) Bivariate regression

LD50=-2894.12 0.884D,- 6.9XHOMO

(xv) Three-variate regression

LD50=-2724.73 0.872D,+ 0.58i- 0.38De

(xvi) Four-variate regression

LD50=-3060.6+ 0.808D,+ 3.808De+ 3.7%E|Di—- 7.946fDi

Table 17. Best models in describing LD50 in the tining set of indoles in Table 1

Descriptors R Adjust. R®? St. Error F

1 SbG 0.89¢ 0.89( 71.60% 154.43:

2 Di 0.024 0.031 219.000 0.434
3 HOMO 0.203 0.159 197.817 4.593
4  De 0.011 0.04< 220.40: 0.20(

5 Sh, HOMO 0.896 0.88: 73.66¢ 72.96:

6 SD,Di 0.896 0.884 73.621 73.059
7 SD, CjDe 0.896 0.883 73.675 72.939
8 SDh, D3D 0.896 0.884 73.607 73.090
9 SD, De 0.896 0.884 73.584 73.141
10 Ssh, Di, CjDi 0.905 0.888 72.339 50.985
11 sShb, Di, De 0.897 0.878 75.380 46.532
12 shb, HOMO, D3D 0.896 0.876 75.872 45.862
13 Sh, HOMO, Di 0.896 0.876 75.886 45.843
14 SD,, D3D, De 0.89¢ 0.87i 75.64¢ 46.16¢

15 SD, Adj, Ch 0.896 0.876 75.917 45.801
16 SDh, D3D, De 0.896 0.877 75.649 46.164
17 SD, De, CjDi, CfDi  0.921 0.899 68.402 43.490
18 SDb,, C, Di, De, CjDi  0.911 0.88¢ 72.29¢ 38.54(

19 Sb, C,D3D, De 0.906 0.881 74.433 36.145
20 SD, De, D3D, Di 0.899 0.872 77.225 33.313

3.3.6. Model Validation (for LD50)
(a) Leave-one-out
The performances in leave-one-out analysis releigtie models listed as best in Table 17 are ptedein Table

18.
Table 18. Leave-one-out analysis for best log P meld

Descriptors @  R-Q? St Error, Fioo
1 SD, 0.86¢ 0.02¢ 80.59¢ 118.11:
5 SB;, HOMO 0.86¢ 0.031 81.38: 115.49:
10 SO, Di, De 0.864 0.041 81.522 115.033
17 SD, De, CjDi, CfDi  0.821 0.1 93.722 82.653

(b) External Validation
The values LD50 for the test set of caffeine (Tablevere calculated by using the best equationabld 17, entry

10. Data are listed in Table 19 and the monovarateelation: LD50= 0.544x LD 5Q,. + 259.1; n=10;
R?=0.811; s=143.121; F=29.989 is plotted in Figure 8.
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Table 19. Calculated values of LD50, for the moledes in the test set

900
800
700
600
500
400
300
200
100

LD50

(c) Similarity Cluster Validation

Mol.  LD50  LD50caic

1 100
3 50
6 600
8 300
10 351
28 20
32 700
34 100
35 17¢

287.58
384.34
278.48
541.77
410.44
812.8:
227.69
589.17
355.81
36 233 -2603.45

LD50= 0.544xLD5Q,,, + 259.11
R2=0.811

200 400

600

I-Dsocalc.

Figure 8. The plot LD50 vs. LD5Q,.. (external validation)

1000

Validation was performed by calculating LD50 foetmolecules in the test set, similar to that in $leetion 3.2.6.
The values LD5gQ. were computed with the same descriptors as il@dTable 17. Data are listed in Table 20 and

the monovariate correlationtD50=192.63+ 0.728LD 5Q :n=10; R=0.934; s=82.445; F= 114.006 is

plotted in Figure 9.

Table 20. Calculated values of LD50 for the moledes,similarity cluster in the test set (Table 1)

Mol. LD50  LD50c

1 10C
2 158
3 50
8 30C
18 350
22 800
28 20
33 850
36 233
39 600

231.2:
340.6
239.14
527.6.
378.29
712.21
207.31
861.32
304.74
627.27
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1000 | LD50 = 0.723%xLD5Q,,. + 192.63
900 R2=0.934 .
800
700
600
500
400
300
200
100

LD50

0 200 400 600 800 1000
LD50

calc.

Figure 9. The plot LD50 vs. LD5Q for the test set (similarity cluster validation)

CONCLUSION

A set of 40 indoles, downloaded from the PubChenaliese, was submitted to a QSAR study, involvidge t
hypermolecule concept, in a procedure similar tat tbf the ,alignment” of drug molecules to the bigical
receptors. A hypermolecule of a dataset is gengrhjealigning successive pairs of molecules and inimg
features of the same type that lie in close prayinvhilst retaining the individuality of the atortteemselves.

The set was split into a learning set and a tasttse last one being used for the validation ef ttodels, in the so-
called external set validation. Also, the validatiwas made by a new version of prediction by usimglarity
clusters.
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