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ABSTRACT

Seroid hormones are important in physiological processes of humans, as maturation, reproduction and even
mortality. We report here a QSAR study performed on a set of 40 testosterone derivatives, downloaded from the
PubChem database and aligned over a hypermolecule that mimics the investigated correlational space. The best
models describing log P and LD50 of these testosterone derivatives were validated by |eave-one-out procedure, in
the external test set and in a new version of prediction based on clusters of similarity.
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INTRODUCTION

Steroid hormones regulate important physiologicedcpsses in humans including maturation, reprodogti
development of gonads, maintenance of blood volamg electrolyte concentration, and synthesis ofeband
muscle [1].

Anabolic—androgenic steroids (AAS) are synthetidvddives of testosterone with four-ring structucemsisting of
19 carbon atoms. There are approximately 60 diftefAS available, and these molecules vary in ticbmical
structure and, as a result, in their metabolic gmgsiological effects [2, 3].

The evidence is mixed with regard to testosterewels and cardiovascular disease risk [4, 5]. Sstmeies have
found an association between low testosterone racreéased risk [6-8], while others have not [9]. tAdy of 208
men with heart failure found that deficiencies @rwsn testosterone were associated with increasethlito[10].
Testosterone promotes growth of many prostate canaed therefore, reducing circulating testostertmnvery low
(castration) levels is often the treatment goah#@nmanagement of men with advanced prostate cfihiter

Human studies also demonstrate decline in testosteat the transition to fatherhood, and lowerststone levels
were found in fathers who were more involved inlcclgare [12]. In this respect, a very importanterohay be

played by computer-added drug discovery technigbased on Quantitative-Structure—Activity-Relatiapsh
(QSAR) models [13].

The logarithm of the partition coefficient betweesoctanol and water, also referred to as logP,bdeen widely
used in QSAR studies as a key parameter for claizcig lipophilicity [14].
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The LD50 for a particular substance is the amohat tan cause death in half (i.e. 50%) of a grolupome
particular animal species, usually rats or micegmvlntering the animal’s body by a particular rgutsg.

The concept of similarity, enabling one to grouplecales according to their structure, or biologiceffects or
physico-chemical properties, has found extensiweingdrug discovery. Similarity methods have foyadticular
favor in the pharmaceutical industry. Indeed, miedicchemistry relies heavily on the concept ofismgterism in
which similar substructures may be interchangedsiviiaintaining some degree of activity [16,17].

The non-symmetric Cluj matrix, UCJ, has been infietl by Diudea [18-20]. It is defined by using eitlthe
distance or the detour concept. The non-diagortalesn[UM]ij, M=CJD (Cluj-Distance) or @QJ(Cluj-Detour), are

EXPERIMENTAL SECTION

A set of 40 testosterones were taken from PubChatatiase [21] (Table 1) and were divided into aningj set (25
molecules) and a test set (15 molecules), takesoraly. The property chosen for modeling was log&dulated)
partition coefficient between n-octanol and watere( Table 1) and LD50 (on mouse, oral route adteird).

Table 1. Testosterone molecular structures (in SMIES code) and their log P and LD50 (taken from PubCdém)

Nr. Crt. Canonical SMILES log P | LD50
1 CC12CCC3C(C1CCC20)CCC4=CC(=0)CCC34C 3.3 5000
2 CCC(=0)OC1CCC2C1(CCC3C2CCC4=CC(=0)CCC34 4.4 100(
3 CC12CCC(=0)C=C1CCC3C2CCC4(C3CCC4(C)! 34 250(
4 CC12CCC(CC1CCC3C2CCC4(C3CCC4=0)C)O 317 980
5 CCCCCCC(=0)OC1CCC2C1(CCC3C2CCC4=CC(=0)CCC34C)C 3 p. 1000
6 CC12CCC3C(C1CCC20C(=0)CCC4=CC=CC=C4)CCC5=CC(L€N)85 5.1 595
7 CCCCC(=0)OC1CCC2C1(CCC3C2CCC4=CC(=0)CCC34C)C 5.3980
8 CC(=0)OC1CCC2C1(CCC3C2CCC4=CC(=0)CCC34 3.€ 98C
9 CC12CCC3C(C1CCC2(C#C)O)CCC4=CC(=0)CC 3 200(
10 CC12CCC3C(C1CCC2=0)CC(=C)C4=CC(=0)C=CC34C 31 098
11 CC(=0)OC1(CCC2C1(CCC3C2CCC4=CC(=0)CCC34)C)C#C 5 B. 980
12 CC1CC2C(CCC3(C2CCC3(C(=0)C)OC(=0)C)C)C4(C1=CQEeHn)C 4.1 6400
13 CC(=0)OC1CCC2C1(CCC3C2CCC4=C(C(=0)CCC34C)CI)C 7 4. 980
14 CCC12CCC3C(C1CCC2(C#C)O)CCC4=CC(=0)CC 3.2 501(
15 CC12CCC3C(C1CCC20C(=0)C4=CC=CC=C4)CCC5=CC(=0)CC( 5.€ 98(
16 CC12CCC(=0)C=C1CCC3C2CCC4(C3CCC4(C#C)O)C 3.5 980
17 CCC12CC(=C)C3C(C1CCC2(C#C)0O)CCC4=CC(=0)CCC34 .3980
18 CC12CCC3C(C1CCC20)CCC4=CC(=0)C=CC34C 3.5 98B0
19 CC1CC2C3CCC(C3(CC(C2C4(C1=CC(=0)CC4)C)0)C)C(=0)C 2.7 980
20 CC12CC(C3C(C1CCC2(C(=0)CO)O)CCC4=CC(=0)C=CC34 1.€ 25(C
21 CC12CCC(=0)C=C1CCC3C2C(CC4(C3CCC4(C(=0)C0O)0) 1.€ 500(
22 CCC(=0)C1(C(CC2C1(CC(C3C2CCC4=CC(=0)C=CC34C)O)C) 35 980
23 CC1CC2C3CCC(C3(CC(C2C4(C1=CC(=0)C=C4)C)0)C)(9EOO 1.9 4000
24 CC1CC2C3CCC(C3(CC(C2C4(C1=CC(=0)C=C4)C)O)C)(QEOC(=0)C)O| 2.7 | 10004
25 CC12CCC(=0)C=C1CCC3C2CCC4(C3CCC4(C#C)O)C 3.5 980
26 CC12CCC3C(C1CCC2(C)0)CCC4C3(COC(=0)Cc4)C 3.7 @0po
27 CC12C=CC3=C4CCC(=0)C=C4CCC3C1CCC2(CC= 2.8 98(
28 CC12CCC3C(C1CCC20C(=0)C4=CC=CC=C4)CCC5=CC(=0)8RL 5.6 980
29 CC12CCC(=0)C=C1CCC3C2C(CC4(C3CCC4(C(=0)0)0)C)O 6 1 980
30 CC12CCC3C(C1CCC2(C)O)CCC4=CC(=0)C=CC34C 3.6 1000
31 CC1CC(=0)CC2C1(C3CCC4(C(C3Ccc2)ccrc40)C)C 4.1 980
32 CC1=CC2C(CCC3(C2CCC3(C(=0)C)OC(=0)C)C)C4(C1=CmEC4)C 3.1 980
33 CC12CCC3C(C1CCC2C(=0)COC(=0)C(C)(C)C)CCC4=CCEOF34C 4.5 980
34 CCCCCC(=0)OC1(CCC2C1(CCC3C2CCC4=CC(=0)CCCI4CHIC 5.7 980
35 CC1CC2(C(CCC3C2CCC4(C3CCc40)C)CC1=0)C 4.2 980
36 CC12CCC(=0)C=C1CCC3C2CCC4(C3CCC4(C#C)O)C 3.5 0200
37 CC12CCC3C(C1CCC2(C#C)0O)CCC4=C3CCC(=0)C4 2.1 980
38 CCC(=0)OC1CCC2C1(CCC3C2CCC4C3(CC(C(=0)C4)C)C)C 3 5 980
39 CC1=CC(=0)CC2C1(C3CCC4(C(C3CC2)CCC40C(=0)C)C)C 4 4 4000
40 CC12CCC(=0)C(=C1CCC3C2CCC4(C3CCC4(C)0)C)O 32 098
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Figure 1. Hypermolecule

A hypermolecule is a representation of a datasatdheks to maximize the degree of molecular opdr&tween
structures while preserving the geometry and mddecconnectivity of each molecule in the datasét].[Zhe
hypermolecule in Figure 1 was built up by supenmgsall the 40 molecules under the study (see [28]tlie
algorithm of superposing). According to the numbegriof the hypermolecule positionbinary vectors were
constructed, with 1 when in the current moleculréhexists a corresponding atom and zero, otherwise

RESULTS AND DISCUSSION

3.1. COMPUTATIONAL DETAILS

The structures have been optimized at Hartree-F€K3-21g(p)) level of theory, in gas phase, byuskan 09
[24]. Topological indices have beed computed by DGRUJ software [25]; some of them (Centric inde>paftial
charge shells=Cen, Total adjacency = Adj, Detoles Distance = Di, 3D-distance D3D, ConnectivitfCzSD),
HOMO (in au) and log P are listed in Table 2.

The models fit abilities were assessed by leaveent@nalysis [26] using a dedicated software P31,

3.2. Mass fragments description (case 1)

3.2.1. Data reduction (for log P)

In the step of data reduction, all the descriptoitt the variance smaller than 20% and those withrcorrelation
larger than 0.80 have been discarded.

Correlation weighting was performed on all the poss in the hypermolecule: the correlating coééiits of the
statistically significant positions of the hyperrealle (i.e. the best multilinear regression) weseduto multiply the

local descriptors, e.g. the hydride mass fragmethiss resulting new weighted vector%D”. Next, the local

. . . . D, = Z -CDij . . :
correlating descriptors are summed to give a glaleakriptor, ! . This new descriptor SDs a
linear combination of the local correlating destwip for the significant positions in the hypernmike (i.e. H11,
H17, H22, H28, H32, H34, H35, H36, H37, H38, H39).

3.2.2. QSAR models (for log P)

The models were performed on the training set fitls¢ 25 structures in Table 1) and the best resatt listed
below and in Table 3. The number of descriptors lvaiged to four, to fulfill the considerations dfopliss and
Costello [29], see also ref. [30].

(i) Monovariate regression

logP =-0.787+ 0.963 D,

(ii) Bivariate regression
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logP =-0.967+ 0.938 SD, + 0.00006De
(iii) Three-variate regression
logP =-1.702+ 0.93%SD, + 0.198Adj - 0.13€

(iv) Four-variate regression

logP =-2.50% 1.118SD, - 0.062CjDe — 0.008&fDi+ 0.062fDe

Table 2. Topological indices, correlating descripts, log P and LD50 for the set of testosterone inable 1

<
=}
o
%]
o

LD50 Homo  Di De CjDi CfDi SD SD, SD; SD,
3.3 5000 -9.92 802 2969 1505 1739 4.74 18144.21 13913.02 2.40
4.4 1000 -9.84 1392 4375 2512 2809 5.79 17592.12 12672.72 3.14
34 250C -991 907 327¢ 1701 196/ 4.44 18144.2. 14664.5¢ 2.11
3.7 980 -10.47 802 2969 1505 1739 4.47 1744247 11639.19 1.98
. 1000 -9.57 2340 6139 3901 4237 6.79 17592.12 12377.47 4.56

5.1 59t -9.68 2637 685( 448( 4766 6.67 17592.1: 12136.6¢ 3.4(C

5.3 980 -9.99 1812 5203 3151 3469 5.92 17592.12 12067.06 3.93

3.9 980 -9.85 1220 3999 2233 2517 5.17 1769545 12666.99 2.64

3 2000 -9.94 941 3286 1755 1977 4.14 18209.20 13397.45 1.51
10 3.1 980 -9.73 892 3270 1667 1971 4.47 17442.43 11090.60 1.68
11 3.5 980 -9.85 1358 4282 2460 2728 4.96 17540.46 11880.55 2.44
12 4.1 6400 -941 1759 5415 3179 3617 4.19 22577.06 17378.92 2.56
13 4.7 980 -9.85 1220 3999 2233 2517 5.26 17540.46 12664.34 2.64
14 3.3 5010 -9.74 1053 3609 1960 2214 4.14 21472.44 14441.05 1.50
15 5.6 980 -8.26 2194 6305 3937 4284 6.61 1769545 11948.77 4.08
16 3.5 980 -9.94 1034 3609 1929 2211 4.14 18209.20 12672.89 1.84
17 3.3 980 -9.94 1150 3953 2134 2469 3.93 1744244 1147494 161
18 3.5 980 -10.08 802 2969 1505 1739 4.74 1814421 11558.16 1.98
19 2.7 980 -9.42 1149 3971 2130 2485 3.84 18721.20 12190.84 0.84
20 1.6 250 -9.99 1425 4677 2612 3018 2.71 18226.38 12618.41 0.08
21 1.6 5000 -9.61 1425 4677 2612 3018 271 18226.38 13930.92 0.56
22 3.5 980 -9.96 1556 5083 2849 3326 4.00 17689.01 13908.03 1.65
23 1.¢ 400C -10.0C 142t 4677 261z 301¢ 2.71 22221.21 135755. 0.92
24 2.7 10000 -10.04 2199 6381 3858 4398 3.76 24988.97 20930.96 1.21
25 3.5 980 -9.94 1034 3609 1929 2211 4.14 18209.20 12672.80 1.84
26 3.7 1000C -10.3¢ 907 327¢ 1701 196/ 4.44 26462.4. 21022.8 2.2¢
27 2.8 980 -8.96 1082 3620 1993 2229 4.46 17442.39 12305.90 1.09
28 5.6 980 -8.23 2194 6305 3937 4284 6.61 1769545 11949.46 4.08
28 1.€ 98C -9.68 1268 430z 234z 273( 2.6¢ 17353.7t 12018.7t -0.0¢
30 3.6 1000 -10.05 822 2974 1543 1746 4.44 18144.21 1201591 2.42
31 4.1 980 -10.40 895 3283 1677 1967 4.74 1925435 12696.49 3.04
32 3.1 980 -9.54 1620 5011 2926 3277 4.19 17442.40 12043.57 1.69
33 4.5 980 -10.11 2288 5984 3824 4104 5.83 15936.30 11831.31 3.04
34 5.7 980 -9.77 3027 6201 4528 4843 6.55 17592.12 10816.74 4.19
35 4.2 980 -10.31 908 3272 1703 1973 4.74 17718.53 11343.95 2.83
36 3.5 2000 -9.94 1034 3609 1929 2211 4.14 18209.20 12673.23 1.84
37 2.1 980 -9.58 941 3286 1755 1977 4.14 18209.20 13015.55 1.10
38 5.3 980 -10.13 1542 4750 2788 3121 5.79 17166.44 12593.93 3.83
39 4.4 4000 -9.96 1342 4369 2458 2801 5.26 18650.61 14305.09 2.62
40 3.2 980 -9.40 929 3296 1747 1992 4.44 18144.21 11803.26 1.48

O©CO~NOUAWNRE
(2]
w
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Table 3. Alternatives and best models in describintpg P in the training set of testosterone in Takl1

Descriptors R  Adjust. R? St. Error F

1 SDh 0.896 0.892 0.381 198.45
2 CjDi 0.216 0.181 1.046 6.32
3 Di 0.242 0.20¢ 1.02¢ 7.3%

4  SDy, De 0.¢ 0.891 0.382 98.9:¢

5 SD, D3D 0.9 0.891 0.382 98.91
6 SD, HOMO 0.896 0.887 0.389 95.17
7 SD, CjDi 0.899 0.89 0.383 98.28
8 SD, Di 0.899 0.89 0.383 98.16
9 SD,Adj,C 0.911 0.899 0.368 71.93
10 SD, De, HOMO 0.9 0.886 0.391 63.01
11 sSDb, HOMO, D3D 0.9 0.886 0.391 62.94
12 SDb, CjDe, HOMO 0.899 0.884 0.394 62.09
13 sb, Di, HOMO 0.899 0.885 0.392 62.48
14 SD, CfDi, HOMO 0.899 0.885 0.392 62.56
15 SD,, CfDi, CfDe,CjDe 0.92¢ 0.90¢ 0.34¢ 60.7(C

16 SD, C, Adj, CjDi 0.918 0.901 0.363 55.9
17 SBD, C, Adj, HOMO 0.916 0.9 0.366 54.81

3.2.3. Model Validation (for log P)
(a) Leave-one-out
The performances in leave-one-out analysis rel@téide best models listed in Table 3 are present@able 4.

Table 4. Leave-one-out analysis for best log P made

Descriptors Q& R-Q* St.Efmore  Fi
1 SDh 0.876 0.02 0.416 162.46
4 SD, De 0.86¢ 0.03¢ 0.43¢ 146.5¢
9 SD,Adj,C 0.872 0.03¢ 0.42: 157.0¢
15 SD, CfDi, CfDe, CjDe 0.873 0.069 0.422 157.55

(b) External Validation
The values log P for the test set of testostertheel@st 15 structures in Table 1), were calcul@tedsing the best
trivariate equation in Table 3, entry 9. Data aistel in Table 5 and the monovariate correlation:

logP = 0.845¢< logPy . + 2.30tn=15; B=0.722; s=0.652; F= 33.8 is plotted in Figure 2.

Table 5. Calculated values log P for the moleculés the test set (Table 1)

Mol. logP log P
26 3.7 3.7
27 2.8 5.86
28 5.€ 7.3¢
29 1.6 3.53
30 3.6 5.08
31 4.1 5.6¢
32 3.1 49
33 4.5 6.68
34 5.7 7.33
35 4.2 5.68
36 3.5 4.77
37 2.1 4.44
38 5.3 6.75
39 4.4 6.06
40 3.2 5.27
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log P = 0.84%log P, + 2.306 ®»
7 Rz =0.722 *

0 1 2 3 4 5 6
IOg Pcalc.

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 Ptfte molecules in the test set with equationsnegon clusters
of similarity: each of the 15 molecules is the leath its own cluster, selected by (2D) similarignong the 25
structures of the initial learning set. The vallags P.,. for each of the 15 molecules in the test set weraputed
by 15 new equations (the leader being left outhwie same descriptors as in eq. 9, Table 3. Dathsted in Table
6 and the monovariate correlationlagP = 0.943< logR,,. + 0.376n=15; R=0.951; s=0.273; F=254.62 is

plotted in Figure 3.

Table 6. Calculated values of log P by similarity lasters, for the molecules in the test set (Tablk)

Mol. logP log Rac
26 3.7 3.70
27 2.8 2.96
28 5.€ 5.42
29 1.6 1.60
30 3.6 3.52
31 4.1 4.34
32 3.1 3.72
33 4.5 4.97
34 5.7 5.86
35 4.2 4.42
36 35 3.28
37 2.1 2.45
38 5.3 5.14
39 4.4 4.62
40 3.2 3.75

3.2.4. Data reduction (for LD50)

In data reduction, the same procedure was usead $&dtion 3.2.1. The local correlating descripmessummed, to
give the SD global descriptor, over the following significgmsitions in the hypermolecule: H3, H5, H7, H8, H11
H12, H19, H20, H22, H24, H26, H28, H32, H33, H34l &85 and it will be used as the basis of modelib§0
(see Table 2).

3.2.5. QSAR models (for LD50)

The models were performed on the training set fitlsé 25 structures in Table 1) and the best resate listed
below and in Table 7.
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(v) Monovariate regression
LD50=-15924 0.972 D,

(vi) Bivariate regression

LD50=-1682+ 0.988 3D, + 0.149De
(vii) Three-variate regression

LD50=-19850+ 0.988SD, - 291.KIHOMO+ 0.18®e
(viii) Four-variate regressidnbD50=-1819+ 1.004¢ SD, - 3.138Di+ 2.78D D3+ 0.49Be

7

log P = 0.943xlog B+ 0.376
R2=0.951

0 1 2 3 4 5 6
IOg Pcalc.

Figure 3. The plot log P vs. log cac by similarity clusters

Table 7. Best models in describing LD50 in the traing set of testosterone in Table 1.

Descriptors R?>  Adjust. R> St. Error F
1 Sb, 0.90¢ 0.90( 691.88. 217.8¢
2 Cjbe 0.030 0.012 2205.542 0.70
3 HOMO 0.028 0.014 2207.211 0.70
4  De 0.01¢ -0.02: 2217.49! 0.4t
5 SD, De 0.910 0.901 688.044 110.79
6 SD, D3D 0.910 0.902 685.537 111.68
7 SD, Di 0.90¢ 0.89¢ 694.96( 108.3¢
8 SD, CjDe 0.907 0.898 699.782 106.74
9 SD,, HOMO 0.905 0.896 705.211 104.93
14 SD,, HOMO, De 0.913 0.901 691.310 73.43
13 SD,, HOMO, Adj. 0.913 0.900 693.118 73.01
11 SD,, CJdi, CjDe 0.912 0.899 697.003 72.12
16 SD,, HOMO, D3D 0.912 0.900 694.689 72.65
15 SD,, De, D3D 0.910 0.898 701.668 71.07
12 SD, Di, C 0.909 0.895 708.750 69.52

17 SD, De, D3D, Di 0.924  0.909 660.919 60.99
19 SD, CjDi, D3D, De 0.92: 0.90¢ 666.55!  59.8¢
18 SD, D3D, Dj, C 0.921 0.905 673.864 58.48

3.2.6. Model Validation (for LD50)
(a) Leave-one-out
The performances in leave-one-out analysis rel@tdide best models in Table 7 are presented ineTébl
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Table 8. Leave-one-out analysis for best log P made

Descriptors Q@  R*-Q? St Errori, Fioo
1 SbD, 0.897 0.01% 738.24. 188.5¢
5 SDb,, De 0.88¢ 0.02] 747.59¢ 183.3:

14 SD, De, HOMO 0.885 0.028 760.642 176.3
17 SD, De, D3D, Di  0.897 0.027 719.338 199.84

(b) External Validation
The values LD50 for the test set of testosterorambl@ 1, last 15 structures) were calculated bygusire best
equation in Table 7, entry 14. Data are listed irabl@ 9 and the monovariate correlation:

LD50=883.48+ 0.658LD 5Q. ;n=15; B=0.658; s=1618.663; F= 24.96 is plotted in Figlre

Table 9. Calculated values of LD50 for the molecugein the test set (Table 1)

Mol. D50  LD50cac
1 5000 1497.73
6 595  1660.89
8 980  1240.10
15 980  1240.63
16 980  1694.42
17 980  1009.40
18 980  1544.38
19 98C 2120.4«
20 250  1940.07
21 5000 1829.83
22 98( 1483.0¢
23 4000 5876.90
24 10000 8954.71
28 98( 1694.4.
30 1000 1536.21

10000
9000 ®
8000 LD50 = 0.655xLD5@Q,. + 883.48
7000 R2=0.658
6000 V'S

5000

LD50

4000
3000
2000 |o
1000

0 2000 4000 6000 8000 10000 12000
I-DSOcaIc.

Figure 4. The plot LD50 vs. LD5Q, . for the test set (external validation)
(c) Similarity Cluster Validation

Validation was performed by calculating LD50 foetmolecules in the test set, similar to the Seclch3. The
values LD5@,. were computed with the same descriptors as idégTable 7. Data are listed in Table 10 and the
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monovariate correlationtD50= 0.87& LD 5Q,. + 142.5; n=15; R=0.935; s=706.157; F=186.44 is plotted
in Figure 5.

Table 10 Calculated values of LD50 by similarity clustersfor the molecules in the test set

Mol.  LD50  LD50cac
1 5000 2507.05
6 595 881.54
8 980  1194.66
15 980  1082.21
16 980 954.23
17 980 985.43
18 980 922.69
19 980 922.69
20 250 612.35
21 5000 4839.34
22 980 944.58
23 4000 4498.85
24 10000 9413.14
25 98C 954.2:
30 1000 952.63

10000
9000 LD50= 0.877xLD5Q, + 142.53 ¢
8000
7000
6000
5000

LD50

4000
3000
2000
1000

0 2000 4000 6000 8000 10000 12000
I-Dsocalc.

Figure 5. The plot LD50 vs. LD5Qy. by similarity clusters

3.3. Partial charges description (case 2)

3.3.1.Data reduction (for log P)

In the step of data reduction, the same proceda® wged as in Section 3.1.1. The local correladieggriptors,
actually the partial charges (computed at HF |ef¢heory) are summed over the following significapsitions in
the hypermolecule: H1, H3, H5, H8, H9, H11, H158HH21, H21, H28, H29, H32, H33, H35, H36, H37he t
resulting SRR global descriptor will be used as the basis of eliad log P (see Table 2).

3.3.2. QSAR models (for log P)
The models were performed on the training set @apland the best results are listed below andgbier1l.
(ix) Monovariate regression

logP =1.002x D, — 10.80
(x) Bivariate regression
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logP =2.938+ 0.93 D, + 0.130HOMO
(xi) Three-variate regression
logP =2.561 0.90%¥SD,+ 0.099HOMO+ 0.0008%]Di

(xii) Four-variate regression

logP =2.37% 0.8633D,— 0.002Di+ 0.06LjDi—- 0.00De

Table 11. Best models in describing log P in theatining set of testosterone in Table 1.

Descriptors R Adjust. R? St. Error F

1 SDh 0.955 0.953 0.223 482.57
3 Di 0.370 0.343 0.829 13.53
2 CjDi 0.355 0.327 0.839 12.66
4 De 0.29¢ 0.261 0.87¢ 9.7t

5 SD; HOMO 0.95¢ 0.95¢ 0.21¢ 256.8(

6 SD; CjDi 0.958 0.954 0.219 251.77
7 SD;, Di 0.958 0.954 0.219 250.76
8 SD;, De 0.95¢ 0.95¢ 0.21¢ 249.4¢

9 SD;, D3D 0.957 0.953 0.222 242.89
10 Sb, CjDe, HOMO 0.961 0.955 0.216 171.69
11 Sb, Di, D3D 0.961 0.955 0.217 170.97
12 SB, HOMO, D3D 0.960 0.955 0.218 169.04
13 SD, Adj, C 0.959 0.953 0.222 162.38
14 SD, De, CjDi 0.958 0.952 0.223 161.11
15 SD, D3D, De 0.957 0.953 0.222 242.89
16 SDs, Di, CjDi, De 0.96: 0.95¢ 0.22( 124.8¢
17 S, HOMO, D3D, De 0.960 0.952 0.223 120.87
18 SB, C, Adj, Di 0.959 0.951 0.227 116.50

3.3.3. Model Validation (for log P)

(a) Leave-one-out

The performances in leave-one-out analysis releigtie models listed as best in Table 11 are ptedein Table
12.

Table 12. Leave-one-out analysis for best log P meld

Descriptors @  R-Q* StEmore  Fio
1 Sbh 0.949 0.006 0.235 429.64
5 SDB;, HOMO 0.95: 0.00¢ 0.227 462.2¢
10 SB, CjDe, HOMO 0.952 0.00¢ 0.227 461.8¢
16 SD, Di, CjDi, De 0.951 0.011 0.23 451.26

Table 13. Calculated values of log P for the molets in the test set (Table 1)

Mol. log P 109 Rac

1 3.3 3.83
2 4.4 4.55
3 3.4 3.58
4 3.7 3.40
5 6.3 5.94
18 35 3.44
19 2.7 2,51

20 1.6 1.78
21 1.6 2.26
22 3.t 3.2C

23 1.9 2.54
37 2.1 2.71
38 5.¢ 5.1t

39 4.4 4.06
40 3.2 3.07

(b) External Validation
The values log P for the test set of testosterdmadlé 1),were calculated by using the best equatiofiable 11,

entry 10. Data are listed in Table 13 and the mariate correlationiog P = 0.809% lodP,,. + 0.72; n=15;
R?=0.938; s=0.347; F=195.43 is plotted in Figure 6.
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log P = 0.809x%log By + 0.722
6 R?=0.938

1 2 3 4 5 6 7
lOg |:)calc.

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

(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 11. Data are listed in Table 14 and

the monovariate correlatiodlog P = 0.900< logR,,. + 0.44; n=15; R=0.97; s=0.240; F=420.87 is plotted in
Figure 7.

3.3.4. Data reduction (for LD50)

In the step of data reduction, the same procedaseused as in Section 3.2.1. The local correlatexgriptors are
summed over the following significant positionstive hypermolecule: H2, H3, H5, H6, H7, H10, H12 4HH16,
H19, H23, H29, H32, H34, H38); the resulting Sfobal descriptor will be used as the basis of eliag LD50
(see Table 2).

Table 14. Calculated values of log P by similaritglusters, for the molecules in the test set

Mol. logP  log Rac
1 3.3 3.65
2 4.4 4.42
3 34 3.62
4 3.7 3.71
5 6.3 6.13
18 3.t 3.4¢
19 2.7 2.52
20 1.6 1.59
21 1.€ 2.1z
22 35 3.31
23 1.9 241
37 21 2.56
38 53 5.45
39 4.4 4.27
40 3.2 3.23
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log P = 0.900xlog B+ 0.443
5 R2=0.97

0 1 2 3 4 5 6 7
IOg |:)calc.

Figure 7. The plot log P vs. log By by similarity clusters

3.3.5. QSAR models (for LD50)
The models were performed on the training set @apland the best results are listed below andbier15s.
(xiii) Monovariate regression

LD50=1.00kx D, — 1083

(xiv) Bivariate regression

LD50=-7307.5 1.008D,+ 371.284H0OMO

(xv) Three-variate regression

LD50=-7056.5+ 1.022 D, + 464.7¥HOMO+ 0.386D D:.

(xvi) Four-variate regression

LD50=-6384.02 1.034SD,+ 434.794HOMO- 0.88Pe+ 1.283Di

Table 15. Best models in describing LD50 in the tiaing set of testosterone in Table 1

Descriptors R Adjust. R? St. Error F

1 Sbh 0.898 0.893 752.054 201.84
2 Di 0.010 0.033 2339.239 0.24
3 De 0.00¢ 0.03¢ 2346.12. 0.1¢

4  HOMO 0.001 0.043 2350.891 0.01
5 Sbh, HOMO 0.906 0.897 737.604 105.87
6 SD, Di 0.900 0.890 761.958 98.52
7 SD, CjDi 0.899 0.889 765.237 97.58
8 SDh, D3D 0.899 0.890 762.955 98.23
9 SD, De 0.898 0.889 767.709 96.88
10 Sh, HOMO, D3D 0.911 0.898 734.533 71.56
11 SD, Cjbi, HOMO 0.910 0.897 738.119 70.80
12 SD, De, CjDi 0.905 0.891 759.934 66.40
13 SD, D3D, De 0.902 0.887 772.154 64.09
14 SD,, Di, D3C 0.90(¢ 0.88¢ 779.44¢ 62.71

15 SD, Adj, C 0.898 0.884 784.732 61.83
16 SD, HOMO, De, CjDi  0.915 0.897 737.081 53.52
17 SDh, HOMO, D3D,Di  0.911 0.893 751.261 51.33
18 SD, C, Adj, De 0.903 0.884 784.998 46.59

2292



Mircea V. Diudea et al

J. Chem. Pharm. Res., 2015, 7(3):2281-2295

3.3.6. Model Validation (for LD50)
(a) Leave-one-out

The performances in leave-one-out analysis reltigtie models listed as best in Table 15 are pteden Table

16.

Table 16. Leave-one-out analysis for best log P meld

Descriptors Q& R-Q* St.Efmore  Fi
1 SDy 0.885 0.013 797.377 177.01
5 SO, HOMO 0.886 0.02 793.365 179.03
10 SD, HOMO, D3D 0.886 0.025 792.731 179.36
16 SO, HOMO, De, CjDi  0.882 0.032 805.922 172.79

(a) External Validation The values LD50 for the test set of testosterdrable 1),were calculated by using the
best equation in Table 15, entry 10. Data are diste Table 17 and the monovariate correlation:

LD50= 0.830xLD 5Q,, + 839.3; n=15; R=0.840; s=1039.906; F=68.31 is plotted in Figure 8.

Table 17. Calculated values of LD50 for the moleces in the test set

10000 12000

Mol. LD50 LD50caic
1 5000 2967.99
2 1000 1745.51
3 2500 3699.88
4 980 530.19
5 1000 1834.74
6 59t 1619.1«
7 980 1563.68
8 980 1751.13
9 200( 2467.3(
22 980 3051.90
23 4000 2819.61
24 1000C 10376.4:
25 980 1666.63
37 980 1973.52
38 98C 1886.3!
12000
10000 |LD50 = 0.830xLD5Q,, + 839.36 ¢
R? = 0.840
8000
B 6000
[a)
—
4000 .
2000
*
0
0 2000 4000 6000 8000
LD50

calc.

Figure 8.The plot LD50 vs. LD5Qq.. (external validation)

2293



Mircea V. Diudeaet al J. Chem. Pharm. Res., 2015, 7(3):2281-2295

(b)Similarity Cluster Validation
Validation was performed by calculating LD50 foetmolecules in the test set, similar to that in $eetion 3.2.3.
The values LD5gQ. were computed with the same descriptors as il@dTable 15. Data are listed in Table 18 and

the monovariate correlation-D50= 464.2% 0.832 LD 5Q,. :n=15; R=0.943; s=622.801; F= 213.68 is
plotted in Figure 9.

Table 18. Calculated values of LD50 by similaritylusters for the molecules in the test set (TablE

Mol. D50  LD50cac
1 5000 3632.01
2 1000 1382.42
3 2500 3207.06
4 980  1225.48
5 1000 860.77
6 595 350.34
7 980  1372.07
8 980  1282.10
9 2000 2463.65

22 98C 1554.7¢
23 4000 2913.17
24 10000 9339.85
25 98C 1722.2¢
37 980  1303.88
38 980  1758.71

10000
9000
8000
7000
6000
5000

LD50

4000

3000

LD50 = 0.832xLD5Q,, + 464.29

2000 R2=0.943

1000

0 2000 4000 6000 8000 10000 12000
LD50

calc.

Figure 9. The plot LD50 vs. LD5Ccq for the test set by similarity cluster:
CONCLUSION

A set of 40 testosterone, downloaded from the PebCHatabase, was submitted to a QSAR study, im@lthe
hypermolecule concept, in a procedure similar tat tf the ,alignment” of drug molecules to the bigical
receptors.

The set was split into a learning set and a testtse last one being used for the validation ef todels, in the so-
called external set validation. Also, the validatiwas made by a new version of prediction by usimgjlarity
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clusters. This last case provided accurate predistithat originate in the ,quasi-congeneric” statéhe clustered
structures.
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