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Predictive quantitative structure–activity relationship (QSAR) models of anabolic and androgenic activi-
ties for the testosterone and dihydrotestosterone steroid analogues were obtained by means of multiple
linear regression using quantum and physicochemical molecular descriptors (MD) as well as a genetic
algorithm for the selection of the best subset of variables. Quantitative models found for describing
the anabolic (androgenic) activity are significant from a statistical point of view: R2 of 0.84 (0.72 and
0.70). A leave-one-out cross-validation procedure revealed that the regression models had a fairly good
predictability [q2 of 0.80 (0.60 and 0.59)]. In addition, other QSAR models were developed to predict ana-
bolic/androgenic (A/A) ratios and the best regression equation explains 68% of the variance for the exper-
imental values of AA ratio and has a rather adequate q2 of 0.51. External validation, by using test sets, was
also used in each experiment in order to evaluate the predictive power of the obtained models. The result
shows that these QSARs have quite good predictive abilities (R2 of 0.90, 0.72 (0.55), and 0.53) for anabolic
activity, androgenic activity, and A/A ratios, respectively. Last, a Williams plot was used in order to define
the domain of applicability of the models as a squared area within ±2 band for residuals and a leverage
threshold of h = 0.16. No apparent outliers were detected and the models can be used with high accuracy
in this applicability domain. MDs included in our QSAR models allow the structural interpretation of the
biological process, evidencing the main role of the shape of molecules, hydrophobicity, and electronic
properties. Attempts were made to include lipophilicity (octanol–water partition coefficient (log P))
and electronic (hardness (g)) values of the whole molecules in the multivariate relations. It was found
from the study that the log P of molecules has positive contribution to the anabolic and androgenic activ-
ities and high values of g produce unfavorable effects. The found MDs can also be efficiently used in sim-
ilarity studies based on cluster analysis. Our model for the anabolic/androgenic ratio (expressed by
weight of levator ani muscle, LA, and seminal vesicle, SV, in mice) predicts that the 2-aminomethyl-
ene-17a-methyl-17b-hydroxy-5a-androstan-3-one (43) compound is the most potent anabolic steroid,
and the 17a-methyl-2b,17b-dihydroxy-5a-androstane (31) compound is the least potent one of this ser-
ies. The approach described in this report is an alternative for the discovery and optimization of leading
anabolic compounds among steroids and analogues. It also gives an important role to electron exchange
terms of molecular interactions to this kind of steroid activity.
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1. Introduction

Testosterone is the primary male sex hormone. Anabolic and
androgenic steroids are synthetics derived from testosterone,
which is secreted by the testicles as well as, in a small quantity,
by the ovaries and the suprarenal cortex. The masculine (andro-
genic) effects are coupled with an anabolic effect (tissue building).
Testosterone is converted to dihydrotestosterone upon interaction
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with the 5-a reductase enzyme; more specifically, this enzyme re-
moves the C4–5 double bond of testosterone by the addition of
hydrogen atoms to its structure. The removal of this more labile
p bond is important, as in this case it creates a steroid that binds
to the androgen receptor much more avidly than testosterone.1

The general chemical structure of testosterone is based upon
the androstane C19 steroid, consisting of the fused four-ring ste-
roid nucleus (17 carbon atoms, rings A–D) and the two axial
methyl groups (carbon 18 and 19) and the A/B and C/D ring junc-
tions (see Fig. 1).2

Anabolic steroids cause retention of nitrogen, calcium, potas-
sium, chloride, phosphate, and water, as well as the growth of
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Figure 1. Testosterone and dihy
bones.3 These drugs are used in the fast recovery from protein-
wasting disorders. In HIV patients, anabolic steroids are used to
regain lean muscle mass, as well as to prevent organ failure and
secondary immune dysfunction. These compounds have proven
to be an effective oral therapy to promote weight gain after exten-
sive surgery, chronic infections, and severe trauma.4 They are indi-
cated in the treatment of anemia caused by deficient red-cell
production, chronic obstructive pulmonary disease (attributed to
emphysema as well as bronchitis) and metastatic cancer.5,6

The goal of researchers in the anabolic steroid golden age
(1935–1965) was to synthesize a compound that retained a high
degree of anabolic activity coupled with a vastly diminished andro-
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Figure 1 (continued)
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genic activity. In integrating both measures the anabolic index is
used, which relates the ratio of anabolic to androgenic response
for a given steroid. If an anabolic index is greater than one it indi-
cates a higher tendency for anabolic effect and, therefore, the drug
is classified as an anabolic steroid. A measure lower than one, in
turn, assesses the steroid as androgenic.7 At present, the commer-
cially available anabolic compounds were synthesized during the
30 years of anabolic steroid research. Some authors have said that
it is not possible even to generalize which chemical modifications
will reinforce the anabolic activity with a simultaneous decrease in
the androgenic activity.8,9

Vida in 1969 collected a database of steroids with anabolic and
androgenic activities (AASs) evaluated in vivo.10 At present, there is
no other standardized reference, where the values of the anabolic
and androgenic activities be reported for this kind of molecules.
In the database of Vida the AASs appear contained in different ste-
roids families: 17b-hydroxy-5a-androstane, 4,5a-dihydrotestoster-
one, testosterone, and 19-nor-testosterone derivatives.

Recently, we report QSAR models for congeneric series of AASs:
17b-hydroxy-5a-androstane,11 and 4,5a-dihydrotestosterone.12

The predictive approach reported for the dihydrotestosterone
derivatives was improving with regard to the article for the 17b-
hydroxy-5a-androstane derivatives. In the present report the ap-
proach is similar to the one described in dihydrotestosterone
derivatives; but the interpretation of the model QSAR obtained
for this family is different to the one obtained in the previously re-
ported families including some structural considerations in an-
other series of compounds. We report too a robust biosilico
model of linear discriminant analysis (LDA).13 This model was used
to analyze the anabolic/androgenic activity of structurally diverse
steroids and to discover novel AASs, as well as to give a structural
interpretation of their anabolic–androgenic ratio (AAR). We se-
lected a group of 366 steroids10 having as much structural variabil-
ity as possible and containing the four families of compounds
included in the Vida databases. The LDA technique allowed us to
generate general models, capable of discriminating between ste-
roids with high and moderate-low AAR.

The general idea of our work is to develop general models of
classification for steroids with high and moderate-low AAR and
subsequently quantify their anabolic and/or androgenic activities
in the models of multi-linear regression (MLR) according to
the family that belongs to each molecule selected. Finally, our
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approach could help with the future successful identification of
‘real’ or ‘virtual’ AAS steroids.

The main aim of this report was to develop QSAR models in a
testosterone and dihydrotestosterone steroid families by using
quantum and physicochemical molecular descriptors (MDs) as
well as a genetic algorithm as method for the selection of the best
set of variables.

2. Results and discussion

2.1. Construction of training and test sets using hierarchical
cluster analyses

It is well known that the quality of a regression model is highly
dependent on the quality of the selected data set. The most critical
aspect for constructing the training set is to warrant molecular
diversity enough on it. Taking this into account, we selected a data
set of 45 steroids (with both anabolic and androgenic activities)
having a great structural variability. In order to demonstrate the
structural diversity of this data set, we performed a hierarchical
CA of these chemicals.49–51 The hierarchical clustering approach
finds a hierarchy of objects represented by a number of MDs. The
dendrogram given in Figure 2, using the Euclidean distance (X-axis)
and the complete linkage (Y-axis), illustrates the results of the
k-NNCA developed in this set. As it can be seen in the dendrogram,
there are a great number of different subsets, which prove the
molecular variability of the selected chemicals in these databases.

Furthermore, this procedure permits selecting compounds for
the training and test sets, in a representative way, in all levels of
the linking distance. The main idea of this procedure consists in
making a partition of chemicals in several statistically representa-
tive classes of compounds. This procedure ensures that any chem-
ical class (as determined by the clusters) will be represented in
both compound series. This ‘rational’ design of training and pre-
dicting series allowed us to design both sets that are representative
Figure 2. A dendrogram illustrating the results of the hierarchical k-NNCA of the s
of the whole ‘experimental universe’. Moreover, the selection of
the training and prediction sets was performed by taking, in a ran-
dom way, compounds belonging to each cluster. From these 45 ste-
roids, 36 (80% of the data) were chosen at random to form the
training set. The great structural variability of the selected training
set makes possible the discovery of lead compounds. The remain-
ing subseries composed of 9 steroids (20% of the data) was pre-
pared as a test set for the external cross-validation of the models.
These chemicals were never used in the development of the QSAR
models. Figure 3 graphically illustrates the above-described proce-
dure, where cluster analysis was performed to select a representa-
tive sample for the training and test sets.

It should be remarked that, recently, several authors had devel-
oped a classification of steroids using CA,14–16 but this analysis has
been presented only for the benchmark steroids with the corre-
sponding globulin affinity.

A complete discussion of the clustering is out of the context of
the present study, but several interesting features should be noted.
Furthermore, a few relative easy instances, where the similarity is
relatively obvious, may be identified from direct inspection of the
molecular structures. The dendrogram should reflect this high
logic-visual similarity. A very obvious case lies in molecules 22
and 25. These have very similar physicochemical and quantum
chemical properties and, in fact, it is identified in the dendrogram.
A similar case exists between molecules 29 and 30, where the only
difference is the difluoro-methylen group in the same position. The
more interesting cases arise with molecules 32 and 33. They only
differ in the stereoisomerisms of the epoxy group in the same po-
sition. The dendrogram reflects this high similarity. Compounds 40
and 31 also showed high similarity. These four molecules can be
taken as outliers. Therefore, another interesting observation is that
some chemicals remain outliers of any cluster for a very long time
along the clustering procedure. The most prominent example is
four molecules, which are outliers for every cluster, except in the
ultimate stage of the process, where by construction they have to
et of 45 steroids used in the training and prediction sets of the present work.
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be taken in a conclusive cluster. This will be well illustrated in this
report in the QSAR development of the different biological
activities.

2.2. Development and validation of the QSAR models

2.2.1. QSAR models for anabolic activity (log(1/LA))
The training set of testosterone and dihydrotestosterone deriv-

atives includes a set of compounds formed by the steroids: 3, 4, 6,
8, 9, 11–21, 23, 24, 26–33, and 36–45 (n = 36, see Fig. 1 and Table 1
for more details).

The variables selected by the genetic algorithm as the best mod-
els of anabolic activity are shown in Eq. 1. In order to compare the
external predictions corresponding to Eq. 1 the steroids: 1, 2, 5, 7,
10, 22, 25, 34, and 35 were chosen as test set (n = 9, see Fig. 1 and
Table 1 for more details). The obtained QSAR model is given below
together with the statistical parameters of both learning and pre-
diction sets:

log ð1=LAÞ ¼ þ0:52ð�0:05Þ log P � 0:87ð�0:07Þnþ 4:30ð�0:38Þ
ð1Þ

n = 36, R2 = 0.84, q2 = 0.80, s = 0.25, F = 81.68, p < 0.001
Test set: n = 9, R2 = 0.90, s = 0.12, F = 72.49.
The R2 (R-square statistic or determination coefficient) indicates

that the model explains 84% of the variance for the experimental
values of log(1/LA). The model has a q2 of 0.80. This value of
q2 > 0.5 can be considered as a proof of the high predictive ability
of the model as well as the good prediction of the test set
(R2 = 0.90). Table 4 shows the correlation between the observed
and predicted anabolic activities from Eq. 1.

2.2.2. QSAR models for androgenic activity: ventral prostate
(log(1/VP)) and seminal vesicle (log(1/SV))

The VP and SV training set of testosterone and dihydrotestoster-
one derivatives consists of the following chemicals: 3, 4, 6, 8, 9,
11–21, 23, 24, 26–33, and 36–45 (n = 36, see Fig. 1 and Table 1
for more details). The variables selected by the genetic algorithm
as the best models of androgenic activity are shown in Eqs. 2 and
3. In order to compare the predictive ability of VP and SV ste-
roid-based models we used a test set composed of by nine com-
pounds ( 1, 2, 5, 7, 10, 22, 25, 34, and 35, see Fig. 1 and Table 1
for more details). The QSAR models obtained for description of
VP and SV, as well as their statistical parameters of both training
and test sets, are depicted below as Eqs. 2 and 3, respectively:

log ð1=VPÞ ¼ 0:42ð�0:07Þ log P � 0:90ð�0:10Þnþ 4:58ð�0:53Þ ð2Þ

n = 36, R2 = 0.72, q2 = 0.60, s = 0.36, F = 33.70, p < 0.001
Test set: n = 9, R2 = 0.72, s = 0.23, F = 18.76.

log ð1=VSÞ ¼ 0:49ð�0:08Þ log P � 0:90ð�0:11Þnþ 4:30ð�0:57Þ ð3Þ

n = 36, R2 = 0.70, q2 = 0.59, s = 0.37, F = 39.41, p < 0.001
Test set: n = 9, R2 = 0.55, s = 0.32, F = 8.61.
The R2 for Eqs. 2 and 3 were 0.72 and 0.70, correspondingly, so

these models explained the 72% and 70% of the variance for the
experimental values of logVP and logSV. These models, Eqs. 2
and 3, also showed high stability to data variation in the LOO
cross-validation procedure (q2 = 0.60 and q2 = 0.59, respectively)
and a good predictive square correlation coefficient of 0.72 and
0.55, correspondingly. Tables 3 and 4 show the correlation be-
tween observed and predicted values of androgenic activities for
a Eqs. 2 and 3, respectively (Tables 5 and 6).

2.2.3. QSAR models of the anabolic/androgenic ratio: (log(1/LA)/
log(1/VP)) and (log(1/LA)/log(1/SV))

In order to design compounds which retain a high degree of
anabolic activity and a vastly diminished androgenic activity, ana-
bolic/androgenic (A/A) ratios: (log(1/LA)/log(1/VP)) and (log(1/
LA)/log(1/SV)) of testosterone and dihydrotestosterone steroids
were estimated. The A/A ratios were quantified using the anabolic
and androgenic activity values shown in Table 1. The training set
includes a set of compounds formed by the steroids: 2–4, 6, 8–
11, 13–22, 24, 25, 27, 29–31, 34, 36–39, and 41–45 (n = 33, see
Fig. 1 and Table 1). The statistical outliers: 2a,3a-epoxy-17b-
hydroxy-5a-androstane (32), 2b,3b-epoxy-17b-hydroxy-5a-andro-
stane (33) and 4,5a-dihydro-D14 testosterone (40), (n = 3, see Fig. 1)
were removed from the database. Outlier detection was carried out
using the following standard statistical tests: residual, standard-
ized residual, Studentized residual, and Cooks distance. The QSAR
models obtained for the A/A ratio apparently do not describe the
stereo-electronic effect of these molecules.

The MDs selected by the genetic algorithm are shown in Eqs. 4
and 5:

log ðð1=LAÞ= log ð1=VPÞÞ ¼ 29:56ð�5:28Þq15� 0:19ð�0:09Þg
þ 4:73ð�0:60Þ ð4Þ

n = 33, R2 = 0.57, q2 = 0.25, s = 0.27, F = 20.70, p < 0.001
Test set: n = 9, R2 = 0.53, s = 0.12, F = 7.00.

log ðð1=LAÞ= log ð1=SVÞÞ ¼ 24:71ð�3:89Þq15� 0:26ð�0:06Þg
þ 4:69ð�0:44Þ ð5Þ

n = 33, R2 = 0.68, q2 = 0.51, s = 0.20, F = 33.99, p < 0.001
Test set: n = 9, R2 = 0.74, s = 0.12, F = 20.14.
The best regression QSAR model for either A/A ratio was ob-

tained by Eq. 5. The R2 indicates that the model explains 68% of
the variance for the experimental values of log((1/LA)/log(1/SV))
ratio and this model has an adequate q2 of 0.51. This value of
q2 > 0.5 can be considered as a proof of the high predictive ability
of the model, the same as the good prediction of the test set
(R2 = 0.74). On the other hand, Eq. 4 depicted an adequate fitness
(R2 = 0.57) but very low predictive power (q2 = 0.25). This value
of q2 < 0.5 can be considered as a proof of the low predictive ability
of the model, the same as the bad prediction of the test set
(R2 = 0.53).

Table 7 shows the observed and calculated logLA/logSV ratio
values as well as residuals from the best regression model (Eq.
5). The model predicts that the 2-aminomethylene-17a-methyl-
17b-hydroxy-5a-androstan-3-one (43) compound is the most



Table 1
The anabolic and androgenic activities for testosterone and dihydrotestosterone derivatives

Compounda log(1/LA) log(1/VP) log(1/SV)

1. Testosterone 1.56 1.45 1.70
2. 17a-Methyl-testosterone 2.06 2.01 1.97
3. 11b-Hydroxy-testosterone 1.60 1.54 1.52
4. 4-Chloro-11b-hydroxy-testosterone acetate 1.83 1.15 1.15
5. 4-Hydroxy-testosterone acetate 1.72 1.45 1.38
6. 11b-Hydroxy-17a-methyl-testosterone 1.60 1.52 1.54
7. 7a,17a-Dimethyl-testosterone 2.16 2.23 2.32
8. 7a-Methyl-testosterone 2.04 1.83 1.56
9. 7a-Methyl-D4-androsten-3,17-dione 2.35 1.79 1.89
10. Testosterone 17-dichloro-acetate 2.54 2.54 2.54
11. 2a-Fluoro-testosterone 1.70 1.30 1.30
12. Androst-4-ene-3,11,17-trione [adrenoterone] 1.85 1.68 1.68
13. 6b-Fluoro-testosterone 1.48 1.48 1.48
14. Testosterone 17-fluorochloro-acetate 2.49 2.37 2.56
15. Testosterone 17-acetate 1.87 1.99 1.97
16. 2,17a-Dimethyl 17b-hydroxy-androsta-1,4,6-trien-3-one 2.48 2.11 2.06
17. 6a,17a-Dimethyl-testosterone 1.76 1.81 1.81
18. Testosterone 17-trimethyl-silyl ether 2.11 2.12 2.32
19. 4-Chloro-testosterone acetate 2.10 1.74 1.68
20. 17a-Methyl-4,5a-dihydro-testosterone 1.41 1.81 1.72
21. 6b-Methyl-4,5a-dihydro-testosterone 1.86 1.90 1.90
22. 6a-Methyl-4,5a-dihydro-testosterone 1.60 1.36 1.54
23. 2a,17a-Dimethyl-4,5a-dihydro-testosterone 2.30 1.70 1.70
24. 2a,6a,17a-Trimethyl-4,5a-dihydro-testosterone propionate 2.30 1.70 1.70
25. 6a,17a-Dimethyl-17b-hydroxy-5a-androstane-3-one 1.70 1.48 1.40
26. 2a-Methoxymethyl-17b-hydroxy-5a-androstan-3-one 1.48 1.00 1.00
27. 2a-Fluoro-17b-hydroxy-5a-androstan-3-one 1.70 1.30 1.30
28. 2a-Methyl-17b-hydroxy-5a-androstan-3-one 1.79 1.38 1.41
29. 2a,3a-Difluoro-methylene-17a-methyl-5a-androstan-17b-ol 1.45 0.70 1.04
30. 2b,3b-Difluoro-methylene-5a-androstan-17b-ol acetate 1.92 1.53 1.62
31. 17a-Methyl-2b, 17b-Dihydroxy-5a-androstane 0.18 �0.30 �0.40
32. 2a,3a-Epoxy-17b-hydroxy-5a-androstane �0.10 �0.30 �0.30
33. 2b,3b-Epoxy-17b-hydroxy-5a-androstane 0.83 0.11 0.11
34. 5a-Androstane-17b-ol-3-one (10-methoxy)cyclo-pentyl ether 2.49 2.09 2.43
35. 5a-Androstane-17b-ol-3-one 17-(10-ethoxy)cyclopentylether 2.48 2.11 2.43
36. 17b-Hydroxy-1a,17a-dimethyl-5a-androstan-3-one-oxime 2.23 1.85 1.81
37. 4,5 a-Dihydro-testosterone 2.03 2.08 2.09
38. 2a-Methyl-17b-propionoxy-5a-androstan-3-one 2.30 1.70 1.70
39. 3a,17b-Dihydroxy-5a-androstane 2.04 2.27 2.13
40. 4,5a-Dihydro-D14 testosterone 1.74 1.92 1.45
41. 2a,3a-Difluoro-methylene-5a-androstan-17b-ol-acetate 2.09 1.43 1.64
42. 2a,17b-Dimethyl-17b-hydroxy-5a-androst-9 (11)-en-3-one 2.18 1.79 1.81
43. 2-Aminomethylene-17a-methyl-17b-hydroxy-5a-androstan-3-one 2.20 1.30 1.30
44. 2[20-(N,N-Dimethyl-amino)ethylamino-methylene]-17a-methyl-5a-androstan-17b-ol-3-one 2.18 1.48 1.48
45. 17b-Hydroxy-5a-androstan-3-one semicarbazone 1.88 1.81 1.72

a Structure of compound give in Figure 1.
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potent anabolic steroid, by contrast, the 17a-methyl-2b,17b-dihy-
droxy-5a- androstane (31) compound is the least potent one of this
series.

2.3. Driving forces for biological activities of testosterone and
dihydrotestosterone derivatives

Interrelations of MDs make difficult the interpretation of the
QSAR model. Therefore, it is well known that the interrelatedness
among the different MDs results in highly unstable regression
coefficients, which makes it impossible to know the relative
importance of an index and underestimates the utility of the
regression coefficient in a model.17 However, in some cases
strongly interrelated descriptors can enhance the quality of a
model, because the small fraction of a descriptor that is not
reproduced by its strongly interrelated pair can provide positive
contributions to the modeling. On the other hand, the coefficients
of the QSAR model based on orthogonal descriptors are stable to
the inclusion of novel descriptors, which permit to interpret the
regression coefficients and to evaluate the role of individual
molecular fingerprints in the QSAR model. Calculated quantum
and physicochemical molecular descriptors were subjected to
an intercorrelation study (see Table 3). Correlation between vari-
ables included in each QSAR model was rather low, indicating
the different information content of each term in these
equations.

The log P is a hydrophobic descriptor related to the pharmaco-
kinetics (mostly due to transfer features across biological mem-
branes) and to the non-covalent interaction origins (van der
Waals and hydrophobic effect) of the biological response.18

It was found that stability of molecules is related to hardness
(g).19 Harness is defined as

g ¼ 1=2�ðELUMO � EHOMOÞ ð6Þ

where, EHOMO and ELUMO are the energies of the highest occupied
and lowest unoccupied molecular orbital, respectively.

Models for anabolic and androgenic activity description (Eqs. 1–
3) explains the steroid transport and the steroid-receptor interac-
tion. It is mostly due to the biological activities expressed by the
log P hydrophobic descriptor (describing the pharmacokinetics of
the series) and electronic descriptor (g). The log P of molecules
has positive contribution to the anabolic and androgenic activities
and negative g term indicates those high values of g producing
unfavorable anabolic and androgenic effects.



Table 2
Quantum and physicochemical parameters values included in the QSAR models of 45
steroids in database

Compounda logP g q15

1 2.53 5.03 �0.09
2 3.91 5.03 �0.09
3 2.85 5.05 �0.09
4 2.88 4.60 �0.09
5 3.06 4.67 �0.09
6 2.93 5.05 �0.09
7 4.24 5.02 �0.09
8 4.17 5.02 �0.09
9 4.69 5.02 �0.09
10 5.04 4.96 �0.09
11 3.86 5.02 �0.09
12 3.75 5.05 �0.09
13 3.53 5.11 �0.09
14 4.70 4.97 �0.09
15 4.20 4.94 �0.10
16 4.01 4.39 �0.09
17 4.24 5.03 �0.09
18 3.95 4.88 �0.09
19 3.87 4.58 �0.09
20 4.01 5.65 �0.08
21 4.26 5.64 �0.08
22 4.26 5.64 �0.08
23 5.66 5.62 �0.08
24 5.99 5.62 �0.09
25 4.34 5.64 �0.08
26 3.77 5.64 �0.08
27 3.96 5.60 �0.08
28 4.50 5.62 �0.08
29 4.72 6.01 �0.08
30 4.77 5.99 �0.08
31 3.80 6.77 �0.13
32 3.50 6.58 �0.08
33 4.50 6.59 �0.08
34 5.68 5.65 �0.09
35 6.02 5.65 �0.08
36 5.00 5.41 �0.08
37 3.93 5.65 �0.08
38 5.59 5.63 �0.09
39 5.49 2.27 �0.09
40 3.50 5.20 �0.15
41 4.77 5.90 �0.09
42 4.14 5.22 �0.08
43 2.80 4.51 �0.08
44 3.19 4.50 �0.09
45 3.45 4.79 �0.09

a Number of compound give in Table 1.

Table 3
Correlation between quantum and physicochemical molecular descriptors included in
the QSAR models

logP g q15

logP 1 0.15 0.37
g 1 0.02
q15 1

Table 4
Experimental and calculated values for the anabolic potency of the compounds given
in Table 1 and Figure 1

Steroida log(1/LA)b Obsd. log(1/LA)c Calcd. Residuald

1* 1.56 1.24 0.32
2* 2.06 1.96 0.10
3 1.60 1.39 0.22
4 1.83 1.79 0.04
5* 1.72 1.82 �0.11
6 1.60 1.43 0.17
7* 2.16 2.14 0.02
8 2.04 2.10 �0.06
9 2.35 2.37 �0.02
10* 2.54 2.60 �0.06
11 1.70 1.94 �0.24
12 1.85 1.86 �0.01
13 1.48 1.69 �0.21
14 2.49 2.42 0.07
15 1.87 2.19 �0.32
16 2.48 2.56 �0.09
17 1.76 2.13 �0.37
18 2.11 2.11 0.00
19 2.10 2.32 �0.22
20 1.41 1.47 �0.06
21 1.86 1.61 0.25
22* 1.60 1.61 �0.01
23 2.30 2.35 �0.05
24 2.30 2.53 �0.23
25* 1.70 1.65 0.04
26 1.48 1.36 0.12
27 1.70 1.49 0.21
28 1.79 1.75 0.04
29 1.45 1.53 �0.08
30 1.92 1.57 0.35
31 0.18 0.39 �0.21
32 �0.10 0.40 �0.49
33 0.83 0.91 �0.08
34* 2.49 2.34 0.15
35* 2.48 2.52 �0.04
36 2.23 2.19 0.04
37 2.03 1.43 0.61
38 2.30 2.31 �0.01
39 0.90 1.23 �0.33
40 1.74 1.60 0.15
41 2.09 1.65 0.43
42 2.18 1.91 0.27
43 2.20 1.84 0.37
44 2.18 2.05 0.13
45 1.88 1.93 �0.05

a Number of compounds given in Table 1 and Figure 1. Chemicals marked with
asterisk in test set.

b Experimental values of the effective dose in levator ani muscle test.
c Values calculated by Eq. 1.
d Observed minus calculated values.
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Finally, Eq. (5) shows that the anabolic/androgenic ratio in-
creases with the increase in the positive charge of atom 15 (ring
C). Again, the negative g suggests that the selectivity lowed with
the increase in the values of this descriptor. The importance of
high values in the positive charge on atom C-15 in the steroid mol-
ecule, as evidenced from this study, corroborates that the 2-ami-
nomethylene-17a-methyl-17b-hydroxy-5a-androstan-3-one (43)
compound is the most potent anabolic steroid, and the 17a-
methyl-2b, 17b-dihydroxy-5a-androstane (31) compound is the
least potent one of this series.

In general, Eqs.1–3 and 5 signify the importance of log P showed
positive contribution in all QSAR models, which implies that the
binding affinity increases with the increase in hydrophobic fea-
tures of compounds until reaching a critical value after which the
affinity decreases. On the other hand, the negative g in the models
suggests that the anabolic and androgenic activities are lowed with
the increase in the values of this descriptor. The importance of the
positive charge of atom 15 (ring C) implies a possible involvement
of steroid electronic properties with the binding site in biological
membranes.

2.3.1. Interpretation with a bit wider scope: brief note on the
domain of applicability of the model

A crucial problem in chemometric and QSAR studies is the def-
inition of the applicability domain (AD) of a classification or regres-
sion model. ‘Not even a robust, significant, and validated QSAR
model can be expected to reliably predict the modeled property
for the entire universe of chemicals. In fact, only the predictions
for chemicals falling within this domain can be considered reliable
and not model extrapolations’.20 The AD is a theoretical region in



Table 5
Experimental and calculated values for the androgenic potency of the compounds
given in Table 1 and Figure 1

Steroida log(1/VP)b Obsd. log(1/VP)c Calcd. Residuald

1* 1.45 1.12 0.33
2* 2.01 1.70 0.32
3 1.54 1.23 0.31
4 1.15 1.65 �0.50
5* 1.45 1.66 �0.21
6 1.52 1.26 0.25
7* 2.23 1.85 0.39
8 1.83 1.82 0.02
9 1.79 2.03 �0.24
10* 2.54 2.23 0.31
11 1.30 1.68 �0.38
12 1.68 1.61 0.07
13 1.48 1.46 0.02
14 2.37 2.08 0.28
15 1.99 1.90 0.09
16 2.11 2.31 �0.20
17 1.81 1.84 �0.02
18 2.12 1.85 0.28
19 1.74 2.08 �0.34
20 1.81 1.18 0.62
21 1.90 1.30 0.61
22* 1.36 1.30 0.06
23 1.70 1.90 �0.20
24 1.70 2.04 �0.34
25* 1.48 1.33 0.15
26 1.00 1.09 �0.09
27 1.30 1.21 0.09
28 1.38 1.41 �0.03
29 0.70 1.15 �0.45
30 1.53 1.20 0.33
31 �0.30 0.08 �0.38
32 �0.30 0.13 �0.43
33 0.11 0.54 �0.43
34* 2.09 1.89 0.20
35* 2.11 2.03 0.09
36 1.85 1.81 0.04
37 2.08 1.15 0.93
38 1.70 1.87 �0.17
39 1.11 0.94 0.18
40 1.92 1.37 0.55
41 1.43 1.28 0.15
42 1.79 1.62 0.17
42 1.30 1.70 �0.40
44 1.48 1.87 �0.40
45 1.81 1.72 0.08

a Number of compounds given in Table 1 and Figure 1. Chemicals marked with
asterisk in test set.

b Experimental values of the effective dose in ventral prostate test.
c Values calculated by Eq. 2.
d Observed minus calculated values.

Table 6
Experimental and calculated values for the androgenic potency of the compounds
given in Table 1 and Figure 1

Steroida log(1/SV)b Obsd. log(1/SV)c Calcd. Residuald

1* 1.70 1.01 0.69
2* 1.97 1.69 0.28
3 1.52 1.15 0.37
4 1.15 1.57 �0.42
5* 1.38 1.59 �0.21
6 1.54 1.19 0.35
7* 2.32 1.86 0.46
8 1.56 1.83 �0.27
9 1.89 2.08 �0.19
10* 2.54 2.30 0.24
11 1.30 1.67 �0.37
12 1.68 1.59 0.09
13 1.48 1.43 0.05
14 2.56 2.13 0.42
15 1.97 1.91 0.06
16 2.06 2.31 �0.25
17 1.81 1.85 �0.04
18 2.32 1.85 0.47
19 1.68 2.07 �0.39
20 1.72 1.18 0.53
21 1.90 1.32 0.59
22* 1.54 1.32 0.23
23 1.70 2.02 �0.32
24 1.70 2.18 �0.48
25* 1.40 1.36 0.04
26 1.00 1.08 �0.08
27 1.30 1.20 0.10
28 1.41 1.45 �0.03
29 1.04 1.20 �0.16
30 1.62 1.25 0.37
31 �0.40 0.07 �0.47
32 �0.30 0.09 �0.39
33 0.11 0.58 �0.46
34* 2.43 2.00 0.43
35* 2.43 2.17 0.26
36 1.81 1.88 �0.07
37 2.09 1.14 0.95
38 1.70 1.98 �0.28
39 1.11 0.94 0.18
40 1.45 1.33 0.12
41 1.64 1.33 0.31
42 1.81 1.63 0.18
42 1.30 1.62 �0.32
44 1.48 1.82 �0.34
45 1.72 1.68 0.04

a Number of compounds given in Table 1 and Figure 1. Chemicals marked with
asterisk in test set.

b Experimental values of the effective dose in seminal vesicle test.
c Values calculated by Eq. 3.
d Observed minus calculated values.
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chemical space, defined by the model descriptors and modeled
response, and thus by the nature of the chemicals in the training
set, as represented in each model by specific molecular descriptors.
That is to say, AD of the QSAR model is ‘the range within which it
tolerates a new molecule’.21

It is generally acknowledged that QSARs are valid only within
the same domain for which they were developed. In fact, even if
the models are developed on the same chemicals, the AD for new
chemicals can differ from model to model, depending on the spe-
cific descriptors. However, model validation is sometimes ne-
glected, and the application domain is not always well defined.22

The purpose of this section is to outline how validation and do-
main definition determines in which situation it is correct to use
the model. The aim of the present work was to develop a model
for predicting A/A ratios of steroids at early stages of drug discov-
ery and development. In consonance, we selected only testosterone
and dihydrotestosterone analogues. Consequently, one may not
pretend to extrapolate the use of these models to other kinds of
class-steroids making uncertain predictions in conditions very dif-
ferent to those fixed to derive the model.23 It is important to note
that in multiple predictor models, simple single-variable range
checks are not sufficient to verify AD. At present, there are several
approaches to evaluate the DA of QSAR models. For RLM, a multiple
predictor problem with normally distributed data, the distance-
based measures, like leverage is one of most used. Through the
leverage approach24 it is possible to verify whether a new chemical
will lie within the structural model domain. The leverage h25 of a
compound measures its influence on the model. That is, leverage
used as a quantitative measure of the model AD is suitable for eval-
uating the degree of extrapolation, which represents a sort of com-
pound ‘distance’ from the model experimental space. Leverage
values can be calculated for both training compounds and new
compounds. In the first case, they are useful for finding training
compounds that influence model parameters to a marked extent,
resulting in an unstable model. In the second case, they are useful
for checking the applicability domain of the model.20,21 The warn-



Table 7
log(1/LA)/log(1/SV) ratio: observed (Obs.), predicted (Pred.) values and residual from
Eq. 5

Compounda log(1/LA)/log(1/SV) Exp.b log(1/LA)/log(1/SV) Calcd.c Residuald

1* 0.92 1.09 �0.17
2 1.04 1.08 �0.03
3 1.06 1.21 �0.15
4 1.60 1.29 0.30
5* 1.24 1.27 �0.03
6 1.04 1.19 �0.15
7* 0.93 1.19 �0.26
8 1.31 1.20 0.11
9 1.24 1.12 0.13
10 1.00 1.21 �0.21
11 1.31 1.21 0.09
12* 1.10 1.16 �0.06
13 1.00 1.16 �0.16
14 0.98 1.11 �0.13
15 0.95 0.98 �0.03
16 1.20 1.38 �0.18
17 0.97 1.19 �0.22
18 0.91 1.16 �0.25
19 1.25 1.29 �0.05
20 0.82 1.23 �0.40
21 0.98 1.23 �0.25
22 1.04 1.23 �0.19
23* 1.35 1.23 0.12
24 1.35 1.07 0.29
25 1.22 1.23 �0.01
26* 1.48 1.23 0.25
27 1.31 1.24 0.07
28* 1.27 1.23 0.03
29 1.39 1.12 0.27
30 1.19 1.13 0.05
31 �0.44 �0.28 �0.16
32e 0.32 0.96 �0.64
33e 7.25 0.96 6.29
34 1.02 0.99 0.04
35* 1.02 1.23 �0.21
36 1.23 1.29 �0.06
37 0.97 1.23 �0.25
38 1.35 1.04 0.31
39 0.81 0.91 �0.10
40e 1.20 �0.32 1.52
41 1.27 0.92 0.35
42 1.21 1.35 �0.14
43 1.69 1.55 0.15
44 1.47 1.31 0.16
45 1.09 1.27 �0.18

a Number of compounds given in Table 1 and Figure 1. Chemicals marked with
asterisk in test set.

b Experimental values of the effective log(1/LA)/log(1/SV) ratio.
c Values calculated by Eq. 5.
d Observed minus calculated values.
e Statistical outliers.
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ing leverage, h*, is a critical value or cut-off to consider the prediction
made for the model for specific compounds in data set. The lever-
age h* can be defined as 3x p0/n, where n is the number of training
chemicals and p0 is the number of model parameters plus one.20,21

Prediction should be considered unreliable for compounds of high
leverage value (h > h*). A leverage greater than the warning lever-
age h* means that the compound-predicted response can be
extrapolated from the model, and therefore, the predicted value
must be used with great care. Only predicted data for chemicals
belonging to the chemical domain of the training set should be pro-
posed. However, this fact can be see for two points of view taking
into consideration the set of compounds evaluated. For example,
when the leverage value of a compound is lower than the critical
value, the probability of accordance between predicted and actual
values is as high as that for the training set chemicals (good lever-
age). Conversely, a high leverage chemical in the test set is struc-
turally distant from the training chemicals (bad leverage), thus it
can be considered outside the AD of the model.
To visualize the AD of a QSAR model, a double ordinate Carte-
sian plot of cross-validated residuals (first ordinate), standard
residuals (second ordinate), and leverage (Hat diagonal: abscissa)
values (h) defined the domain of applicability of the model as a
squared area within ±2 band for residuals and a leverage threshold
of h = 0.16 for androgenic activity (Eq. 2). This plot, the so-called
Williams scheme can be used for an immediate and simple graph-
ical detection of both the response outliers (i.e., compounds with
CV standardized residuals greater than two standard deviation
units, >2r) and structurally influential chemicals in a model
(h > h*). For instance, Figure 4 shows the Williams plot of Eq. (2)
(for describing androgenic activity of steroids included in this
study) as an example. As can be noted in Figure. 4, almost all ste-
roids used lie within this area. Actually, some chemicals like 40 and
41 have leverage higher than the threshold but show jack-knifed
residuals and standard residuals within the limits. That is to say,
newer steroids were wrongly predicted (>2r); it is any chemical
completely outside the AD of the model, as defined by the Hat ver-
tical line (high h leverage value). Thus, there do not exist any com-
pounds that are both a response outlier and a high leverage
chemical. Two other chemicals, 42 and 44, (squares at 0.16 h)
slightly exceed the critical hat value (vertical line) but are very
close to other chemicals of the training set, slightly influential in
the model development: the predictions for new compounds in
this tense situation (for instance, included in a external test set)
can be considered as reliable as those of the training chemicals
and the possible erroneous prediction could probably be attributed
to wrong experimental data rather than to molecular structure. In
closing, no apparent outliers were detected and the model can be
used with high accuracy in this applicability domain.23,24
3. Conclusions

In the present report, predictive QSAR models for biological
activity of the testosterone and dihydrotestosterone steroid family
were obtained by a multiple linear regression analysis. The em-
ployed MDs were quantum-calculated, as well as physicochemical
properties, in relation to anabolic and androgenic activities. Genet-
ic algorithms were used as a variable selection method. The devel-
oped QSAR models allow the identification, selection and future
design of new steroid molecules with increased anabolic activities.
MDs included in the reported models allow the structural interpre-
tation of the biological process, evidencing the main role of the
shape of molecules, its hydrophobicity and its electronic properties
too.

The selected QSAR equation for anabolic and androgenic activ-
ities explains the steroid transport and the steroid-receptor inter-
action. It is mostly due to the biological activities expressed by
the log P hydrophobic descriptor (describing the pharmacokinetics
of the series) and electronic descriptor (g). The log P of molecules
has positive contribution to the anabolic and androgenic activities
and negative g term indicates those high values of g producing
unfavorable anabolic and androgenic effects.

The model of anabolic/androgenic ratio (expressed by weight of
levator ani muscle, LA, and seminal vesicle, SV, in mice) predicts
that the 2-aminomethylene-17a-methyl-17b-hydroxy-5a-andro-
stan-3-one (43) compound is the most potent anabolic steroid,
and the 17a-methyl-2b,17b-dihydroxy-5a-androstane (31) com-
pound is the least potent one of this series.

The CA was also applied to this set of steroid molecules, and was
found to give much extra information on the clustering of the com-
pounds. This information is not readily visible from the original
MDs, enhancing the information contained in the dendrogram.
The models described in this study are an alternative for the dis-
covery and optimization of leading anabolic compounds.



Figure 4. William plot of Eq. 2: outlier will be chemicals are points with jack-knifed (CV standardized) residuals greater than two standard deviation units; influential
chemicals are points with high leverage values higher than the threshold or cut-off value h* = 0.16.
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4. Methods

4.1. Data set for QSAR studies

In the present work, the inverse logarithm of the biological
activity was used in order to establish classical QSAR correlation
equations. A data set of 45 steroids with anabolic and androgenic
activities determined in vivo was taken from the literature.10 At
present, there is no other standardized reference where the values
of the anabolic and androgenic activities are reported for these
kinds of molecules. In the determination of the anabolic and andro-
genic activities, researchers isolated three organs from each rat:
the seminal vesicle (SV), the ventral prostate (VP), and the levator
ani muscle (LA).

These organs were all weighted and a comparison between the
active groups and the placebo groups was made. The differences in
weight of the seminal vesicles and the ventral prostates represent
the androgenic activity, while the difference in weight of the leva-
tor ani muscle in the control and active group represents the ana-
bolic activity. The experimental values of these biological activities
and molecular structures for all steroids are shown in Table 1 and
Figure 1, respectively.

The data set was divided randomly into three training sets
(n = 36, 80% of the data): (1) steroids with anabolic activity, ex-
pressed by log(1/LA), (2) steroids with androgenic activity, ex-
pressed by log(1/VP) and by log(1/SV), and (3) anabolic/
androgenic (A/A) ratios, expressed by [log(1/LA)/log(1/VP)] and
[log(1/LA)/log(1/SV)]. The predictive ability of each model was
then evaluated by test sets including the remaining steroids
(n = 9, 20% of data): (1) test set for anabolic activity, (2) test set
for androgenic activity, and (3) test set for A/A ratios. The A/A
experimental ratios were quantified using the anabolic and both
androgenic activity values shown in Table 1. A group of statistical
outliers was removed from the data set as it will be discussed
below.
4.2. Molecular descriptors for QSAR analysis

A large number of MDs are usually used in QSAR methods.26,27

The specific biological action of drugs is frequently described by
hydrophobic, electronic, and steric properties. The hydrophobic
properties express the ability of a molecule to be transported
through the organism in order to interact with biological mem-
branes and to be bound to the receptor by van der Waals
forces.28–30 We considered as hydrophobic descriptor the loga-
rithm of the octanol–water partition coefficient (log P).31,32 Elec-
tronic and steric properties characterize the pharmacodynamic
properties in the ligand–receptor interaction. They define the abil-
ity of the drug to join the receptor.29 Calculated electronic descrip-
tors by quantum mechanical procedures were: (1) hydration
energy (EH2O),33 (2) polarizability (P),34 (3) dipole moment (l), (4)
electronic energy (E), (5) total energy (ET), (6) HOMO (highest
occupied molecular orbital) eigenvalue, (7) LUMO (lowest unoccu-
pied molecular orbital) eigenvalue, (8) net atomic charges of C
atoms 1–17 in the steroid backbone (q1 to q19),35 electrophilicity
index (x), chemical hardness (g), and softness (S).36 Electronic
descriptors were calculated with MOPAC 6 software37 using the
parametric method 3 (PM3) semi-empirical Hamiltonian37 after
the full geometrical optimization of each molecule. Steric proper-
ties were: (1) approximate surface area (ASA), (2) grid surface area
(GSA) (calculated by two methods: a fast approximate method and
a slower grid-based method), (3) molar volume (VM) (calculated
by bounded van der Waals or solvent-accessible surfaces, using a
grid method),37,38 and (4) molar refractivity (MR).39

The MDs calculated in the present work and that were included
in QSAR models are given in Table 2. Correlations among physico-
chemical parameters are listed in Table 3.

4.3. Chemometric analysis

All hydrophobic, electronic, and steric properties were used as
MDs for derived QSARs. One of the difficulties with the large num-
ber of MDs is deciding which ones will provide the best regres-
sions. Furthermore, as testing a large number of all possible
combinations of variables would be a tedious task and time-con-
suming procedure, we have used an input selection by genetic
algorithm (GA).40,41 GA is a class of algorithms inspired by the pro-
cess of natural evolution in which species having a high fitness un-
der some conditions can prevail and survive the next generation;
the best species can be adapted by cross-over and/or mutation in
the search for better individuals. Therefore, a GA is a metaheuristic
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method for the optimization of functions.42 A population of poten-
tial solutions is refined iteratively by employing a strategy inspired
by the Darwinist method (natural selection). The selection method
from a population of potential solutions, with preference to the ‘fit-
test’ individuals, has given this type of algorithm the name ‘genet-
ic’, or some times ‘evolutionary’. The individuals in a population
are often called ‘chromosomes’, which one built out of ‘genes’ that
represent the properties of the individual, and the function to opti-
mize is referred to as a ‘fitness’ function. Each iteration is called a
‘generation’. In the case of feature selection, for instance, a chromo-
some is made by a very high number of genes (as many as the vari-
ables) each of them being just 1 bit long (0, variable absent; 1,
variable present).43

The BuildQSAR44 software was employed to perform variable
selection and QSAR modeling. The mutation probability was spec-
ified as 35%. The length of the equations was set for three or four
terms (according to the models sought-after) and a constant. The
population size was established as 100. The GA with an initial pop-
ulation size of 100 rapidly converged (200 generations) and
reached an optimal QSAR model in a reasonable number of GA gen-
erations. The search for the best model can be processed in terms
of the highest correlation coefficient (R) or F-test (Fisher-ratio’s
p-level p(F)) equations, and the lowest standard deviation (s) equa-
tions.45 The quality of models was also determined by examining
the leave-one-out (LOO) cross-validation (CV) (q2). Many authors
consider high q2 values (for instance, q2 > 0.5) as an indicator or
even as the ultimate proof of the high predictive power of a partic-
ular QSAR model.46,47 Nevertheless, in a recent paper Golbraikh
and Tropsha demonstrated that high values of q2 appear to be a
necessary but not sufficient condition for the model to have a high
predictive power.48 Therefore, in addition to this statistical value,
we also used an external prediction test set. This type of model val-
idation is very important, if we take into consideration that the
predictive ability of a QSAR model can be estimated using only
an external test set of compounds (in the model range), which
was not used for building the model itself.49

4.4. Clustering

Cluster analysis (CA) encompasses a number of different classi-
fication algorithms and it permits to organize the observed data
into meaningful structures. Conceptually, the approach used by
CA in order to address this problem can be described well by the
saying ‘birds of a feather flock together’.50 Many CA algorithms
have been invented and they belong to two categories: hierarchical
clustering and partitional (non-hierarchical) clustering. Hierarchi-
cal clustering rearranges objects in a binary tree-structure (joining
clustering) and these methods are implemented in an either
agglomerative (bottom-up) or divisive (top-down) procedure. On
the other hand, the partitional clustering assumes that the objects
have non-hierarchical characters.51,52

Most popular partitional cluster algorithms are k-mean cluster
algorithms (k-MCA) and Jarvis–Patrick (also known as k-nearest
neighbor cluster algorithm; k-NNCA) algorithms. k-Mean cluster-
ing algorithms use an interchange (or switching) method to divide
n data points into k groups (clusters) so that the sum of distances/
dissimilarities among the objects within the same cluster is mini-
mized. The k-mean approach requires that k (the number of clus-
ters) is known before clustering. The Jarvis–Patrick method
requires the user specifies the number of nearest neighbors, and
the number of neighbors in common to merge two objects. Jar-
vis–Patrick method is a deterministic algorithm; it does not require
iterations for computations.51,50

In order to design training and test series and to demonstrate
the structural diversity of the present database, we carried out
one of these kinds of cluster analyses (k-NNCA) for steroid series.
The STATISTICA VER. 5.5, software package53 was used to develop
these CA.

In this study, we used the ‘average linkage’ metric as the meth-
od to merge objects into clusters. The average linkage distance be-
tween two clusters is defined as the average (squared Euclidean)
distance between pairs of objects, one in each cluster. Average link-
age tends to join clusters with small variances and produces clus-
ters with roughly the same variance.
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