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Abstract — The predictive capabilities of protein-based alignment (PBA) and structure-based alignment (SBA) comparative molecular field

analysis (CoMFA) models have been compared. 3D quantitative structure—activity relationship (3D QSAR) models have been derived for &
series of N-benzylpiperidine derivatives which are potent acetylcholinesterase (AChE) inhibitors interesting for Alzheimer's disease. To
establish a comparison with the classical SBA procedure, different assay models were derived by superposing ligand conformers that ar
docked to the AChE active site and by using the most active compound as the reference one. A Kohonen self organizing map (SOM) wa:
applied to analyse the molecular diversity of the test set relative to that of the training set, in order to explain the influence of molecular
diversity on the predictive power of the considered models. SBA 3D QSAR models have to be used to predict the inhibitory activity only for

compounds belonging to subgroups included in the training set. The PBA 3D QSAR models appeared to have a higher predictability, ever
for compounds with a molecular diversity greater than that of the training set. This results from the fact that the protein helps to automatically

select the active conformation which is fitting the 3D QSAR model. © 2000 Editions scientifiques et médicales Elsevier SAS

CoMFA / 3D QSAR / Alzheimer’s disease / protein-based alignment / structure-based alignment / acetylcholinesterase

1. Introduction

Comparative molecular field analysis (CoMFA) is a 3D
quantitative structure—activity relationship (3D QSAR)
approach superior to most other QSAR methods as
regards to their predictive capabilities [1] and was pro-
posed in the middle of the 1970s by U. Burkert and N.
Allinger [2]. Wide use of the method started with the
contributions of R.D. Cramer Ill and G.R. Marshall et al.
(see, for instance, [3, 4]) 12 years later. The idea under-
lying CoMFA is that differences in the molecular proper-
ties of compounds can often be explained by differences
in the non-covalent fields surrounding the molecules.
CoMFA is based on the Lennard-Jones steric and the
Coulombic electrostatic field values, computed at the
intersections of a lattice within a 3D region surrounding
the molecules. Thus, each CoMFA descriptor is repre-
sented by steric or electrostatic field values at a certain
grid point. These descriptors serve as independent vari-
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ables in QSAR analysis. A regression-like technique, the
partial least squares (PLS) method, is recommended [5]
for deriving a 3D QSAR/CoMFA model to predict the
biological activity. PLS was developed by H. Wold in the
middle of the 1970s [6, 7], to handle two problems: (i)
when the number of variables exceeds the number of
samples many times and (i) when usual regression
methods, such as multiple linear regression (MLR), are
not suitable according to the linear independence of the
variables [5]. Since then, it has become a more and more
popular statistical method successfully used in chemomet-
rics [8, 9]. To test the robustness of the model, a cross-
validation procedure is now required [5, 10]. Cross-
validation consists of dividing a training set into a given
number ) of groups of compounds, approximately equal
in size, and performing a PLS (or some other QSAR
proceduren times, but leaving out one of these groups
each time to perform the calculations. Statistical param-
eters derived from this procedure are used to assess the
quality of the model [11]. A more rigorous validation of
the model consists of applying it to property prediction on
compounds not represented in the training set [5, 10].
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The first step of a CoMFA procedure is to obtain the
compound active conformations responsible for the bio-
activity and to align these conformations in space, in
accordance with a postulated pharmacophore model,
docking results or crystallographic data, etc. The decision
remains as to which alignment is to be considered to
perform the CoMFA procedure.

A structure-based alignment (SBA) deals with a set of
ligands which are superimposed onto a so called refer-
ence molecule. It is usually the most rigid one, possessing
a high affinity to the receptor, according to a proposed
pharmacophore model. SBA of a series of ligands is a
common approach for obtaining a mutual spatial arrange-
ment of the pharmacophore elements when the 3D
structure of the receptor is not known, or not used directly
for the alignment. In some cases, especially if all com-
pounds are flexible, this approach can lead to doubtful
results owing to the fact that the chosen conformations
remain far from the biologically active ones.

On the other hand, a protein-based alignment (PBA)
involves a set of ligands docked to the active site of the
protein, which optimizes the choice of the biologically
active conformations, before superimposing them to each
other according to their relative positions in the active
site. Protein alignment is based on the known 3D struc-
ture of the receptor active site. If the 3D structure of a
ligand bound to the protein is known, conclusions about
the positions of ligand functional groups can be drawn
and used for enlightening docking possibilities of other
compounds of interest.

Nowadays, as the number of available protein 3D
structures is increasing rapidly, the number of papers
involved in docking procedures is growing similarly. For
example, in the ‘PubMedline’ database, the keyword
‘Docking’ leads to 15 papers up to 1988, 150 up to 1994,
and 313 up to 1997. The publication number has in-
creased more than 20-fold over the past 10 years. A
similar trend can be observed for publications with the
keywords ‘CoMFA’ and ‘3D QSAR’, even if their
number remains lower than that with the keyword ‘Dock-
ing’. PBA CoMFA is a new approach to 3D QSAR
analysis, the total number of papers published up to now
and registered in ‘MedLine’ with the keyword ‘CoMFA’
equals 149, and only 6 have both keywords ‘CoMFA’ and
‘Docking’ and they appeared only in the past four years.
Furthermore, even if both keywords appear simulta-
neously in the same paper it does not imply that a PBA
CoMFA procedure was applied.

Mouse AChE appeared to be an ideal candidate for
applying automated docking to a series of N-benzyl-
piperidines, reversible AChE inhibitors, and obtaining

their protein-based alignment. At the same time, AChE
inhibitors play a crucial role in the contemporary ap-
proaches to the treatment of Alzheimer’s disease, namely
senile dementia caused by a decrease in acetylcholine
production according to the cholinergic hypothesis (see,
for instance, [12, 13]). So the development of new
models based on docking for the prediction of the AChE
inhibitory activities could lead to a better understanding
of the molecular mechanisms underlying their inhibitory
activities, and as a result, to the development of new
biologically active compounds as potential drugs.

This approach was proposed as an ‘ideal solution that
would create an incontestable natural alignment’ [14].
Similar approaches, based on an anchor or base fragment,
were recently developed for the softwares FlexX and
AutoDock for automated docking [15, 16]. The leading
fragment approach is also used in the Hammerhead
software [17]. In contrast to these algorithms, in [14] only
one atom, namely the quaternary nitrogen of the piperi-
dine moiety, was used as an anchor. The position of this
atom was suggested from crystallographic data [18]. A
3D QSAR model was derived, within the AChE active
site, with help of the protein-based alignment of a training
set involving 82 N-benzylpiperidines possessing a ben-
zoyl or a phthalimide group, or with other substituents for
these groups as well as the benzyl otables Hll). This
model was validated with another sub-series of 29
N-benzylpiperidines. But in fact, most of them were
N-benzylpiperidine-benzisoxazole derivatives not repre-
sented in the training settaple IV). Nevertheless the
relative inhibitory activities were correctly predicted for
each of the 29 compounds and prove the consistency of
the model and the particular interest of the 3D QSAR/
PBA CoMFA approach.

The aim of this paper was to validate this PBA CoMFA
procedure. Then the topic was to estimate more deeply
the difference between the CoMFA models based on
protein-based alignments and those derived from
structure-based alignment, i.e. the PBA CoMFA and the
SBA CoMFA procedures. That is to sag it possible to
construct an SBA model that would have a predictive
power comparable to the model derived from the protein-
based alignment? [14]. Or in other words, is it possible to
demonstrate that PBA CoMFA models, when accessible,
have a better predictive power than the corresponding
SBA CoMFA model? We started directly from the con-
formations obtained by the above mentioned automated
docking procedure. The problem concerning how to
obtain these conformations in some other way was not
considered here. We already had the right ‘biologically
active conformations’ and the only task was to try to
superimpose them in a correct manner to obtain a good
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Table I. In vitro inhibition of AChE by N-benzylpiperidine derivatives.

R,

Compound R R, ICs0 (NM) log (1/1Cs0) (uM)
1 PhCO H 560.0 0.25
2 0-CH; PhCO H 1 000.0 0.00
3 m-CH; PhCO H 470.0 0.33
4 p-CH; PhCO H 180.0 0.74
5 0-NO, PhCO H 880.0 0.06
6 m-NO, PhCO H 230.0 0.64
7 p-NO, PhCO H 55.0 1.26
8 p-OCH,; PhCO H 88.0 1.06
9 p-CHO PhCO H 120.0 0.92

10 p-Cl PhCO H 180.0 0.74

11 p-F PhCO H 85.0 1.07

12 p-CH,CO PhCO H 51.0 1.29

13 p-(PhCH,SG,) PhCO H 29.0 1.54

14 o-pyridineCO H 800.0 0.10

15 m-pyridineCO H 69.0 1.16

16 p-pyridineCO H 39.0 1.41

17 CeH,,CO H 1600.0 -0.20

18 PhCH, H 46 000.0 -1.66

19 PhCO CH 170.0 0.77

20 PhCO CHs 130.0 0.89

21 PhCO PhCH 940.0 0.03

22 PhCO Ph 35.0 1.46

23 p-(PhCH,SG,) PhCO CH 0.6 3.22

24 p-(PhCH,SG,) PhCO CHs 0.3 3.52

25 p-(PhCH,SG,) PhCO Ph 0.6 3.22

26 p-OCH,; PhCO Ph 590.0 0.23

27 p-F PhCO Ph 18.0 1.74

28 p-NO, PhCO Ph 5.4 2.27

29 p-pyridineCO Ph 64.0 1.19

30 CeH,,CO Ph 9400.0 -0.97

31 CH,CO Ph 52.0 1.28

32 CH,;CH,CO Ph 830.0 0.08

33 CH,CO m-OCH; Ph 46.0 1.34

34 CH,CO p-OCH; Ph 700.0 0.15

35 CH,CO m-F Ph 65.0 1.19

36 CH,CO p-F Ph 205.0 0.69

37 CHLCH, Ph 12 000.0 -1.08

38 CH,CO p-pyridine 108.0 0.97

39 CH,CO CH, 660.0 0.18

CoMFA model as regards its predictive capabilities. for the choice of an appropriate test set of compounds to
Furthermore, this paper addresses experimental de- validate the model, i.e. to demonstrate its robustness on a
sign [19] in computer aided molecular design problems rational basis.
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Table Il. In vitro inhibition of AChE by N-benzylpiperidine 49 o 8.0 210

derivatives. o
L
CH
R3
50 0 2.2 2.66

o
Compound R ICso (NM)  log (1/1C50) Ph”  NH .
(uM) _\CH
2
40 PhCO(CH), 5300  0.28 0
51 0 o 2.4 2.62
41 o] 98.0 1.01
Ph N—
@:/(/N—\ CH,
CH, o
42 [¢] 30.0 1.52 52 0 9.0 2.05
N/ N
():i CH, QQ on
0 5 2
oMo
43 o o 270000 143

Of,N\@f\(( 53 o) 11.0 1.96
N
: ::N—\

o CH,
NH, ©
44 0 o 30000 -0.48
N
o \@N-CHZ 54 0 340.0 0.47
N/
° CH,
Pha _NH ©
45 ,,E o 12.5 1.90 \n/
(o} (e}
N-CH,
Y 55 o 13.0 1.89
@
46 0 88 206 N L
H,N N S 2
N_\CH
5 2 56 o 11000 -0.04
N CH,
47 0 2.8 2.55 _
CHsTI/NH ,
N
o e, 57 0 10000  0.00
o N/\CHZ
48 o 1.2 2.92
Ph NH
T "
cH, 58 N cH, 17.0 1.77
o
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Table II. Continued. compounds were used as dependent variable values. Here
59 Y 16000  —0.20 the 1G,, values express the inhibitory activities of the
@ CH, : . compounds. A leave-one-out cross-validation procedure
was used to obtain the optimal number of PLS compo-
nents. The models were then used to predict the inhibitory
60 0 23.0 1.64 activities of the test set.
@ACHZ Compound4 (table I) is the most active of the AChE
inhibitors considered previously and in this study [14].
0 Hence, its docked to AChE conformation was used as a
61 o 12000 —0.08 reference in all superpositions. 'The' 'pharr'nacophore
model consisted of a quaternary piperidine nitrogen, an
<jfLN/\CH2 amide group and a benzene ring. It was selected in
N/) accordance with the findings by Sugimoto et al. [20, 21]
that both the benzoyl (or phthalimide) and the
62 o 800.0 0.10 N-benzylpiperidine moieties are important for binding to
~ AChE and inhibiting it. Three different types of superpo-
j‘ CH, sition A, B and C, depending of the considered pharma-
NH cophore elements, were envisaged to perform the struc-
tural alignmentsfigure 1).
63 o) 4.2 2.38
@NACHZ 2.2. Compound alignment A
NH&O The three elements of the pharmacophore model were
used. The two carbonyl atoms of the amide were included
64 N CH 13.0 1.89 in the model in order to take into account the possibility
, .
@\/\J% of a hydrogen bond forming between a carbonyl oxygen
NH =0 and some of the protein hydrogens. For the compounds
from table 1l possessing two phtalimide carbonyl groups,
65 o 45 2.35 only the one closest to that of molec@é was taken into
~ account in the PBA case. For compourtd; 57 and 59
l CH, with only one carbonyl group, only the corresponding
cl NH SO carbon atoms were taken into consideration. For com-
pounds76, 77, 79 and 82 (table IIl) without a benzene
66 N~on 270.0 0.57 ring, none of the corresponding atoms were taken into
Q 2 account. As far as the test set presentable IV is
o concerned, instead of the corresponding benzisoxazole

oxygen, the following atoms were taken for structural
alignment: (i) the corresponding sulfur atom of com-
pound21, (i) the si# carbon atom closest to the imine
2. Methods group of compound22, and (iii) the corresponding
nitrogens for compound®3 and 24.

2.1. Software

... 2.3. Compound alignment B
All 3D QSAR models or assay models presented in this

study were derived using the SYBYL package from Tri-  Syperposition was performed taking into account the
pos [1] The minimization of the conformations was per- quaternary piperidine nitrogen and the amide group,

formed using Gasteiger-Huickel atomic charges. ~according to the rules formulated above as to these
The electrostatic CoMFA fields were calculated using pharmacophore elements.

MOPAC AM1 charges. The CoMFA region was set to

include all the molecules with margins of 3.0-4.0 (and was2.4. Compound alignment C

similar to the one defined in [14], the grid step being equal

to 1 A. The PLS method [8] was used for constructing the It was noticed that in the protein-based alignment the
possible CoMFA models, the log(1l/kg values of the  positions of the quaternary nitrogen and benzene ring are
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similar for all compounds, except for those fraatble 111. A 3D QSAR model was then constructed using com-

So only these two pharmacophore elements were used for pounds belonging to the training set and tested on the

superposition. remaining 16 compounds. The quaternary nitrogens were
_ _ protonated for all compounds.

2.5. Different calculations — Assay model 2.

Similar calculations were performed for the 66 com-
pounds fronmtables landll. The compounds were super-
r! . :
imposed according to alignment @gure 1), and every
fifth compound was then excluded from the training set to
form a new test set consisting of 13 compounds. The

Two kinds of calculations were performed. First, SBA
3D QSAR models were constructed to evaluate thei
predictive capabilities for the compounds belonging to
the same group (or sub-series) of compounds, as in the
training set. Three different models were constructed to :
this aim. In all these models, only the docked to AChE quaternary nitrogens were protonated.
conformations of the compounds were used. The numbers — ASsay model 3
at the beginning of the paragraphs below will be referred ~ The same calculations were performed with the proto-

as the numbers of the assay models. nated pyridine nitrogens of compounti¥—-16 29 and38
— Assay model 1 from the training settéble I).
Every fifth compound (i.e. with numbeBs 10, 15, etc, The second part of this study was devoted to the

seetables I-l) was excluded from the initial training set  assessment of 3D QSAR models based on structural
of the 82 benzyl-piperidines [14] to create a new test set alignment as regards to their predictive capabilities for
of 16 compounds, selected at random. Thus, the new compounds belonging to subgroups not represented in the
training set contained 66 compounds. All the compounds training set. Recently, it was shown that the protein-based
were superimposed according to alignmentfigure 1). QSAR model constructed for 82 N-benzylpiperidine

Table lll. In vitro inhibition of AChE by N-piperidine derivatives.

/\/C/N i R5
I:\’4

Compound R Rs ICs0 (NM) log (1/1C5g) (uM)
67 o] 0-Ch, Bzl 770.0 0.11

N

CH,
68 id m-Ch, Bzl 145.0 0.84
69 id p-Ch, Bzl 41 000.0 -1.61
70 id 0-NO, Bzl 14 000.0 -1.15
71 id m-NO, BzI| 370.0 0.43
72 id p-NO, Bz| 3300.0 -0.52
73 id PhCH,CH, 13 000.0 -1.11
74 id PhCH=CHCH 54 000.0 -1.73
75 id PhCO 52 000.0 -1.72
76 id H 26 000.0 -1.41
77 id 38 000.0 -1.58
78 id CeH,,CH, 410.0 0.39
79 id adamantylCH 24.000.0 -1.38
80 0 o p-CH;0 Bzl 440.0 0.36

N
o N—
CH,

o]

81 id p-Cl Bzl 240.0 0.62

82 id CH, 6 800.0 -0.83
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Table IV. Human in vitro inhibition of AChE byN-benzylpiperidine-benzisoxazoles and their log (1)Calculated with the CoMFA model
based on both steric and electrostatic contributions.

Compound R X Y IGo (NM) l0g (L/1Cs50)0ps log (U1Cs0)pred
1 H O (CH,), 55.00 1.26 0.30
2 5-Me o} (CH)» 7.80 2.11 0.62
3 5,6-diMe 0] (CH), 5.80 2.24 0.19
4 5-OMe o} (CH), 7.20 2.14 0.50
5 6-OMe o} (CH), 8.30 2.08 0.23
6 7-OMe o} (CH), 7.10 2.15 0.17
7 6-NHCOMe O (CH), 2.80 2.55 0.86
8 6-NHCOPh o} (CH), 9.40 2.03 0.81
9 6-NHSO,Ph o} (CH), 14.00 1.85 0.30
10 /\ O (CH,), 0.80 3.10 0.93
6—N 0
_/

11 6-NH, 0 (CH,)» 20.00 1.70 0.07
12 6-OH ) (CH)), 26.00 1.59 0.14
13 6-Br o (CH,),» 50.00 1.30 0.20
14 6-CN o} (CH)» 101.00 1.00 -0.01
15 6-CONH, 0 (CH,), 8.80 2.06 0.70
16 H o) (CH,)5 900.00 0.05 —0.94
17 H O E-CH=CH 210.00 0.68 -0.01
18 H O O-CH, 2600.00 -0.41 -0.58
19 H o) NH-CH, 320.00 0.49 -0.07
20 H O NH-(CH,), 810.00 0.09 -0.32
21 H S (CH,), 99.00 1.05 0.22
22 H CH=CH (CH,), 220.00 0.66 -0.24
23 H N=CH (CH,), 340.00 0.47 -0.28
24 H NH (CH,), 120.00 0.92 0.28
25 O_IN - - 0.33 3.48 1.08

H-N No :

0

26 o—N - - 3.60 2.44 0.48

OO

H

27 O—[N - - 0.57 3.24 0.75

H~N N\/@

0
28 o——IN - - 0.95 3.02 0.59

O
N.

o H

29 O—N - - 0.48 3.32 1.24
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Pharmacophore elements used for alignments (see in Methods):

Alignment A

Y Q

Alignment B
- )
N
\ N

Alignment C

VY Q

Figure 1. Compound24 was used as reference for structural alignment of other compounds. Three pharmacophore elements used fo

the superposition are shown in bold.

derivatives fables HIl) was able to predict the relative
ICs, values for all the compounds of the test skt-(
ble IV). The following models were constructed.

— Assay model 4

The 82 compounds of the training stlgles HIl') and
29 compounds of the test setlfle I\V) in their AChE
docked conformations were structurally superimposed
according to alignment Afigure ). The quaternary
piperidine nitrogens were not protonated.

— Assay model 5

Calculations similar to those described above were
performed with the protonated quaternary nitrogens of
the piperidine moiety for the training and test sets.
Alignment A (figure 1) was used for superimposing the
molecules.

— Assay model 6

The same procedure was performed with the proto-
nated pyridine nitrogens of compounti¥—16 29 and38
from the training settable ).

— Assay model 7

The conformations derived from the protein-based
alignment were minimized thanks to the parameters
mentioned above. The molecules were superimposed
according to alignment Afigure 1. The piperidine nitro-
gens were not protonated.

— Assay model 8

The same calculations were performed with the proto-
nated piperidine nitrogens.
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Table V. Statistics of 3D QSAR models based on structural alignments (see details in methods). At the bottom of the table the corresponding
results are given for protein-based alignment 3D QSAR models.

QSAR Model Number of Number of Q2 R? F SD Pharmacophore elements Notes
(see in compounds principal used in superposition
Methods) in the training set components

1 66 5 057 091 117 0.40 every fifth compound
@ excluded.
N
+
2 53 7 057 096 151 0.24 every fifth compound
@ excluded.
N
+

3 53 8 059 0.97 170 0.22 every fifth compound
O @ excluded. Compounds
N 14, 15, 16, 28, 39 pyri-
+ dines protonated.

4 82 5 061 090 136 0.42

5 82 5 0.61 090 132 0.42 o

©

6 82 6 0.63 092 140 0.38 o compoundsl4, 15, 16,
@ 28, 39 pyridines proto-
nated.

v+ ) +4 )

7 82 7 059 097 288 0.25 o

L () O

8 82 8 055 097 274 024 o
QO
| N
+
9 82 6 0.55 0.97 153 0.36 0
A
| N
10 66 5 058 091 117 0.40 O @
N
+
11 66 8 0.68 0.97 208 0.22 compoundsl4, 15, 16,
@ 28, 39 pyridines proto-
N nated.
+
[9] 82 7 0.75 0.98 508 0.19 protein-based alignment docked to AChE active

site
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— Assay model 9.

The minimized conformations of the molecules of the
training set were superimposed according to alignment B
(figure 1. The compounds were not protonated.

— Assay model 10.

The 66 compounds frortables landIl served as the
training set and the 29 compounds fraable IV served

as the test set, as before. These compounds were super

imposed according to alignment Ggure 1). The quater-
nary nitrogens were protonated.

— Assay model 11.

The same procedure was performed with the proto-
nated pyridine nitrogens of compount¥—16 29 and38
from the training sett@ble I).

2.6. Molecular diversity analysis

Kohonen SOM [22—-24] was applied to investigate the
molecular diversity of the training and test sets dealing
respectively with the 82tébles HIl) and with the 29
(table IV) N-benzylpiperidines. For this investigation, the
following molecular descriptors were used: a series of 2D
molecular descriptors, including 20 Kier-Hall molecular
connectivity indices [25]%, 2, %, %e e Y e
0o (e A A AT = T A A T A
Ve %Ve, the number of paths and vertices with degrees
1-4, Gutman [26] and Platt indices, a series of informa-
tion indices (1C&, SIC?, CIC®, IC?, SICY, CIC, IDW) [27,

28], the number of N, O and S atoms in a molecule, as

3. Results and discussion

The results of the calculations according to the align-
ments and the assay models described in the previous
section are reported inable V. In the last row, the
statistical criteria obtained in [14] for PBA 3D QSAR
model are given. The number of principal components
corresponds to the models with the smallest standard

deviations in the cross-validation procedure [11F, i®

the cross-validated correlation coefficien® R the con-
ventional correlation coefficient, F is the Fisher criterion
and SD is the standard deviation. It is clearly seen that
SBA QSAR models are satisfactory 3@ 0.5), yet the
results are not so good as with PBA QSAR models as to
the prediction of the inhibition activity of the compounds
belonging to the training set. As described in the previous
section, models 1-3 were validated on a series of test
compounds belonging to the same structural subgroups as
in the training set. Statistics of these predictions are
presented intable VI. The best prediction capability
appeared in model 3. A graph of the experimental log
(1/1C5,) values versus those predicted by model 3 for the
compounds belonging to the test set is showfigare 2

The only outlying compound, i.80, possesses a cyclo-
hexyl group in the place where others have an aromatic
ring or a short alkyl group. After removing this outlier,
the following statistics were obtaine® = 0.97, SD =
0.24 F = 170. Therefore, the 3D QSAR models based on
structural alignment can be used for the prediction of the
inhibition activity of compounds belonging to the same
subgroups of compounds that are presented in the training

well as a set of physico-chemical parameters, such as set. This is in agreement with results obtained by Welsh

molecular weight, molecular volume, molecular refrac-
tivity, octanol-water partition coefficient [29] and a set of
electronegativity parameters; i.e. that of a molecule by

et al. [31], who used training and test sets including
N-benzyl-piperidine derivatives with similar structures.
Assay models 4—11 (see previous section) were applied to

Sanderson [30] the mean, variance and maximum values predict the activities of 29 N-benzyl-piperidine benzisox-

of the atom electronegativity. The descriptors were nor-
malized according to the following formula:

XN = Xij = Xj,min
Y Xj,max— Xj,min

where Xij and X% are the non-normalized and normal-
ized j-th descriptor values for compound i, correspond-
ingly, Xj, min and Xj, max are the minimum and
maximum values for the j-th descriptor, and the j-th
descriptor for compound i is the normalized descriptor
value. The parameters for the Kohonen SOM procedure
were set to the following values: size of the map:x110;
number of learning iteration steps: 20 000; starting learn-
ing coefficient: 0.9. To increase the resolution of the map
an interpolation option was used. Calculations were
performed using the Neural-Works Il software [23].

azole or isoxazole tricycle derivativemble IV), but R
values were inferior to 0.20 for all SBA models, whereas
R? = 0.90 for the PBA model [14]. All these attempts can
be considered as unsuccessful. So it is shown that
contrary to the PBA 3D QSAR model [14], none of the

Table VI. Statistics of prediction of IR, values for the com-
pounds belonging to the test sets for 3D QSAR models 1-3. These
compounds belong to the same subgroups presented in the training
set.

Model R SD F
0.69 0.81 31
0.64 0.72 19

3 0.73 0.64 28
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protein-based one. But this assumption, as it is clearly
3,5 p{Experimental seen fronfigure 3 is incorrect. The distance between the
3 amide nitrogens of compoun@¢ in the training set, and
25 - *0] 10 in the_test set, for instance in the proteln-based
alignment is 2.2 A, whereas in structure-based alignment
27 @‘@ 4itis 0.84 A and the corresponding distances between the
1.5 1 [35] amide oxygens are 4.67 A and 2.25 A, respectively.
1 1 IEI'. Moreover, in the structure-based alignment, the benzisox-
0,5 FHE [Predicted] azo! moiety of co_mpoundo with a bulky substituent in
0 #3] [40] I . , position 6 occupies the area unfavorable for bulky sub-
stituents figure 3, represented by a yellow surface. So,
059 ! - 3 i according to this model, the activity prediction for this
-1 compound must be unsatisfactory.
-1,5 ' In models 5 and 6 (see Methods) the same conforma-
tions were used, so it is not surprising that the models

_ _ _ constructed from these calculations were devoid of pre-
Figure 2. Experimental versus predicted log (1 values dictive power as regards to the external set of 29
for the test set compounds by the 3D QSAR model 3 values (the yay7i5oxasols. The minimized conformations in models 6
compound30 was suppressed). The statistical criteria are R = and 7. as was shown using the best fit procedure. did not
0.97, SD = 0.24F = 170. ' . 9 P e

appear very different from those of the protein-based
alignment, the rms values for most compounds with and

SBA 3D QSAR models was able to predict correctly the without a proton at the quaternary nitrogen did not exceed

activities of the compounds from these groups. 0.5 A and 0.9 A, res.pectlvely. So .the reason .Why these
models are not applicable for activity prediction is the

3.1. Why 3D QSAR models based on protein alignment Same as in the two previous cases. The alignment for

are better than structure-based models as regards to their model 9 included only the quaternary nitrogen and amide
predictive capabilities (or the corresponding atoms), and the difference between

the protein- and structure-based alignments appeared to

When a compound is docked to a protein active site, be even larger than for models 4-8, so a good predictive
side chains of the amino acid residues interact with the power could hardly be expected from this model. As far
compound and both the compound and the side chains areas models 10 and 11 are concerned, the steric factor
spatially adjusted to each other. So each compound takesprobably also plays a crucial role in their lack of
a slightly different position within the receptor's active predictive power for the 29 compounds of the test set.
site, and each of them has its own active conformation. = A SOM neural network was used in this study in an
These different conformations are superimposed by using attempt to elucidate the limitations of SBA models and
a pharmacophore model, suggesting that some atoms andclassify the N-benzyl-piperidine derivatives involved in
atom groups must have the same positions within the the investigation using a set of descriptors defined in the
active site. This assumption is more or less inexact or Method section. The results, presentefignre 4,will be
even incorrect. This constraint has to be related to the discussed according to molecular diversity. All the com-
reduced quality of structure-based 3D QSAR models as pounds from the training and test sets were included in
regards to their predictive power. these calculations. Ifigure 4athe black diamonds and

In figure 3 compound4 (in red) in the training set and orange squares represent points corresponding to the
compoundLO (in violet, one of the most potent inhibitors ~ compounds from the training setables HIl) and test
in the test set), are shown in the AchE docked alignment set, respectively. It is clearly seen that both sets occupy
in relation to each other. The same compout@ (in different areas of the map, which means the compounds
brown), is shown in its position relative to compou2«l belonging to the training and test sets are different as
according to model 4. Compouri was the compound regards their molecular diversity. Only two outlying
used as a reference for all the structure-based models compounds from the test set can be found in the other
considered in this study. The alignment for model 4 was areas, i.e. compound) and 28. Compound20 differs
constructed taking into account all three pharmacophore from the series of other compounds only by a substituent
elements, so it was expected that in this case the in the Y position fable IV). It is in the left lower corner
structure-based alignment would be similar to the and compoun@8is in the right lower corner of the map.
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Figure 3. Compoundl0 of the test set (violet and brown) is shown in accordance with protein-based and structure-based (model 4)
alignments, correspondingly, together with compo@ddof the training set (red). Regions favourable and unfavourable for bulky
substituents (according to model 4) are shown in green and yellow, respectively.

concerns the topic of this study, i.e. the impossibility to
predict properties by the SBA 3D QSAR models of
N-benzyl-piperidines which can be explained by molecu-
lar differences in the compounds belonging to the training
and test sets. To demonstrate this, and to show the
opposite is true for compounds similar to those from the
training set, the distribution of the points corresponding
as in figure 4g but the points in it are represented to the 66 compounds belonging to the training set
differently, according to the level of activity of the (tables| and Il) is shown on the map irfigure 4c
compounds. The blue diamonds correspond to the inac- Compounds numberéesl 10, 15, up to 65 which belong

tive compounds with log (1/1¢;) values inferior to 0.0 to the test set for models 2 and 3 are represented by
for the training set and to 0.5 for the test set. The green orange squares, the other compounds belong to the
squares correspond to the compounds possessing antraining set for these models and are represented by black
average activity with log (1/1¢,) values between 0.0 and  diamonds. It is seen that in the vicinity of each orange

In the neighborhood of compoun@8 the following
compounds of the training set can be fou8d; 24, 25as
well as13 (see alsdable I), all four compounds possess-
ing p-(PhCH,SG,)PhCO in position R (table [). Com-
pounds23-25are the most active in the training set, and
compound8is one of the most active in the test set. This
is not a coincidence, ifigure 4bthe same map is shown

1.8 for the training set and between 0.5 and 2.0 for the test
set. The yellow circles correspond to log (14}values
exceeding 1.8 for the training set and 2.0 for the test set.
It is seen that active compounds occupy mainly the lower
part on the right of the map, while the inactive ones
spread throughout it. The latter results corroborate our
previous findings that Kohonen SOM neural networks
can be applied to investigate the molecular diversity of

square, a black diamond can be found. This means that
there is little structural difference between the compounds
belonging to both sets, with only one exception for
compound30. At the same time, the results presented
earlier in this paper as to the predictive capabilities of
these models (see al§igure 2 fully correspond to these
findings.

At the same time, the strength of PBA 3D QSAR

molecular databases and search for new leads [14, 24, 32,models is that they take into account the molecular

33]. Here we emphasize, however, the other point that

diversity between the compounds in an indirect way. This
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Figure 4. Study of molecular diversity between training and test sets using Kohonen @0phkints representing compounds
belonging to the training and test sets for models 4-blIpoints corresponding to the same compounds shown in theanbpt
represented according to the level of activitypoints representing compounds belonging to the training sets for models 2 and 3.

is done with the help of the exact docked position of a
compound, within the active site of the receptor, in
accordance with the particular structure of this com-
pound. So, the greatest advantage of the CoMFA model
from [14] is its higher predictive power for compounds
structurally different from those contained in the training
set. Here it has been shown that it is hardly achievable by
models based on structural alignment. The use of the
structure-based models is strictly limited to compounds
similar in terms of molecular diversity analysis to those in
the training set. It demonstrates that, for good activity
prediction, the PBA 3D QSAR models must be preferable
to the SBA ones, whenever the 3D crystallographic study
of the protein—ligand complex is available.

4. Conclusion

Two 3D QSAR approaches, i.e. a new one based on the

ecules {ables HV) and states of piperidine and aromatic
nitrogens, protonated or not protonated. The models were
validated with log (1/1Gy) values, i.e. the inhibition
activity of the compound, using the leave-one-out cross-
validation procedure and tested on sets of compounds
structurally more or less similar to those in the training
set, or partially different from them, for example
N-benzyl-piperidines.

It has been shown that 3D QSAR models based on
structural alignment can be used to predict the inhibition
activities of compounds belonging to the same subgroups
of compounds that are in the training set. SBA 3D QSAR
models contrast with the PBA ones insofar as none of
them was able to correctly predict the activities of the
compounds from the test set containing 29 N-benzyl-
piperidines with structures partially dissimilar to those of
the compounds contained in the training set.

By applying a molecular diversity analysis with the

PBA of ligands and one based on the SBA, were help of an SOM neural network, the compounds con-
compared with regard to the predictive capabilities of the tained in the training and test sets, and structure-based
established models. The models were constructed for a models 4-11 were corroborated. So, the impossibility to

series of N-benzyl-piperidines AChE inhibitors, most of
them containing a benzoyl or a phtalimide moiety. The
other models were constructed from eleven different
structure-based 3D QSAR model assays with different
pharmacophore elements for the superposition of mol-

predict properties by the structure-based 3D QSAR mod-
els of N-benzylpiperidines can be explained by molecular
differences in the compounds belonging to the training
and test sets due to the benzyisoxasole moiety of the last
ones.
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Thus the most interesting result consists of the high [10]
predictive power of the PBA CoMFA model developed to
deal with compounds structurally different from those

contained in the training set. This result is hardly achiev-

(11]
(12]

able by models based on structural alignment, the use of [13]
which is limited to compounds similar to those of the

training set. Then, COMFA models based on ligand PBA
must be preferred to structure-based models for biologi-

cal activity predictions.

More generally, up to now, SBA is more widely used in
CoMFA studies for the establishment of 3D QSAR

models. But predictions must be restricted to the area of
the molecular diversity of the training set as determined

by self organizing maps (SOM). PBA is a more robust

method, suitable outside the molecular diversity area of
the training set, insofar that a suitable 3D crystallographic

study of a protein—ligand complex is available.
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