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a b s t r a c t

5, 5-disubstituted aminohydantoins have been recently reported as potent and selective human b-sec-
retase (BACE-1) inhibitors. Self-Organizing Molecular Field Analysis (SOMFA) is used to study the
correlation between the molecular properties and biological activities of the 5, 5-disubstituted amino-
hydantoins inhibitors. Four different alignments and two charge-assigning methods were investigated.
The model derived from the superposition of docked conformation with AM1 charge showed satisfied
predictive ability, which has good non-cross-validated r2 (0.842), cross-validated q2 (0.792), F-test value
(254.75) and satisfied predictive ability r2pred (0.721). Analysis of SOMFA model may provide some useful
information in the design of BACE-1 inhibitors with better spectrum of activity.

� 2010 Elsevier Masson SAS. All rights reserved.
1. Introduction

Alzheimer’s disease (AD) is a common and serious disease
among the elderly all over the world, which is characterized by loss
of memory and cognition [1]. The significant pathological feature is
the extracellular insoluble amyloid senile plaques and intracellular
neurofibrillary tangles [2]. The predominant chemical composition
amyloid beta peptide (Ab), a 40 to 42 amino acid peptide, is
generated by the proteolysis of b-amyloid precursor protein (APP)
in the presence of b-secretase (BACE-1) and g-secretase [3].
According to a recent study, the proteolysis mediated by b-secre-
tase is considered as a rate-limiting step in the whole proteolytic
process. BACE-1 knock out mice display a sharp decline of Ab
production and a normal phenotype [4]. Hence, BACE-1 is
a prospective drug design target in the treatment of AD.

BACE-1 is an important member of aspartyl protease family [5].
Research about the inhibitor of aspartate protease becomes a hot-
spot in some serious diseases, such as HIV and renin pathology. In
this respect, in recent years, a variety of excellent BACE-1 inhibitors
have been designed. Most of them show a peptide like structure
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28 85164060.

r.

son SAS. All rights reserved.
and replacement of cleavable amide bond by a noncleavable tran-
sition state isostere [6]. Despite of the excellent low nanomolar
inhibitory potency for BACE-1, these compounds have fatal weak-
nesses in the pharmaceutical characteristics such as low oral
bioavailability, poor blood brain barrier permeability, and suscep-
tibility to P-glycoprotein transport, caused by the peptide like
structure. Considering the insuperable difficulty of peptide inhib-
itor, many groups focus their attention on a small molecule non-
peptide BACE-1 inhibitor with the expectation of obtaining a kind
of successful inhibitors with both high potency and good phar-
maceutical characteristics [7]. Based on this idea, many novel
nonpeptide BACE-1 inhibitors are invented in the past five years,
such as 1, 3, 5-trisubstituted aromatic derivatives [8], 5, 5-disub-
stituted aminohydantoin derivatives [9], isophthalamide deriva-
tives [10], 2-amino-thiazole derivatives [11], 2-amino-pyridine
derivatives [12], 2-amino-quinazoline derivatives [13], acylguani-
dine derivatives [14], piperazine derivatives [15] and so on. (Fig. 1)

The self-organizing molecular field analysis (SOMFA) [16] is
a simple three-dimensional quantitative structure-activity rela-
tionship (3D-QSAR) technique similar to comparative molecular
field analysis (CoMFA) [17]. Themethod uses a grid-based approach
without evaluation of probe interaction energies. The molecular
shape and electrostatic potential are used to develop the QSAR
models. The purpose of this paper is to describe the application of
self-organizing molecular field analysis, SOMFA, on a series of 5, 5-
disubstituted aminohydantoins (Table 1) to investigate optimal
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Fig. 1. BACE-1 nonpeptide inhibitors [8e15].

Table 1
Actual and SOMFA predicted pIC50 of training and test set for 5, 5-disubstituted
aminohydantoins.

N
N

H2N

O

R

R4
R3

Compound R R3 R4 Observed Predicted Residual

1 Me H H 5.463 5.728 0.265
2 Et H H 5.097 5.741 0.644
3 H H H 4.699 5.751 1.052
4 Me OMe H 5.460 5.853 0.393
5 Me Cl H 5.602 5.847 0.245
6 Me H OMe 5.509 5.962 0.453
7 Me H Cl 5.648 5.750 0.102

N
N

H2N

R4R3

O

Compound R3 R4 Observed Predicted Residual

8 H H 5.815 5.940 0.124
a 9 H OEt 6.481 6.310 �0.172
10 H O-n-Bu 6.06 6.446 0.386
11 H OCF3 6.328 6.267 �0.061
a 12 Et OMe 6.553 6.232 �0.321
a 13 OMe OMe 6.569 6.355 �0.214

N
N

H2N

O

N
R4' OMe

R3

Compound R3 R4
0 Observed Predicted Residual

14 Me H 7.398 7.383 �0.015
a 15 OMe H 7.046 7.356 0.310
16 OEt H 7.301 7.003 �0.299
17 OPr H 7.301 7.434 0.133
18 OBu H 7.301 7.485 0.184
19 O-i-Pr H 7.222 7.314 0.092
20 O-cyclopentyl H 7.155 7.301 0.145
a 21 cyclopentyl H 6.921 6.858 �0.064
22 F H 7.301 7.517 0.216
23 Cl H 7.444 7.375 �0.069
24 CF3 H 7.398 7.429 0.031
a 25 CN H 6.824 6.527 �0.297
a 26 Me Me 6.886 7.290 0.404

N
N

H2N

O

Ar

N

Compound Ar Observed Predicted Residual

a 27 6.921 7.145 0.224

28 7.046 7.116 0.069
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N
N

H2N

O

N
R4'

R4R3R2''

R6''

Compound R3 R4 R40 R200 R600 Observed Predicted Residual

29 Me OMe H F H 7.699 7.535 �0.164
30 Me OMe F F H 8.000 7.819 �0.181
31 H OCF3 H F H 7.222 7.309 0.087
32 H OCF3 H H OMe 6.046 6.611 0.565

N
N

H2N

O
N

N
R4' R4R3

R5'

R2'

Compound R3 R4 R2
0 R4

0 R5
0 Observed Predicted Residual

33 Me OMe H H H 7.523 7.341 �0.182
34 Me OMe H F H 7.699 7.656 �0.043
35 H OCF3 H F H 7.699 7.423 �0.276

N
N

H2N

O

N
Ar

Compound Ar Observed Predicted Residual

36 H 5.572 5.966 0.394
37 Ph 6.886 7.186 0.300
38 3-MeOPh 7.523 7.257 �0.267
39 3-NCPh 7.398 7.410 0.012
40 3-FPh 7.301 7.394 0.093
41 2,3-diFPh 7.398 7.415 0.017
42 2,5-diFPh 7.699 7.049 �0.650
43 3,5-diFPh 7.222 7.147 �0.075
44 2-Pyrazinyl 7.155 7.174 0.019
45 3-Pyridinyl 7.222 7.294 0.072
46 2-Fluoropyrindin-3-yl 7.523 6.894 �0.630

N
N

H2N

O

N
R3'

R6

R2

Compound R2 R6 R3
0 Observed Predicted Residual

a 47 Me H 3-Pyridine 7.000 7.223 0.223
48 Me H 5-Pyrimidine 7.097 7.339 0.242
49 Et H 5-Pyrimidine 7.523 7.368 �0.156
50 i-Pr H 5-Pyrimidine 7.155 7.388 0.232
a 51 Me Me 5-Pyrimidine 6.854 7.307 0.453
a 52 Et Me 5-Pyrimidine 6.824 7.335 0.511
53 Et Et 5-Pyrimidine 7.523 7.331 �0.192
54 Et Et 3- 2F-Pyridine 8 7.315 �0.685

N
N

H2N R

O

Compound R Observed Predicted Residual

55 Me 6.004 5.820 �0.185

56 (CH2)5

Me

5.857 5.512 �0.346

57
(CH2)5

COOH

6.022 5.464 �0.558

58 5.907 5.403 �0.505

59

F

F
5.967 5.306 �0.661

60

O

5.983 5.480 �0.503

61 (CH2)3

OH

5.319 5.460 0.141

N
N

H2N

O

O
F

F

R3'

R4'

Compound R3
0

R4
0

Observed Predicted

a 62 F A* 7.128

a 63
O

F
F B* 6.616

a 64

O

F B 6.562

a 65 NH2 H C* 5.880

a 66 O C 5.749

a 67 H B 6.935
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Table 1 (continued )

Compound R3
0

R4
0

Observed Predicted

a 68

H
N O

H B 6.567

a 69 (CH2)5

Me

H B 6.194

a test set; AS7.0; B˛[6.0, 6.9], C < 6.0.
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molecular architecture required for designing new specific non-
peptide inhibitors of BACE-1 for the treatment of AD.

2. Results and discussion

In the present studies, SOMFA was employed for the analysis
with the training set composed of 50 compounds whose biological
activities are known to find out molecular features responsible for
optimum biological activities. It should be noted that there are
many factors affecting the outcome of a QSAR study. As for 3D-
QSAR method, molecular alignments and charge-assigning
methods are the most important factors, while grid spacing is not
sensitive for SOMFA according to the previous report [18e20].
Hence, in our research, four alignments and two charge-assigning
methods (GasteigereHuckel charges and AM1) with grid spacing of
1.0 Å were investigated to produce eight SOMFA models. The
superposition of the aminohydantoin compounds derived from the
four different alignment modes was depicted in Fig. 2. Model A1
and A2 correspond to the optimization of structures by MM2 and
Fig. 2. Four alignment modes: a: the optimization of structures by MM2 and AM1method fo
the three dihedrals of the a alignment compounds according to the X-ray structure of comp
conformations according to the common aminohydatoin scaffold.
AM1 method followed by alignment according to the common
aminohydantoin group (a alignment method). From the Fig. 2, it
was shown that the conformations of 5, 5-disubstituted aryl groups
derived from the a alignment are very inconsistent, so the dihedrals
of C2-C3-C12-C17, C2-C3-C5-C10 and C17-C16-C18-C19 were
changed to 65.7�, 30.1� and 51.4� respectively according to the X-ray
structure of BACE1-35 complex (pdb code: 3INH) to produce the
b alignment. Model C1 and C2 correspond to the superposition of
docked conformations (c alignment method), while model D1 and
D2 correspond to the further alignment of the docked conforma-
tions according to the common aminohydantoin scaffold (d align-
ment method).

To obtain the active conformations of 5, 5-disubstituted ami-
nohydantoins, a series of docking experiments were conducted. To
validate our docking protocol, compound 35was redocked to active
site of the BACE-1 protein and the RMSDwith the X-ray structure is
only 0.9 Å (Fig. 3). Firstly, the crucial hydrogen bond interactions of
aminohydantoin group with Asp94, Asp290 were identified.
Moreover, the H-bond of 4-OCF3 with Trp138 were also recognized.
The only difference between the docking and X-ray conformation
resides in the angle of two planes defined by the pyrimidine ring
and its vicinal aryl group. The angle of docked structure is 73.7�,
which is greater than that of X-ray structure by 22.3�. It can be
ascribed to the crystal waters, which play an essential role in the
formation of the ligandeenzyme complex. For example, WAT-3
serves as a water bridge to link the 40-F and Phe170. In addition, as
for the X-ray structure, the 5-pyrimidine formed the hydrogen
bond with WAT-2 which further interacts with Ser291, while for
docked one, the nitrogen of 5-pyrimidine group tends to form the
hydrogen bond with WAT-1 which forms the hydrogen bonds with
the Gly73 and Thr294.

For SOMFA model A1wD1, GasteigereHuckel charges were
added to the compounds, however, all the electrostatic potential
llowed by alignment according to the common aminohydatoin group, b: Modification of
ound 35. c: the superposition of docked conformations. d: the alignment of the docked



Fig. 3. The superposition of compound 35 derived from X-ray structure (green) and
docked conformation (orange).
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Fig. 4. Predicted versus observed pIC50 in the a: training set; b: test set.
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contribution c2 is zero, indicating that the accuracy of the charge
method is not suitable for this system (Table 2). As far as the
alignment method was concerned, as we expected, the model
derived from the b method is superior to a, indicating that if the
active ligand conformation was available, construction of other
derivatives by using the ligand as template is more appropriate.
Although the non-cross-validated correlation coefficient (r2) of B1
is higher than that of A1 by about 0.04, the r2 of B1model was lower
than that of C1 by 0.03. So if the three-dimensional structure of
target protein is available, superposition of docked conformation is
better than the above two alignment methods. Beyond our
predictions, instead of improving the predict activity, further
alignment of the docked conformation by the common amino-
hydantoin moiety slightly degenerates the SOMFA model. It can be
attributed to the different substituent groups whichmay lead to the
tiny movement of the aminohydantoin scaffold.

Furthermore, as for A2wD2, AM1 charges were used and the
qualities of all the SOMFAmodels were improved apparently. The r2

of model C2 reached to 0.842, the highest one of all the eight
SOMFA models. (Table 2)

The observed and predicted activities of the training set are
reported in Table 1 using the best Model C2. Fig. 4a showed
a satisfied linear correlation.

It’s well known that the best way to validate a 3D-QSARmodel is
to predict biological activities for some compounds of test set. The
Table 2
Statistics of the various SOMFA models.

Model Alignment Charge r2 s F c1 c2 q2

A1 a Gasteiger 0.753 0.39 146.26 1.0 0.0 0.636
B1 b Gasteiger 0.792 0.36 183.56 1.0 0.0 0.758
C1 c Gasteiger 0.822 0.34 222.14 1.0 0.0 0.780
D1 d Gasteiger 0.817 0.34 214.63 1.0 0.0 0.771
A2 a AM1 0.768 0.36 159.67 0.6 0.4 0.640
B2 b AM1 0.799 0.35 191.34 0.7 0.3 0.759
C2 c AM1 0.842 0.31 254.75 0.5 0.5 0.792
D2 d AM1 0.841 0.31 254.04 0.5 0.5 0.791

r2, non-cross-validated correlation coefficient; s, standard error of estimate; F, F-test
value; c1, mixing coefficient of SOMFA model, representing the shape potential
contribution; c2 ¼ 1 e c1, representing the electrostatic potential contribution; q2,
cross-validated correlation coefficient.
SOMFA analysis of the test set composed of 11 compounds is
reported in Table 1. Most of the compounds in test set show good
correlation (r2pred ¼ 0.721) between observed and predicted values
(Fig. 4b). To further test the application scope of the SOMFA model,
a variety of 30-substituted aminohydantoin derivatives (compound
62w69 in Table 1) were docked and the predicted activity were in
good agreement with the reference. It should be noted that
although r2 of model D2 is very close to C2, the predictive ability
r2pred of D2model is 0.633, which is lower than that of C2 by 0.088.
Fig. 5. The electrostatic potential master grid with compound 35. Red represents areas
where positive potential is favorable, or negative charge is unfavorable. Blue represents
areas where negative potential is favorable, or positive charge is unfavorable.



Fig. 6. The shape potential master grid with compound 35. Red represents areas of
favorable steric interaction. Blue represents areas of unfavorable steric interaction.
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SOMFA calculation for both shape and electrostatic potentials
are performed then combined to get an optimal coefficient c1 ¼ 0.5
according to eq (1). The visualization of the electrostatic potential
master grid and shape master grid of the best SOMFA model is
showed in Figs. 5 and 6, respectively, with the active compound 35
as the reference. Each master grid map is colored in two different
colors for favorable and unfavorable effects. That is, the electro-
static features are red (more positive charge increases activity, or
more negative charge decreases activity) and blue (more negative
charge increases activity, or more positive charge decreases
activity), and the shape feature are red (more steric bulk increases
activity) and blue (more steric bulk decreases activity), respectively.

SOMFA analysis result indicates the electrostatic contribution is
equal to shape (c1 ¼ 0.5). The SOMFA electrostatic potential for the
analysis is presented asmaster grid in Fig. 5. In thismap of important
features, we find a high density of blue points around the substit-
uent R4, R40 and pyrimidine ring, which means some electronega-
tive groups are favorable. We also find a high density of red points
around the R50, R200 of pyrimidine ring and aminohydantoin group
which means some strong electropositive groups are favorable.

Meanwhile, in themap of shapemaster grid in Fig. 6, we can find
a high density of red points around the R3, R4 and pyrimidine ring,
whichmeans a favorable steric interaction; simultaneously, we find
a high density of blue points around the R40, R50 and amino-
hydantoin group, which means an unfavorable steric interaction
may be expected to enhance activities.

3. Conclusion

A predictive SOMFA 3D-QSAR model for 5, 5-disubstituted
aminohydantoin derivatives having wide variations in structure
and potency profile against BACE-1 has been developed. To get
a best SOMFA model, superposition of docked conformation is
needed. The master grid obtained for the SOMFA models indicated
electrostatic and shape potential contributions can bemapped back
onto structural features relating to the trends in activities of the
molecules, which will be helpful in designing novel molecules with
improved spectrum of activity. It should be mentioned that the
compound class suffers from PGP-transportionwhich may limit the
value for further development. May be a SOMFA analysis of BACE
inhibition and PGP transportion may provide a rational guidance
for future improvements.

4. Experimental section

4.1. Data set

A dataset of 69 molecules, belonging to 5, 5-disubstituted ami-
nohydantoin derivatives as human BACE-1 inhibitors and showing
wide variations in their structure and potency profiles, were taken
from the literature and used for SOMFA study [9]. Eight different
models were generated for this series using a training set of 50
molecules. Predictive powers of the resulting models were evalu-
ated by a test set of 19 molecules with uniformly distributed bio-
logical activities. The general structures of the training and test set
molecules have been presented in Table 1.

4.2. Biological activities

The negative logarithm of the measured IC50 (M) against human
BACE-1 enzyme as pIC50 was used as dependent variable [21], thus
correlates the data linear to the free energy change.

4.3. Molecular docking

AutoDock version 4.0 [22] was used for the docking simulation.
Lamarckian genetic algorithm (LGA) was selected for ligand
conformational searching because it adds local minimization to the
genetic algorithm, enabling modification of the gene population.
For each compound, the docking parameters were as follows: trials
of 100 dockings, population size of 150, 10 million energy evalua-
tions. Other parameters are default. BACE-1 X-ray structure was
retrieved from RCSB (pdb code 3INH). The jobs were distributed to
the Lenovo Think station S20 in Redhat WS4.0 linux. Final docked
conformations were clustered by use of a tolerance of 1.5 Å root-
mean-square deviations (RMSD). The top energy conformations
were used to superposition for the further SOMFA analysis.

4.4. Molecular modeling and alignment

The three-dimensional structures of the 5, 5-disubstituted
aminohydantoins were constructed with the Discovery Studio 2.1
running on an Intel Centrino2 1.83 GHz Processor/Microsoft Win 7
Home Edition platform and were subjected to energy minimization
using molecular mechanics (MM2). The minimization is continued
until the root mean square (RMS) gradient value reaches a value
smaller than 0.001 kcal/mol Å. The Hamiltonian approximations
Austin model 1 (AM1) method available in the MOPAC2009 [23] is
adopted for re-optimization until the root mean square (RMS)
gradient attains a value smaller than 0.001 kcal/mol Å. Unless
otherwise indicated, all parameters were kept default. The align-
ment includes the following methods: (a) alignment of structures
optimized by MM2 and AM1 method according to the common
aminohydantoin group, (b) further modification of the three
dihedrals of a alignment compounds according to the X-ray
structure of BACE1-compound 35 complex (pdb code: 3INH) (c)
superposition of docked conformations (d) Further alignment of
the docked conformations according to the common amino-
hydantoin scaffold.

4.5. SOMFA 3D-QSAR models

In the SOMFA study, a 40 � 40 � 40 Å grid originating at (�20,
�20, �20) with a resolution of 1 Å, was generated around the
aligned compounds. Eight different models using different align-
ments and charge method have been presented in Table 2. For all of
the studies, electrostatic and shape potential are developed. In
order to combine the predictive power of these two properties into
one final model, we sum up their individual predictions using
a weighted average of the shape and electrostatic potential based
QSAR, using a mixing coefficient (c1) as illustrated in eq (1).

Activity ¼ c1 Activityshape þ ð1� c1Þ ActivityESP (1)
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The partial least square (PLS) algorithmwas in conjugationwith
leave one out (LOO) cross-validationwhich was used to develop the
final model. The predictive ability of the model is quantitated in
terms of q2 which is defined in eq (2).

q2 ¼ ðSD� PRESSÞ=SD (2)

where PRESS ¼ PðYpred � YmeanÞ2 and SD ¼ PðYactual � YmeanÞ2
SD is the sum of squares of derivations of the observed values

from their mean and PRESS is the prediction error sum of squares.
The q2 can take up values in the range from 1, suggesting

a perfect model, to less than 0 where errors of prediction are
greater than the error from assigning each compoundmean activity
of the model.

Because the final equations are not very useful to represent
efficiently the SOMFA models, 3D master grid maps of the best
models are displayed by Grid-Visualizer program. These grids
represent area in space where steric and electrostatic field inter-
actions are responsible for the observed variations of the biological
activity.
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