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Abstract: Computational techniques involving mo-
lecular modeling coupled with multivariate statistical
analysis were used to evaluate and predict quantita-
tively the enantioselectivity of lipase B from Candida
antarctica (CALB). In order to allow the mathemati-
cal and statistical processing of the experimental
data largely available in the literature (namely enan-
tiomeric ratio E), a novel class of GRID-based mo-
lecular descriptors was developed (differential mo-
lecular interaction fields or DMIFs). These descrip-
tors proved to be efficient in providing the structural
information needed for computing the regression
model. Multivariate statistical methods based on

PLS (partial least square – projection to latent struc-
tures), were used for the analysis of data available
from the literature and for the construction of the
first three-dimensional quanititative structure-activi-
ty relationship (3D-QSAR) model able to predict
the enantioselectivity of CALB. Our results indicate
that the model is statistically robust and predictive.
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Introduction

Recent advances in computational sciences have led
to novel sophisticated and refined methods that are
able to describe the biocatalyst machinery in detail.
Solutions of research problems in molecular modeling
of enzymes can be found within different time frames
and accuracy levels, which depend on the computa-
tional techniques used. Nonetheless, the in silico
quantitative prediction of enzyme enantioselectivity is
still a formidable goal to be reached.[1] A number of
studies has faced this problem by searching for the
structural differences inducing discrimination between
the fast-reacting and the slow-reacting enantiomer,[2]

also by means of approaches based on free energy dif-
ferences between the two tetrahedral intermediates.[3]

Methods able to predict quantitatively the enantio-
selectivity would have great practical and theoretical
impact and they would act as a rational tool, alterna-
tive to experimental screening procedures. However,
despite the application of computationally intensive
simulation protocols and state of the art molecular
modeling techniques, very rarely has a real quantita-

tive prediction of enzyme enantioselectivity been ach-
ieved so far.

In a pioneering work Tomić and co-workers devel-
oped a predictive model for the enantioselectivity of
lipase from Burkholderia cepacia (BCL) by exploiting
3D-QSAR (quantitative structure-activity relation-
ship) methodology.[4] The strategy was based on the
calculation of the energies of interaction between the
two enantiomers and selected crucial amino acid resi-
dues playing key roles in secondary alcohol enantio-
differentiation. The free energy of the tetrahedral in-
termediate was calculated by means of a linear combi-
nation of interaction energy, polar and non-polar sol-
vent accessible surface, whose relative weights were
evaluated by PLS (partial least square) analysis. The
models were able to unambiguously predict the fast-
reacting enantiomer and the approximate magnitude
of the enantioselectivity.

In a recent work we demonstrated that 3D-QSAR
can be applied for the quantitative prediction of peni-
cillin G amidase (PGA) selectivity by elaborating
statistical models able to correlate the 3D structure of
substrates with the selectivity constants (kcat/Km) of
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selected hydrolytic reactions.[5] As in the case of the
work of Tomić, the predictive model was based on the
idea of correlating the structural features of substrates
with their selectivity but in the latter case no energy
calculations were utilized. Instead, the correlation was
based on the pure geometric interpretation of sub-
strate conformations generated by the docking algo-
rithm, subsequently refined by short molecular dy-
namics (MD) simulations.

The present work now focuses attention on the
enantioselectivity of the lipase B from Candida ant-
arctica (CALB): the original computational approach
is expanded with the aim of enabling the mathemati-
cal and statistical processing of the experimental data
largely available in the literature expressed as enan-
tiomeric ratio “E”. For this purpose, the predictive
models were calculated on the basis of an experimen-
tal data set coming from three different works found
in the literature, which are constituted by the values
of enantiomeric ratio for the resolution of sec-alco-
hols and sec-amines catalyzed by CALB.

The resolution of racemic compounds by CALB is
one of the most studied biocatalytic systems for
which the molecular basis was therefore previously
analyzed.[6] The stereochemical preference of this
enzyme usually follows an empirical model generally
referred to as Kazlauskas rule.[7] Other significant
molecular modeling-based studies of the enantiose-
lectivity of CALB have also been done by the
groups of Pleiss et al.[8] and Hult et al.[9,10] which,
among other things, contributed to elucidate the
binding mode of the enantiomers in the stereospeci-
ficity pocket of CALB. Even though these results
can be a valuable tool for the qualitative prediction
of the resolving potential of CALB towards many
compounds, they do not offer a quantitative predic-
tion of the enzyme�s enantioselectivity which is, in
principle, hard to achieve.

The kcat/Km ratio depends on the free energy of the
transition state of the reaction, which is generally cal-
culated either by simplified methods based on molec-
ular mechanics[1] or more refined methods, such as
QM/MM and free energy perturbation.[1,11] While the
over-simplification of the former methods makes
quantitative predictions unfeasible, the latter are defi-
nitely much too time-consuming to be attractive as
predicting tools and, above all, they often still provide
unsatisfactory quantitative accuracy.

The calculation of the 3D-QSAR models by regres-
sion analysis implies the correlation between the E
values and suitable molecular descriptors. A novel
class of molecular descriptors was conceived and cal-
culated to provide quantitative information on the di-
versity in enzyme-enantiomers interactions. Such de-
scriptors are based on the GRID[12] computational
method and were named “differential molecular inter-
action fields” (DMIFs) since they account for the dif-

ferent interactions established by the two enantiomers
inside the active site of the enzyme. Although the
overall computational protocol is based on low com-
putational demanding algorithms, the quality of pre-
diction obtained with the 3D-QSAR model resulted
to be among the highest reported so far in the litera-
ture, thus confirming the potential of the hybrid ap-
proach coming from the combination of modeling and
multivariate statistics.

Results and Discussion

General Strategy

The construction of the 3D-QSAR model involved a
protocol that can generally be divided into four prin-
cipal stages: a) definition of the training set and re-
finement of the structures of both the enzyme and the
substrates; b) calculation of the active conformers of
the substrates by molecular dynamics simulations; c)
generation of the molecular descriptors for the cou-
ples of enantiomers by means of GRID analysis and
DMIFs calculation; d) multivariate statistical analysis
of the data and generation of the mathematical pre-
dictive model.

Stages a) and b) were performed by means of mo-
lecular mechanics simulations, whereas, for stages c)
and d), the GRID analysis was employed in combina-
tion with chemometric tools. In particular, the PLS
method (partial least squares – projection to latent
structures) was used for the calculation of the regres-
sion model.

Definition of the Training Set and Refinement of the
Structures

The model was constructed on the basis of a training
set constituted by seven racemic amines and twelve
racemic alcohols and the corresponding values of
enantiometic ratio (E) measured experimentally in
the enzymatic acylations as reported in three works
taken from the literature (Table 1 and Table 2).[7–11]

These reactions were selected, among the numerous
examples reported in the literature, because they
meet the necessary requirements in terms of variabili-
ty of structures and E values, which are crucial for the
generation of a consistent 3D-QSAR model.

Secondary alcohol resolution catalyszd by CALB is
probably the most studied biocatalytic system, there-
fore this supports the reliability of the experimental
data and ensures the robustness of the model. The
distribution of enantiomeric ratio values throughout
the data set is well balanced and structural diversity
of nucleohpiles is significant. Some difficult cases are
included, such as nucleophiles bearing halogen substi-
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tution in the medium-sized chain, which are not re-
solved by CALB because of polarity effects.[13]

The aim of this work was to quantify mostly the
effect of the nucleophile structure on E, since it is
known that it is generally predominant.[7] As a conse-
quence, only three different acyl donors are consid-
ered in the data set. Moreover, the acyl donor acts
also as solvent, so that the increase of its chemical di-
versity might introduce the risk to confound the effect
of solvent and enzyme-substrate interactions on the
enantioselectivity, rather than increasing the predic-
tivity of the model.

It must also be noted that overextending the data
set, namely taking data from many different works,
made by different research groups under different ex-
perimental conditions, introduces the risk of data un-
consistency, chancy correlations and increase of noise
in the model. For the evaluation of a QSAR applica-
tion on similar systems, the priority is to ensure the
quality of the experimental data. Only in a second
stage can an increase of the data set diversity and
complexity be considered in order to expand the ap-
plication field of the models.

The first and the most delicate step of the study in-
volved the calculation and the assessment of the tetra-
hedral intermediates for each acylation reaction by
molecular modeling techniques. For this purpose, the
corresponding esters and amides were docked into
the active site of the lipase and the best conformers
were chosen on the basis of the results of the docking
algorithm scoring function (London dG[14]) as well as
by evaluating the geometric compatibility with the ini-
tiation of the catalytic mechanism. Different criteria
were taken into account during the structural compat-
ibility assessment: i) the correct orientation of the
acylic and nucleophilic portion of the conformer
inside the hydrophilic/hydrophobic pocket of the
active site; ii) the distance of the catalytic Ser105
from the carbonyl carbon of the substrate, which must
be compatible with the nucleophilic attack; iii) the
correct orientation of the carbonyl oxygen toward the
Thr40 and Gly106 that constitute the oxyanion hole.

The tetrahedral intermediates (TI) were then simu-
lated by forming a covalent bond between the hy-
droxy group of the catalytic serine (Ser105) and the
carbonyl carbon of the acylated substrate, thus result-
ing in the corresponding oxyanions (Figure 1).

Table 1. Data set for the resolution of the chiral 1-arylethyl-
amines.

Amine Donor E[24,25]/F.r.[a]

1 Ethyl acetate 110 (R)
2 Methyl methoxyacetate 232 (R)
3 Ethyl acetate 66 (R)
4 Ethyl acetate >100 (R)
5 Ethyl acetate 32 (R)
6 Ethyl acetate 24 (R)
7 Ethyl acetate 120 (R)

[a] F.r.= fast reacting enantiomer.

Table 2. Data set for the resolution of sec-alcohols.

Alcohol Donor E[26,27,28]/F.r.[a]

8 Octanoyl acetate 340 (R)
9 Octanoyl acetate 8 (R)
10 Octanoyl acetate 760 (R)
11 Octanoyl acetate 430 (R)
12 Octanoyl acetate 100 (R)
13 Octanoyl acetate 370 (R)
14 Octanoyl acetate 10 (R)
15 Octanoyl acetate 7 (S)
16 Octanoyl acetate 1.6 (R)
17 Octanoyl acetate 62 (R)
18 Octanoyl acetate 1.3 (S,R)
19 Octanoyl acetate 90 (S,S)

[a] F.r.= fast reacting enantiomer. Figure 1. Generation of the tetrahedral intermediate.
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Calculation of the Active Conformers of the
Substrates by Molecular Dynamics Simulations

Each of the tetrahedral intermediates was subjected
to 300 ps of a molecular dynamics simulation in which
only amino acid residues within a 10 � radius sphere
from the catalytic serine (Ser105) were allowed to
move. The rest of the protein was kept constrained.
The MDs were performed in the NTV ensemble (see
Experimental Section) and they generated energy-
stable complexes within the first few tens of ps of the
simulations. In the case of amides with high E values,
important structural differences were observed be-
tween the TIs of the fast- and the slow-reacting enan-
tiomers. As shown in Figure 2 for substrate 1, the TI
of the fast-reacting enantiomer is embraced inside the
hydrophilic pocket on the right hand portion of the
active site (the so-called alcoholic sub-site). On the
other hand, the TI of the slow-reacting enantiomer re-
mains at the outer region of the active site which
makes the second nucleophilic attack unfeasible.

Another evident discriminating factor is illustrated
in Figure 3, which represents the outcome of the MD-
based conformational search of the two enantiomers
of substrate 8. In the case of the slow-reacting enan-
tiomer, the minimum energy conformer is not able to
perfectly place the oxyanion in the oxyanionic hole,
with a consequent energy destabilization as compared
to the fast-reacting enantiomer where stabilizing hy-
drogen bonds take place between the oxyanion and
the Thr40 and Gly106 residues of the oxyanion hole.

In this case the MD causes the evolution of the
slow-reacting enantiomer towards an unproductive

conformation, as defined by the criteria used for the
docking scoring. This means that the initiation of the
reaction for that enantiomer is unfavorable and con-
sequently the E values is very high. Although this
leads to the comparison of productive and unproduc-
tive conformations in the QSAR, this dramatic con-
formational difference is certainly correlated to the
high E, so that both the productive and unproductive
conformers must be included in the model.

Figure 2. Initial (red) and final (yellow) conformation of the slow-reacting (S), on the left, and the fast-reacting (R) enantio-
mer, on the right, of amide 1 in Table 1.

Figure 3. Energy minima conformations of the fast-reacting
(blue) and the slow-reacting (yellow) enantiomers for the
acylation of compound 8 obtained by MD simulations. The
different orientation of the oxyanions (in red) is clearly visi-
ble: only the fast-reacting enantiomer is stabilized through
the formation of hydrogen bonds (dashed lines) with Thr 40
and Gly 106.
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Generation of the Molecular Descriptors for the
Couples of Enantiomers by means of GRID Analysis
and DMIFs Calculation

The outcome of every MD simulation was carefully
analyzed and conformers with the lowest potential
energy (as calculated by MD algorithm for the whole
unconstrained part of the system, therefore within the
active site region) were selected as the best simula-
tions of the different TIs and they were used for the
construction of the 3D-QSAR model. The enzyme-
substrate complexes were superimposed by overlaying
the catalytic triad and the oxyanion hole of all select-
ed configurations. This was necessary because after
the MD simulations the Cartesian coordinates of the
systems were perturbed, although the conformational
changes of the active site residues were always negli-
gible. The protein structures were discarded after the
removal of the covalent bond between the substrates
and the catalytic serine, while the overall geometry of
the substrate conformers was kept unaltered, to gen-
erate a so-called “supermolecule”, which consisted in
all the 38 active conformers (19 enantiomeric cou-
ples), both R and S.

GRID analysis was then performed by setting the
dimensions of the grid to contain all the conformers
and each of them was analyzed separately. In order to
take into account the most important non-covalent in-
teractions, two probes with diverse physico-chemical
properties were used in the calculation of the molecu-
lar interaction fields, namely the water and the dry
probe. The water probe describes and quantifies the
dipolar interactions and the hydrogen bond forma-
tion, whereas the dry probe considers all the hydro-
phobic interactions.[6]

The basic concept in every QSAR analysis is to as-
sociate unambiguously an “activity” value (namely
the property of interest) to each constituent of the
data set. Since the “activity” considered in this study
is the enantiomeric ratio, which is an intrinsic proper-
ty of a couple of molecules, the molecular interaction
fields (MIFs) calculated for every conformer sepa-
rately miss the correspondence to the above-men-
tioned property. Therefore, the structural information
regarding couples of enantiomers and contained in
the respective MIFs had to be merged in order to
become single entities. For this purpose, a new class
of molecular descriptors was conceived and calculat-
ed, which were named “differential molecular interac-
tion fields” (DMIFs). The calculation was performed
in a matrix differential procedure where each variable
of the MIF of the slow-reacting enantiomer was math-
ematically subtracted from the corresponding variable
of the MIF of the fast-reacting enantiomer (Figure 4).
It must be noted that the redundancy of the informa-
tion contained in the calculated MIFs was cut by op-
erating a “zeroing values pretreatment”: all the posi-

tive/unfavorable interaction energies were set to zero,
because every cluster of positive variables (nodes of
the MIFs� grid) has a corresponding cluster of nega-
tive variables that contains information that is identi-
cal from the statistical point of view.

This procedure led to the quantitative evaluation of
the differences in interactions between the two enan-
tiomers and both polar and hydrophobic regions of
the active site. Consequently, DMIFs present null
values in the correspondence of areas where the en-
antiomers establish identical interactions with the
active site, whereas high absolute values indicate that
the enantiomers establish different interaction pat-
terns with the enzyme (Figure 4).

The DMIF concept is somehow inspired by the
GRID/CPCA approach,[15] but while in the GRID/
CPCA the original MIFs are used to generate the
matrix for a PCA analysis, with the aim of pointing
out the differences among the MIFs (corresponding
to the analyzed objects), here the matrix is construct-
ed by the differences of the MIFs because the aim is
to perform a regression analysis for the prediction of
a property (E) which is a function of a couple of ob-
jects (the enantiomers).

Multivariate Statistical Analysis of the Data and
Generation of the Mathematical Predictive Model

The energy values contained in the “differential ma-
trices” of the DMIFs were statistically analyzed to
generate PLS[16] models able to correlate the quantita-
tive differences between the two enantiomers with
the experimental E values. The three-dimensional

Figure 4. The procedure used for the calculation of the
DMIFs taking as example the case of interaction energies
between the water probe and the two enantiomers of com-
pound 16. The mathematical difference between matrices
was calculated to generate a single “differential matrix”.
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DMIFs are unfolded to form the so called bi-dimen-
sional X-matrix, where each row corresponds to an
enantiomeric couple and each column to a MIF grid
node, matching a specific three-dimensional position.
Each column of the X-matrix (containing the values
of the DMIFs) is an X variable and the enantiomeric
ratio E is the Y variable (or the “dependent” varia-
ble).

As a matter of fact, molecular interaction fields de-
scribe the steric and electrostatic properties of sub-
strates by sampling the interaction energies at all pre-
defined gridpoints. The multitude of gridpoints and,
therefore, the quantity of variables present in a DMIF
can be extremely high even in the case of small mole-
cules. Moreover, some of these variables are more in-
formative than others. Although the procedure of
DMIF calculation halved the number of objects, the
number of independent X variables was still unvaried
and it amounted to 24,950 for each couple of enantio-
mers. Therefore, the first stage in the statistical analy-
sis was the choice of the most important variables and
the discarding of the insignificant and redundant ones.

For this purpose the GOLPE program was used.
GOLPE is a software package largely used for the
construction, the validation and the interpretation of
3D-QSAR models. It is particularly adequate for
models with large numbers of variables since it has a
variety of tools for their selection. Once the DMIFs
were calculated, all those variables having very low
absolute values were discarded due to their negligible
contribution to the quantification of the differences in
enzyme-enantiomer interactions. Then, variables with
a standard deviation close to zero were discarded as
well because of their small variation through all of
the DMIFs, that makes them useless in discriminating
the objects in the data set. A last action was per-
formed on the remaining active variables by using the
“block unscaled weights” algorithm that attributes
different weights to all blocks of variables giving
them the same initial importance in the model with-
out modifying the variable scale. This latter step was
necessary because the polar interaction energies are
significantly higher in absolute value than the hydro-
phobic interaction energies, therefore the statistical
analysis would overestimate their importance in the
model. Finally, the standard GOLPE procedure was
applied on these pre-treated data, by employing the
D-optimal pre-selection and the FFD variable selec-
tion algorithm which conserved only 568 active varia-
bles.[17]

The multivariate statistical analysis was performed
on 16 of the initial 19 compounds, by performing the
PLS regression and five principal components were
calculated. Three compounds, fulfilling the require-
ment of having small, medium and high E values,
were randomly chosen and excluded from the training
set. The predictivity of the model was evaluated by

means of the leave-one-out (LOO) cross-validation
method as well as by performing an external valida-
tion using the GOLPE PLS external prediction on
the three compounds not included in the training set
(Table 3). The predictive correlation coefficient (q2)
provides the quantitative evaluation of the consisten-
cy of the model. The best q2 value for the model is
0.76 on the third principal component and 99 percent
of the variance of the model is explained by the first
two principal components (expressed by the correla-
tion coefficient r2).

Although the mathematical model was constructed
on the basis of an experimental data set with a broad
distribution of E values, the algorithm proved to be
quite predictive and robust as illustrated in Figure 5.
The worst predictions are represented by compounds
16 and 18 that are, however, characterized by ex-
tremely low E values (1.6 and 1.3. respectively). Be-
cause of these two compounds the model appears to
be more predictive towards compounds having higher
E values. It is an intrinsic property of any QSAR
model to be more robust for the compounds in the
middle of the activity range, simply because this zone
is usually more populated. Nevertheless, in all cases
the model is able to identify correctly the fast-reacting
enantiomer and, more importantly, to recognize those
couples of enantiomers characterized by poor enan-
tiodiscrimination (for substrates 16 and 18 the calcu-
lated E values are <15 in both cases).

The external validation was performed on three ad-
ditional compounds (8, 17, 9) not originally included
in the training set that were chosen due to their low,
intermediate and high E values, respectively. For
every compound the complete procedure was repeat-

Table 3. Comparison between the measured experimental E
values and the values calculated by the model in the LOO
(leave-one-out) cross-validation procedure applied on the
training set.

Compound Experimental E value Predicted E by LOO

1 110 50
2 232 98
3 66 46
4 100 80
5 32 42
6 24 35
7 120 67
10 760 326
11 430 253
12 100 60
13 370 146
14 10 8
15 7 11
16 1.6 13
18 1.3 7
19 90 73
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ed, as described above, in order to generate the mo-
lecular descriptors (DMIFs). Their E values were
then predicted by applying the generated 3D-QSAR
model. As it can be seen from Table 4, although the
model predicts with good precision the ability of the
enzyme to enantiodiscriminate within a couple of en-
antiomers (predictivity espressed as q2 =0.78), in the
case of compound 8 the E value is underestimated.
This underestimation was observed also for com-
pounds 2, 10, 11, 13 and it might suggest that the vari-
ables crucial for structural discrimination for sub-
strates having low E values are different as compared
to variables describing substrates with high E values.
In other words, the 3D-QSAR model is trained on
the basis of a pattern of interactions which are actual-
ly different as compared to those taking place in the

case of substrates with high E values, and this might
limit the predictivity of the PLS model. It should be
noted that in the case of compounds 2 and 13 the un-
derestimation given by the model could be ascribed
to the presence of the halogen substituent, whose
polar character might be measured with insufficient
precision by the water probe. Even though this probe
can adequately estimate polar interactions that are
not correlated to hydrogen bonding, the halogen
atoms might not be described comprehensively by the
force field parameterization of the water probe.

Therefore, a second model, specifically trained for
the prediction of high E values, was calculated in
order to refine the quantitative predictivity of E
values for those enantiomers that are efficiently enan-
tiodiscriminated by the enzyme. The new data set was
constructed by setting the value of E=50 as a thresh-
old since E values lower than 50 correspond to enan-
tiomers poorly enantiodiscriminated (examples are
compounds 3, 5, 6, 15 in Table 5).

Indeed, the predictivity of this second model im-
proved (q2 =0.88) and, as expected, the same model
was less efficient in predicting the E values for cop-
ules of enantiomers that are poorly enantiodiscrimi-
nated (data not shown).

This second “specialized” model is based on a
larger number of variables as compared to the first

Figure 5. Predictivity of the model in terms of experimental versus predicted E values.

Table 4. External validation of the calculated PLS model
(q2 = 0.78) towards compounds not included in the training
set.

Compound Experimental E
value

E calculated by the
model

8 340 105
17 62 46
9 8 8
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general model (618 instead of 568 of the general
model) and its increased predictivity suggests that the
variables involved in the two models are substantially
different, not only quantitatively.

It must be noted that each variable corresponds to
a specific grid point, therefore to a specific Cartesian
coordinate in the active site of the enzyme. To under-
stand the differences between the two models in
deeper detail, each single variable was analyzed and
its position in the space refolded. The two models
share nearly 25% of the variables (125 variables),
while they differ for the rest of them. A detail of the
analyzed space with the spatial position of included
variables is represented in Figure 6. It is evident that
in the first general model the crucial variables are
scattered throughout the active site, whereas in the
second “specialized” model the crucial interactions
are concentrated in the oxyanion hole and in the alco-
holic subsite (central and the right-hand part of the
molecule). The analysis confirms what emerged from
the conformational analysis: for substrates character-
ized by high E value the slow-reacting enantiomer
either cannot place the oxyanion into the oxyanionic

hole or it cannot place the alcoholic moiety inside the
corresponding subsite.

As a rule of thumb, when dealing with the predic-
tion for a new substrate, the first general model
should be used to obtain an initial classification of the
CALB enantiodiscriminating potential. If the first
model predicts a high E value, the second specialized
model should be used for obtaining a more refined
quantitative prediction.

Conclusions

The combination of molecular modeling with multi-
variate statistics constitutes a powerful tool for pre-
dicting and also interpreting the enantioselectivity of
biocatalysts. The remarkable flexibility of this
“hybrid” computational tool makes it adaptable to
the solution of different problems as well as to the in-
vestigation of the molecular basis of enantiodiscrimi-
nation. By definition, the success of any 3D-QSAR
strategy depends strongly on the experimental data
set used for the training of the mathematical model.
Moreover, the generation of the PLS model heavily
relies on the selection of the most informative varia-
bles of the whole data set. This statistical procedure is
of fundamental importance and constitutes one of the
bases of the QSAR paradigm.

Concerning the time scale of the whole computa-
tional procedure, a whole PLS model including a data
set of about 20 compounds, can be developed in
about one week using standard low-end computation-
al facilities. Once the model is available, screening of
substrates requires approximately one hour per mole-
cule. However, times can be heavily reduced by in-
creasing the computational power, since the confor-
mational analysis represents the most time-consuming
step of the protocol.

In conclusion, optimal 3D-QSAR models for the in
silico screening of a set of substrates must be devel-

Table 5. Data set used for the calculation of the second
model and for its validation in terms of predicted E values
by the LOO (leave-one-out) cross-validation procedure
(q2 = 0.88).

Compound Experimental E value Predicted E by LOO

1 110 114
2 232 218
4 100 134
7 120 156
8 340 340
10 760 480
11 430 360
12 100 112
13 370 275
19 90 130

Figure 6. Representation of variables utilized for the construction of the first general predictive model (left) and the second
“specialized” model (right). Substrate 8 is shown in both images, as an example.
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oped taking into account such constraints and then by
exploiting properly the flexibility of the statistical
tools.

Experimental Section

The protein structure used for this study was retrieved from
the Protein Data Bank (Id:1TCA). This initial structure was
pretreated in MOE[13] by removing the crystallographic
water molecules and two molecules of NAG (N-acetylglu-
cosamine) present in the pdb file. Hydrogen atoms were
added and their position was optimized with an energy mini-
mization procedure in the Amber99 force field in its MOE
implementation. Subsequently a minimization of the side
chains was performed keeping the backbone atoms fixed.

The substrates were built, minimized and then docked
into the active site of CALB by means of the DOCKING
module of MOE. The docking was performed on a 10 �
radius selected area surrounding the active site. The force
field used for the docking was MMFF94x, the charges of
substrate atoms were calculated at the QM PM3 semi-em-
pirical level, by means of the MOPAC7 program. The initial
positions of the substrates were manually set in order to
meet the criteria previously reported. For each substrate,
the conformation presenting the highest score and fulfilling
the structural requirements for the initiation of the enzymat-
ic catalysis, was chosen.

Construction of Tetrahedral Intermediates

All tetrahedral intermediates were sketched bonding the hy-
droxy oxygen of the serine residue (Ser 105) and the reac-
tive carbonyl carbon of the substrate. This carbon atom
changes to a tetrahedral sp3-hybridized configuration. The
partial charges and geometry of this chemical species (the
substrate and the serine) were calculated by an ab initio al-
gorithm, based on DFT-TZVB, by Turbomole.[23] In the mo-
lecular mechanics calculations, the standard MMFF94x atom
types were used for the atoms of the tetrahedral intermedi-
ates, while bond lengths, angles and torsions on tetrahedral
carbon were constrained to the values obtained by the ab
initio optimization.

Molecular Dynamics

The molecular dynamics simulations were performed using
the DYNAMICS module of MOE. All the dynamics were
performed in an NVT environment simulating the tempera-
ture of approximately 300 K. In order to reduce the calcula-
tion time, the attention was focused on the relevant part of
the system: all the atoms of the substrate and the protein
residues within a sphere of 10 � radius, centered on the cat-
alytic serine (Ser105) were allowed to move, all the rest of
the system was kept constrained. An integration time of 2 fs
was used and a frame of the trajectory was saved every
10 fs.

Each substrate conformation chosen for the construction
of the data set for the QSAR analysis, was the one charac-
terized by the lowest potential energy out of all the frames
saved in the dynamics database. All enzyme structures
chosen by these criteria were superimposed with the data-

base viewer superpose implementation. The active conform-
ers were than extracted.

GRID

The GRID analysis was performed on every constituent of
the data set. The chosen dimensions of the cage were 14 ��
24 �� 21 � with NPLA (number of grid planes per �ng-
strçm) set to 2 while the probes used were DRY (hydropho-
bic probe) and H2O (water probe). Once the MIFs have
been calculated, all the unfavorable interactions were set to
zero. For the DMIFs calculation a specific algorithm was
constructed which performs the matrix differential proce-
dure for the subtraction of the two MIFs.

GOLPE

The pretreatment section of GOLPE was used to perform
the variable selection. All the variables having an absolute
value lower than 0.1 for the water probe and 0.03 for the
dry probe were set to zero and those with standard devia-
tion of less than 0.2 for the water probe and 0.06 for the dry
probe were discarded. The pretreatment was eventually
completed with the block unscaled weight application.

Both PLS models with 5 principal components were com-
puted and validated with the LOO (leave-one-out) method.
The prediction ability of the general model was tested on a
test set by using the PLS predictions module of the GOLPE
program.
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