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Abstract: A new approach for predicting the selectiv-
ity of penicillin G amidase (PGA) – expressed as kcat/
KM – is here described. Regression models were con-
structed correlating the experimentally determined
kcat/KM of a limited number of substrates to molecular
descriptors calculated by using methods generally em-
ployed in drug discovery for quantitative structure-ac-
tivity relationship (3D-QSAR methods). Two differ-
ent methods for the calculation of molecular descrip-
tors have been tested, namely GRIND and Volsurf.
The real predictions, made on molecules not used
for constructing the models, had an accuracy suffi-
cient for being useful in the experimental practice.

Both approaches led to models able to predict sub-
strate selectivity even without modelling the en-
zyme-substrate complex, whereas the prediction of
enantioselectivity was feasible only by combining
the GRIND approach with the conformational analy-
sis of the substrates inside the enzymeDs active site.
The present approach represents an actual alternative
to screening procedures since it allows one to develop
a whole predicting model in a few hours, once a small
set of experimental data is made available.

Keywords: biocatalysis; 3D-QSAR; enzyme selectivi-
ty; molecular modelling; penicillin amidase

Introduction

Substrate selectivity, along with regio-, chemo- and ster-
eoselectivity, are the most valuable properties of en-
zymes and the full exploitation of biocatalysts in produc-
tive processes relies on the possibility to identify and se-
lect the proper enzyme for a reaction of interest. Al-
though high-throughput screening methods are becom-
ing routine practice, their cost makes them usually
affordable only to some industrial realities.
As an alternative strategy, the most suitable biocata-

lyst can be identified by applying models able to predict
the selectivity of a knownenzyme, thatmeans predicting
the kcat/KM constant (selectivity constant) of the enzyme
for a given substrate. In this view it appears clear that the
possibility to predict enzyme kinetics bymeans of fast in
silicomethods would be of major utility for avoiding ex-
pensive and time-consuming unsuccessful experiments.
Molecular modelling approaches have been exten-

sively used in biocatalysis research with the aim to un-
derstand and ultimately to predict enzyme selectivity.
The kcat/KM ratio depends on the free energy of the tran-
sition state of the reaction, which is generally calculated
either by simplified methods based on molecular me-

chanics[1] or more refined methods, such as QM/MM
and free energy perturbation.[1,2] While the over-simpli-
fication of the former methods makes quantitative pre-
dictions unfeasible, the latter are definitely much too
time-consuming to be attractive as predicting tools
and, above all, often they still provide unsatisfactory
quantitative accuracy.
Recently, Tomić et al.[3] described an example of an al-

ternative strategy for the development of quantitative
predicting models while avoiding direct free energy cal-
culations. This was accomplished by using 3D-QSAR
(three-dimensional quantitative structure-activity rela-
tionships) to regress descriptors of the chemical system
to the experimentally determined enantioselectivity (E
value) of Bulkholderia cepacia lipase. The free energy
of the tetrahedral intermediate was calculated bymeans
of a linear combination of interaction energy, polar and
non-polar solvent accessible surface, whose relative
weights were evaluated by PLS (partial least square)
analysis.
The rationale behind the present research is to try to

construct multiple regression models able to correlate
kcat/KM to suitable molecular descriptors of the sub-
strates considered, thus avoiding the calculation of the
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free energy of the transition state. This allows us to pre-
dict enzyme selectivity in silico by applying an empirical
mathematical model constructed on the basis of a set of
experimental data.

Results and Discussion

Selection of the Experimental Data Set (Training Set)

The hydrolysis of different amides and of one ester, cat-
alyzed by penicillin amidase (PGA), was chosen asmod-
el reaction and the values of kcat/KM, experimentally
measured and previously published by the group of Šve-
das,[4,5] were used as the training data set. Multiple re-
gression models were constructed on the basis of mo-
lecular descriptors calculated by two different GRID-
derived QSAR methods – namely GRIND[6] and Vol-
surf.[7] Unlike the classical 3D-QSAR approach, such
as the CoMFA method,[8] the GRIND and the Volsurf
methods present the major advantage of being inde-
pendent from any alignment of molecules, which is usu-
ally a primary source of error in this kind of studies.[9,10]

The experimental data set (DS19) includes the kcat/KM
values for the hydrolysis of 19 substrates presenting a
quite broad structural variability comprising seven b-
lactam compounds, ten N-phenylacetyl amino acids,
one anilide and one ester (Table 1). Within these sub-
strates, a sub-set made of only 10 structures (DS10)
was defined (Table 1), in order to verify the possibility
to build up the models on the basis of a restricted train-
ing data set.

Conformation of the Training Set Molecules

TheGRID analysis was performed on conformations of
the substrate molecules selected according to two strat-
egies. In the first case, an accurate conformational anal-
ysis of each substratewithin the active site of the enzyme
was performed. The molecules were docked into the ac-
tive site of PGA, following a set of guidelines previously
reported by our group,[11] then each enzyme-substrate
complex was solvated, by adding explicit water mole-
cules, and subjected to 100 ps of a molecular dynamics
simulation. In the first 10 ps the system was heated,
then the temperature was kept constant at 300 K. Dur-
ing the simulation no drastic structural variationwas ob-
served (rms for heavy atoms <1.2 N in all cases), dem-
onstrating a general structural stability of the com-
plexes. All the simulations reached the equilibrium
within the first 60 ps, as demonstrated by the fact that
the rms atomdeviationwas always <0.9 Nand the aver-
age temperature was between 299.98 and 300.01 K.
Ten different conformations were sampled from the

last 10 ps of the simulation for each molecule of the

data set and a mean structure was calculated from
them and used for the construction of the two training
sets (DS19 and DS10).
The second strategy was developed with the aim of

verifying whether the predictivity of the models relies
strictly on the knowledge of the correct conformation
of each substrate upon its binding into the active site.
Therefore, in this second case, conformations of the
molecules were randomly generated (training sets
DS19random and DS10random) and the information ob-
tained by the molecular dynamics was completely dis-
carded. The conformation of eachmolecule was entirely
regenerated by using the Cartesian Perturbation func-
tion of the MOE program. This function randomly
changes the spatial coordinates of all the atoms of the
molecule, preserving bonds and chirality, so that the
structure is literally “scrambled”. For each molecule
one conformer was generated and its energy was mini-
mised.
The procedure leading to the construction of the

DS10random and DS19random was repeated three times so
that three different and independent models, in which
each molecule has a different randomly chosen confor-
mation, were obtained.

Table 1. Molecules of the training set. Data Set 19 is made up
by all the molecules of Data Set 10 and by the molecules re-
ported in the table. The experimental kcat/KM values were ta-
ken from the literature.[4,5]

Data Set 10

Molecules kcat/KM

Ampicillin 2.20 ·103

Cephalexin 2.60 ·104

Benzilpenicillin 1.70 ·107

Phenylacetyl-ADCA 5.00 ·106

N-Phenylacetylalanine 2.1 ·107

N-Phenylacetylphenylglycine 4.7 ·106

N-Phenylacetylphenylalanine 2.1 ·107

N-Phenylacetylglycine 1.9 ·107

Ethyl phenylacetate 3.80 ·106

2-Amino-N-(4-nitrophenyl)-2-phenylacetamide 1.57 ·102

Data Set 19¼Data Set 10þ the following

Benzilpenicilloic acid 2.00 ·104

Cefalothin 6.00 ·105

Cefaloridin 3.30 ·105

N-Phenylacetylasparagine 1.20 ·104

N-Phenylacetylaspartate 1.70 ·106

N-Phenylacetylisoleucine 2.00 ·106

N-Phenylacetylleucine 3.80 ·105

N-Phenylacetylvaline 5.00 ·105

N-Phenylacetyllysine 2.00 ·106
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Calculation of the Molecular Descriptors: the GRIND
Method

Both the GRIND and the Volsurf methods stem from
the chemical description of the substrates by means of
the GRID program,[12] which is a computational proce-
dure that calculates the interaction energies between
the substrate and a small chemical probe (e.g., a func-
tional group). Energies are calculated in all the nodes
of a three-dimensional grid, which spans the structure
of the substrates considered. The output is called Mo-
lecular Interaction Field (MIF), which can be visualised
as an isopotential surface and it can be used as input for a
subsequent multivariate analysis to generate QSAR
models.[10]

The GRIND method transforms the information in-
cluded in the MIF into alignment independent descrip-
tors (correlograms) able to describe the different chemi-
cal groups in the molecule and their relative spatial posi-
tion. The calculation of GRID Independent Descriptors
(GRIND) is a two-step procedure. Firstly the hundreds
of thousands variables, which constitute the original
MIF, are filtered in order to select the most relevant
groups of nodes and to discard redundant variables.
The chosen nodes must fulfil the requirements of hav-

ing low energy values (corresponding to favourable in-
teractions with a given probe) and being as distant as
possible from each other. The second step is the so-
called Maximum Auto and Cross Covariance (MACC)
transformation. It is an autocorrelation procedure,[13]

inwhich the nodes, selected in the first step, are screened
by identifying couples of nodes that are localised at a de-
fined distance. The algorithm uses vectors of length go-
ing from 1 N to n N, in dependence on the size of the
molecule under investigation, to localise the couple
and then the energy product of the two nodes is calculat-
ed. When more than one couple of nodes fulfils the dis-
tance requirement, only the vector representing the
maximum energy product is conserved. The correlation
can be performed between nodes belonging to the same
MIF (generated by the same probe), or to different
MIFs (generated by two different probes), resulting in
Auto- or Cross-correlation, respectively. Therefore, at
the end of this procedure each molecule of the data set
is described by i) a number of vectors, which link couples
of original MIF nodes, and ii) their energy products. A
graphical example can be found in Figure S1 in the Sup-
porting Information. The descriptors can be plotted in a
correlogram profile, where the distances (the lengths of
the vectors) appear on the x axis and the energy product
on the y axis (Figure S2 in the Supporting Information).
Each correlogram constitutes a sort of fingerprint of the
molecule and represents the molecule independently
from its position in the space. Ultimately, the correlo-
grams form the inputmatrix for themultivariate analysis
and the construction of the regression models.

Calculation of the Molecular Descriptors: the Volsurf
Method

In the case of theVolsurfmethod, themolecular descrip-
tors are calculated from the GRID molecular interac-
tion fields with the aim to describe chemical-physical
properties of themolecules. As amatter of fact, the Vol-
surf method was originally developed for the prediction
of pharmacokinetic properties of drugs and especially
the interactions between drug molecules and biological
membranes. The method has demonstrated impressive
performances in the prediction of drug solubility, mem-
brane permeation and intestinal adsorption.[6] Exhaus-
tive information on the molecular descriptors used by
the Volsurf methods can be found in the original work
of Cruciani et al.,[6] whereas Table 2 reports a schematic
description of some of the most relevant ones which
were used in the present investigation.

Regression Models

The multivariate statistical strategy for the calculation
of regression models was the same for both the GRIND
and the Volsurf methods. The standard NIPALS algo-
rithm, in its GRIND and Volsurf implementation, was
used to calculate the Partial Least Squares (PLS) mod-
els: five principal components were calculated and all
the descriptors were used.[14] The predictivity of the
model was evaluated by cross-validation performed by
means of the Leave-One-Out method, because of the
limited number of molecules in the data set. The predic-
tive correlation coefficient (q2) provided a quantitative
evaluation of the capacity of the model to predict the
kcat/KM value for molecules external to the training set.
TheFFDalgorithm for variable selectionwas then ap-

plied in order to reduce the number of variables and to
maximise the information that can be extracted from
them. After this variable selection procedure, the
cross-validation was repeated, obtaining an increase of
q2 of at least 20% for all the models. The complexity of
the model (the number of principal components con-
served) was chosen in order to maximise the explained
variance and the predictivity. In most of the cases two
principal components represented the best compromise.
Results for GRIND and Volsurf are summarised in

Table 3, while a schematic representation of the whole
strategy can be found in Figure 1.

Predictivity of the Models

BothGRINDandVolsurf demonstrated to be appropri-
atemethods for the quantitative prediction of PGA sub-
strate selectivity. The correlation coefficient (r2) – which
indicates the ability of themodel to explain the variance
of the original variables – and the predictive correlation
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coefficient (q2) show that the models are robust and ef-
fectively predictive (Table 3).
Concerning the models based on the randomly gener-

ated conformations, the procedure leading to the con-
struction of the DS10random and DS19random was repeated
three times in order to have three different independent
models and to exclude chance results. The differences
among the three resulting models were extremely limit-
ed (standard deviation of r2 and q2 <0.18 in the case of
GRIND, <0.08 in the case of Volsurf). Therefore, the
three models are discussed as a single one and q2 and
r2 in Table 3 are the mean of the three values.
It must be underlined from the inherent nature of the

regressionmodels it derives that they are able to predict
the effect of a variable (e.g., a specific structural feature
of amolecule) as long as such a variable is somehow rep-
resented in the training set. As a consequence, models
that are built up on the basis of a training set of structur-
ally homogeneousmolecules are expected to have anex-
cellent predictivity but only with respect to molecules
that fall within the structural features accounted for by
the training set. This explains the lower predictivity of
the enlarged model (DS19), which comprises a wider
structural variability, although its lower predictivity is
largely compensated by the applicability of the model
to molecules having a broader structural diversity.

Table 3. Statistical results of the GRIND and Volsurf models.
The models with highest statistical significance are reported
in bold characters.

GRIND

Number of PCs DS10 DS10random DS19 DS19random

R2 q2[a] r2 q2[a] R2 q2[a] r2 q2[a]

1 0.86 0.54 0.88 0.53 0.71 0.45 0.57 0.36
2 0.98 0.76 0.96 0.78 0.83 0.52 0.72 0.48
3 0.99 0.87 0.98 0.85 0.94 0.48 0.85 0.21

Volsurf

Number of PCs DS10 DS10random DS19 DS19random

R2 q2[a] r2 q2[a] R2 q2[a] r2 q2[a]

1 0.92 0.66 0.88 0.44 0.59 0.12 0.65 0.33
2 0.96 0.93 0.94 0.82 0.80 0.49 0.76 0.48
3 0.99 0.95 0.95 0.85 0.85 0.69 0.81 0.40

[a] The predictive correlation coefficient is calculated by the
Leave-One-Out (LOO) method and it is based on this
equation:

.[14]

A q2>0.4 indicates that the predictivity of the model is
adequate. All the models are acceptable and predictive,
since the explained variance is>80% and q2 is>0.4.

Table 2. A schematic description of some of the most relevant Volsurf descriptors.[7] The complete list can be retrieved from
the Moldiscovery web site (www.moldiscovery.com).

Molecular Surface The surface generated by a water probe interacting at 0.20 kcal/mol.
Molecular Volume It represents the volume contained within the water accessible surface computed at 0.20 kcal/

mol.
Rugosity Ratio volume/surface. The smaller the ratio, the larger the rugosity
Molecular Globularity Globularity is defined as S/Sequivalent, in which Sequivalent is the surface area of a sphere of volume

V. It assumes values greater than 1.0 for real spheroidal molecules.
Hydrophilic Regions
(W1–W8)

The volume of MIF generated by water probe at 8 different energy levels (�0.2, �0.5, �1.0,
�2.0, �3.0, �4.0, �5.0, �6.0 kcal/mol)

Hydrophobic Regions
(D1–D8)

The same, but for the hydrophobic probe.

Integy Moments (Iw1–Iw8) Vectors pointing from the centre of mass to the centre of W1–W8, respectively. If the integy
moment is high, the hydrated regions are clearly concentrated only in one part of the mo-
lecular surface. If the integy moment is small, the polar moieties are either close to the centre
of mass or uniformly distributed around the molecule.

Hydrophobic Integy
Moments

The same but considering the hydrophobic regions.

Capacity Factors The ratio between the hydrophilic regions and the molecular surface
Hydrophilic-Lipophilic
Balance

The ratio between the hydrophilic and the hydrophobic regionsD surfaces

Amphiphilic Moment Vector pointing from the centre of the hydrophobic domain to the centre of the hydrophilic
domain

Critical Packing Parameter Ratio between the hydrophobic and lipophilic parts of a molecule. Conversely to HL balance,
CP refers just to the molecular shape

Hydrogen Bonding Differences between the hydrophilic volumes (W1–W8) generated by the water probe and
any other polar probe included, at the same energy level. Since water can donate and accept
H-bonds, this descriptor measures the nature of H-bonding capabilities of the molecule.
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Some real predictions, usingmolecules not included in
the original training set, were also performed, in order to
have a further “independent” validation criterion. Ta-
ble 4 reports kcat/KM values calculated by using the
DS19 model for a test set of substrates (molecules not
originally included in the training set) and, for compar-
ison, also the experimentally determined data. It must
be noted that also the experimental data used for the
test set were taken from the work of Švedas[4,5] to mini-
mise errors coming from the variability of experimental
conditions.
The conformations of molecules of Table 4 were gen-

erated simply by means of an automated docking simu-
lation into the active site of PGA. Afterwards, the
GRID and Volsurf descriptors for the resulting confor-
mations were calculated and kcat/KM values were pre-
dicted by using the PLS models previously constructed.
The whole procedure was completed in the minutes
time-scale.
Both GRIND and Volsurf demonstrated to be able to

correctly predict kcat/KM with a satisfactory accuracy
(Table 4).

The limited differences between DS10 andDS10random
and between DS19 and DS19random demonstrate that the
validity of the GRIND method is quite independent
from the calculation of the precise conformation ac-
quired by the molecules inside the active site. Of course
this observation cannot be automatically extended to
other biocatalysed systems and, especially, it is valid as
long as the aimof themodel is confined to the prediction
of substrate selectivity.As amatter of fact, when the pre-
dictivity of the GRIND models was verified against a
test set (Table 4) the prediction of enantioselectivity
was satisfactory only in the case of the GRIND models
constructed on the basis of the DS10 and DS19 training
sets, while themodels based on the data set with random
conformations (DS19random and DS10random) were not
predictive. This expected result is a consequence of the
fact that enzyme enantiodiscrimination is mainly a con-
sequence of the different conformations acquired by the
two enantiomers upon binding inside the active site.
The good results obtained with theVolsurfmodels are

somehow surprising. Volsurf descriptors are appropri-
ate for a detailed description of physical-chemical prop-
erties, whereas the information accounting for the steric
features of the molecules is very limited.
Nevertheless, the predictivity is high both for the ran-

dom and for the conformation-based models (q2 higher
than 0.8 for DS10, higher than 0.6 in the case of DS19,
see Table 3). The unexpected result can be interpreted
in terms of the original ability of the Volsurf descriptors
to describe interactions between molecules and biolog-
ical membranes and physical-chemical phenomena
more in general. On this basis, the Volsurf analysis
should be able to provide information on the contribu-
tion to kcat/KM of physical-chemical phenomena occur-
ring in the biocatalysed system such as, for instance, sol-
vation and desolvation of the substrates. Actually, it is
widely recognised that the solvent can change enzyme
selectivity as a result of variations that are largely ascrib-
able to differences of solvation/desolvation energies of
the substrates.[15]

As expected, the quantitative prediction of enantiose-
lectivity becomes unfeasible by using the Volsurf mod-
els. Volsurf descriptors are designed for the predictions
of pharmacokinetic properties of drugs, which aremain-
ly passive diffusion phenomena and quite independent
of stereoisomerism. Therefore, the molecular descrip-
tors calculated for the two enantiomers by Volsurf are
rather similar, and some minor differences emerge
only in the case of enantiomers acquiring very different
conformations after binding in the enzyme active site.
Finally, it must be noted that the same data sets were

used also for building 3D-QSARmodels by the CoMFA
method, but the results were completely unsatisfactory
(q2 of 0.20 in the best case, �0.37 in the worst one: the
model was unable to predict the kcat/KM; procedure not
discussed). The limits of the CoMFA method emerge
also from its inadequacy to include in the regression

Figure 1.Workflow of the process for the construction of 3D-
QSAR models. Conformations of the molecules can be de-
rived from the interaction with the enzyme or they can be
randomly generated, then any information about the enzyme
structure is discarded and MIFs are calculated considering
the substrates as target molecules. Molecular descriptors, ei-
ther derived from GRIND or Volsurf are calculated, then
their values are used as variables for the regression with
the experimental kcat/KM. Finally, an external prediction ver-
sus a test set of molecules, which are not included in the train-
ing sets, is performed. Model derived from data set generated
by taking into account the enzyme-substrate interaction can
predict also enantioselectivity while, if conformations are
generated randomly, only the substrate selectivity can be pre-
dicted.
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model the only ester molecule present in the DS19 data
set, which resulted to be an outlier in theCoMFAmodel.
On the contrary, the GRIND and Volsurf models were
able to predict the kcat/KM for the esterwith the same lev-
el of accuracy as for the amides.
These results demonstrate the general validity of

GRIND and Volsurf QSAR approaches for the predic-
tion of PGA selectivity. The methods can easily be ap-

plied to different enzymes and reactions, by calculating
newmodels as long as a limited number of experimental
measurements (kcat/KM ) is gathered or data from the lit-
erature are available.
Of course, the construction of any 3D-QSARmodel is

strictly founded on the availability of experimental data.
Moreover, themodels will be endowedwith satisfactory
predictivity towards themolecules of interest only when

Table 4. Predictions for the test set calculated by GRIND and Volsurf DS19 models. Experimental data were taken from
refs.[4,5]

Molecules Experimental (kcat/KM) GRIND (kcat/KM) Volsurf (kcat/KM)

4.6 ·107 2.9 ·107 4.1 ·107

2.8 ·106 3.9 ·106 1.8 ·106

1.1 ·106 1.4 ·106 1.3 ·106

3.0 ·104 1.2 ·104 4.2 ·104

0.9 ·107 1.7 ·107 2.0 ·107

Enantioselectivity [(kcat/KM)
L/(kcat/KM)

D] Experimental GRIND

4300 3700

5700 4600

220 190
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a compromise between the size of the data set available
and the structural variability of the structures will be
found.
Therefore, if the experimental data regarding a specif-

ic enzymeare limited or severely affected by experimen-
tal errors, the quality of prediction will be lower, al-
though information coming from this approach will be
still useful for orienting the experimental planning.
The construction of a new predictive model for an en-

zyme of interest can be completed in a time scale that is
considerably limited. In that sense, it can be envisaged
that a database for different enzymes can be construct-
ed, thus enabling the possibility to perform in silico the
choice of the proper enzyme for a specific experimental
need. In that senseQSAR tools can be seen as a comple-
mentary approach to screening procedures, which
would be greatly simplified and accelerated.

Conclusions

The results here described demonstrate for the first time
that enzyme selectivity can be predicted using 3D-
QSAR regression models which correlate kcat/KM to de-
scriptors of the substrates. More important, the calcula-
tion and the analysis either of the transition states or of
their stable analogues are not necessary, if descriptors
contain the necessary information. In this respect, while
GRIND approach proved to be successful in predicting
both substrate selectivity and enantioselectivity, the
Volsurf method showed excellent performances only if
applied to substrate selectivity predictions.
Moreover, the two methods demonstrated to be able

to predict substrate selectivity independently from the
conformational analysis of the substrates docked into
the enzyme. This translates into an enormous reduction
of the operational time (from a few days, to a few hours)
which makes the methods definitely competitive as
compared to experimental screening procedures. While
this works well in the case of PGA, the extension of this
finding to different biocatalytic systems should be veri-
fied. In principle, this would make it possible to create
predictive models of substrate selectivity starting from
a few experimental measurements, even when the struc-
ture of the enzyme is not known.
Finally, our results indicate that theGRINDand espe-

cially the Volsurf methods are very efficient in taking
into account solvation effects and indirectly they dem-
onstrate the great effect of these phenomena on enzyme
selectivity.
Since 3D-QSAR techniques are not ab initiomethods,

they necessarily depend on the availability of accurate
and reliable experimental data sets. Nevertheless, the
great advantage of this approach is that, once a set of ex-
perimental data is made available, a whole predicting
model can be built up in a few hours.

Experimental Section
All the calculations were performed by a dual-Xeon worksta-
tion running aRedHatLinux operating systemand anSGIOc-
tane workstation.

Molecule Structures and Preparation of Enzyme-
Substrate Complexes

The PGA structure used for the study was retrieved from the
Protein Data Bank (Id: 1PNK). Crystallographic water mole-
cules were removed and hydrogen atomswere added bymeans
of the BIOPOLYMER tool of SYBYL 6.9, then their positions
were optimised by means of an energy minimisation, in which
all the other atoms were fixed, using the Amber 4.1 force field
in its SYBYL implementation. Subsequently, the whole side-
chains were minimised, while taking the backbone atoms as
fixed. For all the minimisation calculations the Powell method
and an rms gradient termination criterion of 0.001 kcal/mol
were used.
The substrates were docked into the active site of PGA by

means of the DOCKING module of MOE. The simulations
were tuned in 25 runs of simulated annealing, with 8 cycles
per run and an initial temperature of 1000 K, using a cubic
docking box with 45 N sides, centred on the substrate. The
force field used for the docking was MMFF94, the charges of
substrate atoms were calculated at the QM PM3 semi-empiri-
cal level, by means of the MOPAC7 program. The initial posi-
tions of the substrates were manually set, by using the criteria
previously reported.[11] For each substrate, the conformation
presenting the highest score and fulfilling the structural re-
quirements for the initiation of the enzymatic catalysis,[11]

was chosen.
Each enzyme-substrate complex was solvated by a box of

water molecules by using the SOLVATE function of SYBYL
and their positions were optimised bymeans of an energymin-
imisation.

Molecular Dynamics

The molecular dynamic simulations were performed by using
the DYNAMICS module of SYBYL. During the 100 ps simu-
lation, the system was firstly heated for 10 ps, and the temper-
aturewas kept constant at 300 K till the end of the run. In order
to reduce the calculation time, the attentionwas focused on the
relevant part of the system: all the atoms of the substrate and
the protein residues and solvent molecules within a sphere of
15 N radius, centred on the substrate, were allowed to move,
all the rest was kept fixed. An integration time of 1 fs was
used and a frame of the trajectory was saved every 10 fs.

Data Sets

Each substrate conformation, for the construction of the data
set for QSAR analysis, was calculated from the mean of ten
sampled conformations, taken from the last 10 ps of the MD
trajectory.
The data setsDS10 andDS19 included themolecules report-

ed in Table 1.
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Data sets DS10random and DS19random were built up by using
random conformations for the substrates, discarding all the in-
formation coming from theMDsimulation.Each substratewas
subjected to 10 steps of the “Cartesian perturbation” function
in theMOE program and the random conformation generated
was energy minimised. The procedure was repeated for three
times, thus generating three different versions of theDS10random
and DS19random data sets.

GRIND

For the construction of theGRINDmodel theALMONDpro-
gram version 3.3.0 was used. No alignment of the substrates
was performed. The GRID probes used for the calculation of
descriptors were DRY (hydrophobic probe), O (carbonyl oxy-
gen probe), N1 (amidic nitrogen probe), TIP (“shape” probe).
All the possible auto- and cross-correlograms were calculated
and used for PLS analysis. The FFD algorithm for refinement
of the predictive model was applied to each model by using
the number of components which led to the highest predictiv-
ity.
The same procedurewas applied for the construction of four

different regression models, using the four different datasets
(DS10, DS10random, DS19, DS19random). The results reported in
Table 3 forDS10random andDS19random are themean of three dif-
ferent models, since three different random conformation data
sets were generated (see previous paragraph). It has to be not-
ed that standard deviations of r2 and q2 were always <0.18.

Volsurf

The Volsurf program version 3.0 was used. The probes utilized
for the calculation of the descriptors are: DRY (hydrophobic
probe), H2O (water probe), O (carbonyl probe) and N:¼ (sp2
nitrogen).
All the descriptors were calculated and only themost signif-

icant ones were selected by applying the FFD selection algo-
rithm, following the same protocol applied in the construction
of GRIND models.
The same procedurewas applied for the construction of four

different regression models, using the four different data sets
(DS10, DS10random, DS19, DS19random). The results reported in
Table 3 forDS10random andDS19random are themean of three dif-
ferent models, as in the case of GRIND. The standard devia-
tions of r2 and q2 were always <0.08 , thus indicating the low
dependence of the Volsurf descriptors on the substrate confor-
mation.

External Predictions

The molecules reported in Table 4 were sketched and docked
into the active site of PGA, following the procedure described
in the section “Molecule Structures and Preparation of En-
zyme-Substrate Complexes”. The extracted conformations
were imported into GRIND and Volsurf for the calculation
of the molecular descriptors and for the prediction.
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