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Abstract—Among the available methods for predicting free energies of binding of ligands to a protein, the molecular mechanics
Poisson–Boltzmann surface area (MM-PBSA) and molecular mechanics generalized Born surface area (MM-GBSA) approaches
have been validated for a relatively limited number of targets and compounds in the training set. Here, we report the results of
an extensive study on a series of 28 inhibitors of aldose reductase with experimentally determined crystal structures and inhibitory
activities, in which we evaluate the ability of MM-PBSA and MM-GBSA methods in predicting binding free energies using a num-
ber of different simulation conditions. While none of the methods proved able to predict absolute free energies of binding in quan-
titative agreement with the experimental values, calculated and experimental free energies of binding were significantly correlated.
Comparing the predicted and experimental DG of binding, MM-PBSA proved to perform better than MM-GBSA, and within the
MM-PBSA methods, the PBSA of Amber performed similarly to Delphi. In particular, significant relationships between experimen-
tal and computed free energies of binding were obtained using Amber PBSA and structures minimized with a distance-dependent
dielectric function. Importantly, while free energy predictions are usually made on large collections of equilibrated structures sam-
pled during molecular dynamics in water, we have found that a single minimized structure is a reasonable approximation if relative
free energies of binding are to be calculated. This finding is particularly relevant, considering that the generation of equilibrated MD
ensembles and the subsequent free energy analysis on multiple snapshots is computationally intensive, while the generation and
analysis of a single minimized structure of a protein–ligand complex is relatively fast, and therefore suited for high-throughput vir-
tual screening studies. At this aim, we have developed an automated workflow that integrates all the necessary steps required to
generate structures and calculate free energies of binding. The procedure is relatively fast and able to screen automatically and iter-
atively molecules contained in databases and libraries of compounds. Taken altogether, our results suggest that the workflow can be
a valuable tool for ligand identification and optimization, being able to automatically and efficiently refine docking poses, which
sometimes may not be accurate, and rank the compounds based on more accurate scoring functions.
� 2007 Elsevier Ltd. All rights reserved.
1. Introduction

In the last decade, many computational tools have been
developed and applied for structure-based drug discov-
ery aimed at screening large databases of chemicals
against biologically active targets. One of the more pop-
ular approaches is molecular docking, which is able to
screen and rank a relatively large number of molecules
into the active site of a target structure in a reasonable
amount of time. Docking methods find favorable orien-
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tations of potential ligands into the active site of the tar-
get, and evaluate the electrostatic and steric
complementarities of the ligand with the target in terms
of energy scores derived from empirical force fields. Dif-
ferent docking algorithms have been developed, involv-
ing different orientation and conformation searching
algorithms as well as different scoring functions.1–4 As
a matter of fact, while scoring functions have been
improved in the last years by including additional en-
ergy contributions and/or refining parameters in the
force-field equations, we are still far from having
docking tools that quantitatively and accurately predict
biologically active candidates in silico.5

One of the key energy contributions in estimating
ligand-target affinity is desolvation energy, that is, the
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energy required to desolvate the ligand and the target
when the complex is formed. Although docking methods
that include desolvation energies in their force field have
been recently developed, desolvation energies are neces-
sarily approximated and still unable to yield fair agree-
ment with experimental data. On the other hand, the
application of more accurate computational methods,
like free energy perturbation,6–8 thermodynamic integra-
tion,9 MM-PBSA,10,11 and others, is computationally
intensive and therefore unsuitable for screening pur-
poses. Typical applications involved the calculation of
binding free energies in small series of congeneric com-
pounds, a situation far from virtual screening in which
a large number of diverse chemicals have to be
processed.

The MM-PBSA method developed by Kollman and
Case10,11 associates molecular mechanics energies in va-
cuo and solvation free energies to estimate the DG of
binding; it has been successfully applied to analyze the
energetics of large collections of equilibrated snapshots
of protein–ligand complexes collected during molecular
dynamics simulations in water.12–18 Calculating binding
free energies using a single protein–ligand complex is
considerably faster than generating and analysing an
ensemble of equilibrated structures. However, the valid-
ity of this approach has not been explored in sufficient
detail, since the few studies reported so far were limited
to small series of congeneric compounds and a limited
number of targets.15,18,19

In the present work, we attempt to set up and validate a
simulation protocol able to predict relative binding free
energies in reasonable agreement with experimental data
using single minimized structures. Such a validation
study is a first but essential step to support the useful-
ness and accuracy of these protocols as post-processing
tools after docking screenings. At this aim, we exten-
sively tested the performance of the MM-PBSA and
MM-GBSA methods implemented in Amber and Delphi
on a series of 28 inhibitors of aldose reductase spanning
five orders of magnitude in biological activity. Com-
pared to previous MM-PBSA applications reported in
the literature,12–19 this is, to our knowledge, the largest
set of compounds used for predicting ligand affinities
in silico with these methods. At this purpose, gas phase
interaction energies were corrected with polar solvation
free energies calculated by solving the Poisson–Boltz-
mann equation either with Delphi20,21 or the PBSA
module of Amber,22 and by means of generalized Born
(GBSA) methods. The nonpolar solvation free energies
were estimated from accessible surface area calculations
performed with Molsurf23 and LCPO.24 In order to
investigate the ability in predicting free energies of bind-
ing, different combinations of methods, parameters, as
well as different methods for generating the structures
of the protein–ligand complexes have been explored.

Finally, an automated procedure that integrates all the
necessary steps required to generate structures and cal-
culate free energies of binding of ligands in a database
of compounds has been developed. The results prospect
that our simulation protocol can be useful to predict rel-
ative binding free energies of structurally unrelated mol-
ecules in a given binding site, and hold promise as a
post-processing method to more accurately score and
rank hit compounds after docking screenings.
2. Results and discussion

In order to test the performance of MM-PBSA and
MM-GBSA in predicting ligand binding affinities, we
have applied these methods to a series of known inhib-
itors of aldose reductase. ALR2 is a well-characterized
enzyme with a large number of inhibitory activity data
available in the literature25–34 and plenty of crystal
structures in complex with inhibitors, some of which
at high and ultra-high resolution.27,31,33–43 Our training
set was composed of 28 inhibitors with measured activ-
ities and known binding modes (Scheme 1). These
inhibitors were selected according to the highest possi-
ble diversity in structure, significant variation in inhib-
itory activity (five orders of magnitude variation in
IC50, corresponding to a �7 kcal/mol difference in free
energy of binding), and availability of crystal
structures.

To validate the methods and the procedure, we used dif-
ferent protocols to generate the structures of the ALR2-
inhibitor complexes, and different methods to perform
binding free energy estimates. Regarding structures,
these were generated (a) in explicit water solvent with
energy minimization of the complexes solvated in octa-
hedral boxes of TIP3P water molecules, (b) in implicit
solvent with GBSA energy minimization, (c) with a
distance-dependent dielectric function, and (d) with a
protocol consisting in distance-dependent dielectric
energy minimization followed by molecular dynamics
on the ligand and final re-minimization. While free en-
ergy predictions are usually made on large collections
of equilibrated structures sampled during molecular
dynamics in water, we were interested in testing whether
a single minimized structure was a reasonable approxi-
mation for estimating free energies of binding. In fact,
generating a single minimized structure of a protein–li-
gand complex and estimating the DG of binding from
one structure is relatively fast, and therefore suited for
high-throughput virtual screening studies. Regarding
the various methods used for free energy calculations,
the Amber force field was used to calculate gas-phase
interaction energies. Delphi, Amber PBSA or GBSA
were used for estimating polar solvation free energies,
and Molsurf or LCPO were used for estimating nonpo-
lar solvation free energies.

The DGbind value of each inhibitor can be calculated
according to the equation DGbind = DEMM + DGsolv �
TDSsolute, where DEMM is the molecular mechanics
contribution expressed as the sum of the internal, elec-
trostatics and van der Waals contributions to binding
in vacuo; DGsolv is the solvation free energy contribution
to binding expressed as the sum of polar and nonpolar
solvation free energies (DGsolv = DGpsolv + DGnpsolv,
respectively); and TDSsolute is the contribution of solute
entropy to binding.
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Scheme 1. Chemical structures of the aldose reductase inhibitors of the training set.
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2.1. Free energies of binding using structures minimized in
explicit water solvent

Table 1 reports the energy contributions to the free en-
ergy of binding calculated after energy minimization of
the ALR2-inhibitor complexes in explicit water. The
gas-phase interaction energies (DEMM) are not corre-
lated with the experimental free energies of binding. This
finding was expected, given that the inclusion of desol-
vation energies is crucial for predicting binding affinities
in agreement with experiment. While the van der Waals
(DEvdW) component of the interaction energy in vacuo is
always negative, thereby contributing favorably to bind-
ing, the electrostatic (DEel) component is generally posi-
tive. However, positive values for DEel, in this case,
should not lead to the conclusion that the electrostatics



Table 1. Energy contributions (kcal/mol) to the free energy of binding between aldose reductase and the set of 28 inhibitors

n� IC50 (lM) DGexpt
a DEel DEvdW DEMM

b DGpsolv
c

Delphi

DGpsolv
c

PB

DGpsolv
c

GB

DGnpsolv
d

Molsurf

DGnpsolv
e

Molsurf Delphi

DGnpsolv
f

LCPO

DG0bind
g

Delphi

DG0bind
g

PBSA

DG0bind
g

GBSA

1 96 �5.5 �0.8 �14.0 �14.8 23.3 14.5 5.2 �3.0 �3.1 �3.0 5.3 �3.3 �12.6

2 68.2 �5.7 �4.9 �13.6 �18.5 23.5 14.4 7.2 �2.9 �3.1 �2.9 2.0 �6.9 �14.1

3 4.4 �7.3 �2.1 �20.3 �22.4 26.1 16.5 5.3 �3.3 �3.4 �3.3 0.3 �9.2 �20.4

4 3.5 �7.4 3.7 �17.0 �13.3 11.7 2.0 2.8 �2.9 �3.1 �2.9 �4.6 �14.1 �13.4

5 2 �7.8 8.9 �29.5 �20.6 20.1 11.1 0.8 �3.7 �3.7 �3.7 �4.2 �13.2 �23.5

6 1.1 �8.1 29.5 �43.7 �14.2 7.8 �0.3 �4.4 �4.8 �4.5 �4.7 �10.8 �19.2 �23.4

7 0.57 �8.5 �10.0 �32.3 �42.4 40.2 26.4 15.2 �4.1 �4.0 �4.1 �6.1 �20.0 �31.3

8 0.23 �9.1 23.0 �45.8 �22.8 17.8 6.8 1.3 �5.0 �4.7 �5.0 �9.7 �21.0 �26.4

9 0.19 �9.2 41.0 �46.9 �5.9 3.6 �7.2 �23.8 �5.5 �5.0 �5.5 �7.3 �18.6 �35.2

10 0.176 �9.2 16.9 �42.4 �25.5 17.7 6.2 �7.6 �5.5 �5.0 �5.5 �12.8 �24.8 �38.5

11 0.15 �9.3 30.9 �40.7 �9.8 4.0 �2.0 �5.9 �4.6 �4.3 �4.6 �10.2 �16.3 �20.2

12 0.108 �9.5 �18.2 �35.3 �53.5 51.8 41.6 30.3 �4.8 �4.5 �4.9 �6.3 �16.7 �28.0

13 0.087 �9.6 27.6 �46.8 �19.2 11.3 �0.5 �5.1 �4.9 �4.6 �4.9 �12.5 �24.5 �29.2

14 0.073 �9.7 29.0 �51.3 �22.4 13.7 4.2 �14.2 �5.8 �5.3 �5.8 �14.0 �23.9 �42.4

15 0.0565 �9.9 12.8 �42.6 �29.8 25.3 12.7 �4.7 �5.5 �5.1 �5.6 �9.5 �22.6 �40.0

16 0.044 �10.0 15.0 �46.2 �31.2 21.9 12.0 �5.3 �5.8 �5.3 �5.7 �14.6 �24.9 �42.2

17 0.035 �10.2 �13.0 �31.2 �44.2 36.3 21.7 14.1 �4.0 �4.0 �4.1 �11.8 �26.5 �34.1

18 0.035 �10.2 7.2 �53.5 �46.2 29.3 14.3 0.3 �6.2 �5.6 �6.2 �22.5 �38.1 �52.2

19 0.03 �10.3 21.6 �43.8 �22.3 9.8 �0.9 �12.1 �5.7 �5.2 �5.7 �17.7 �28.8 �40.1

20 0.029 �10.3 6.7 �51.9 �45.3 29.4 15.7 1.4 �6.1 �5.5 �6.1 �21.4 �35.7 �50.0

21 0.025 �10.4 32.6 �41.7 �9.1 �3.3 �10.1 �10.7 �4.6 �4.4 �4.6 �16.8 �23.8 �24.4

22 0.015 �10.7 29.0 �48.7 �19.7 11.0 2.1 �14.5 �5.4 �5.0 �5.4 �13.6 �23.0 �39.6

23 0.011 �10.9 10.9 �51.0 �40.1 20.4 8.3 �5.3 �5.8 �5.3 �5.8 �25.0 �37.6 �51.2

24 0.007 �11.1 17.3 �47.9 �30.6 16.9 3.4 �6.7 �5.8 �5.3 �5.8 �18.9 �32.9 �43.0

25 0.006 �11.2 15.6 �47.7 �32.1 17.8 6.4 �4.8 �5.6 �5.2 �5.6 �19.5 �31.3 �42.6

26 0.005 �11.3 5.4 �46.8 �41.4 22.9 11.7 �0.2 �5.5 �5.1 �5.6 �23.5 �35.2 �47.1

27 0.0031 �11.6 12.9 �53.4 �40.5 25.3 11.0 �5.1 �5.9 �5.4 �5.9 �20.6 �35.4 �51.5

28 0.001 �12.3 27.3 �41.0 �13.6 �9.3 �18.4 �20.2 �4.7 �4.4 �4.7 �27.4 �36.7 �38.5

Values have been estimated after energy minimization of the complexes in explicit water solvent. Calculated free energies of binding DG0bind are obtained by summing DEMM, DGpsolv and DGnpsolv

contributions.
a Experimental free energies of binding (kcal/mol) according to DG = �RT ln(1/IC50).
b Gas-phase interaction energies DEMM = DEel + DEvdW.
c Polar solvation free energies according to Delphi, Amber PB and GB.
d Nonpolar solvation free energies estimated with Molsurf according to Gnpsolv = cSASA + b, where c = 0.0072 kcal mol�1 Å�2 and b = 0 kcal mol�1 for use in amber PBSA and GBSA.
e Nonpolar solvation energies with Molsurf and c = 0.00542 kcal mol�1 Å�2 and b = 0.92 kcal mol�1 for use in Delphi.
f Nonpolar solvation free energies with LCPO and c = 0.0072 kcal mol�1 Å�2 and b = 0 kcal mol�1.
g Estimated free energies of binding DG0bind ¼ DEMM þ DGpsolv þ DGnpsolv where DGpsolv was estimated with Delphi, Amber PBSA and GBSA.
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Table 2. Average CPU times (min) on a dual core 2.4 GHz AMD Opteron processor 280 with 8 GB memorya

Structure generation Min Free energy evaluation Min

Energy minimization with explicit water 11.60 Delphi 4.01

Energy minimization with GBSA 77.23 Amber PBSA 1.1

Energy minimization with distance-dielectric constant e = 4r 2.70 Amber GBSA 0.13

Energy minimization/MD/re-minimization with distance-dielectric constant e = 4r 6.86

a CPU time needed to set up input files, amber topologies and update coordinates in the automated procedure is 0.05 min.
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is unfavorable to binding, because the negatively
charged inhibitors of our training set are strongly penal-
ized by the presence of a net charge of �5 on ALR2. To
test the dependence of the free energy results on the net
charge of the protein, free energy predictions were re-
peated on ALR2 complexes neutralized with counteri-
ons. In the neutral complexes, DEel becomes, on
average, 83 ± 2 kcal/mol more negative, while DEvdW

values remain almost unaffected, varying only
0.6 ± 0.7 kcal/mol (data not shown). Therefore, electro-
static interactions should be regarded as important, in
agreement with the observed requirement of an ‘anion’
binding hole in ALR2 for efficient binding of inhibi-
tors.43–48

Polar solvation free energies (DGpsolv) included in Table
1 have been calculated with Delphi, Amber PB and
GB, using Amber ff03 charges for the protein and
AM1-BCC charges for the ligand in all three methods
(i.e., the same charge sets used for generating the struc-
tures). In general, the observed variation of DGpsolv val-
ues reflects variations in DEel. Interestingly, when the
complexes are neutralized with counterions, DGpsolv

values become 81 ± 2 kcal/mol higher in both PB and
GB calculations (data not shown). Therefore, the high-
er electrostatic interaction (DEel) observed on the neu-
tralized complexes is compensated by an almost
equivalent desolvation penalty, leading to DG0bind values
that are very similar to those calculated on the charged
protein (on average, a 1.5 kcal/mol difference in DG0bind

was observed). DGpsolv values calculated with Delphi
are, on average, 10 and 21 kcal/mol higher than values
calculated with Amber PB and GB, respectively. How-
ever, the polar solvation free energies were significantly
correlated in the series of compounds, squared regres-
sion coefficients being 0.97 between Delphi and Amber
PB, 0.73 between Delphi and Amber GB, and 0.79 be-
tween Amber PB and GB. Therefore, while absolute
values of DGpsolv clearly differ among the three meth-
ods, their variation along the series is significantly cor-
related, especially in the case of Delphi and Amber PB
which both solve the Poisson–Boltzmann equation.
While this finding was previously observed analysing
large collections of structures sampled during MD,
we show for the first time that the same holds for en-
ergy minimized structures, and for a considerably lar-
ger number of compounds in the training set
compared to previous investigations. Considering that
Delphi, which is often regarded as one of the most
accurate methods for estimating polar solvation ener-
gies, is significantly more cpu-consuming than Amber
PB and GB (Table 2), our results suggest that Amber
PB (r2 = 0.97), and to a lesser extent GB (r2 = 0.73),
can be useful alternatives. This is an important aspect
of the validation of our procedure, given that a good
balance between calculation accuracy and speed is cru-
cial when large databases of molecules have to be pro-
cessed in a virtual screening application.

The nonpolar solvation free energy contributions
(DGnpsolv) have been computed using the Molsurf and
LCPO methods, according to the equation Gnpsolv =
cSASA + b, where SASA is the solvent accessible sur-
face area. Since Delphi uses Parse radii and was param-
eterized with slightly different c and b values compared
to Amber PB and GB, Table 1 includes the DGnpsolv val-
ues to be used together with Delphi polar solvation ener-
gies. With the same c and b parameters, Molsurf and
LCPO give almost identical nonpolar solvation free
energies (Table 1). Therefore, Molsurf was used for sub-
sequent analyses. Not surprisingly, DGnpsolv values are
always negative (i.e., favorable to binding) and highly
correlated with DEvdW (r2 = 0.92). Besides polar interac-
tions at the ‘anion’ hole of ALR2 established between
the negatively charged portion of the inhibitors and
Tyr48, His110, Trp111 and the oxidized cofactor
NADP+, hydrophobic interactions at a secondary
hydrophobic pocket lined by Trp111, Leu300, and
Phe121 also contribute favorably to activity.44–49

Finally, Table 1 reports the estimated free energies of
binding, expressed as the sum of the interaction ener-
gies in vacuo (DEMM), and the polar (DGpsolv) and
nonpolar (DGnpsolv) solvation free energies calculated
with the different methods discussed above. Figure
1a–c reports the regression plots of the experimental
versus computed DG of binding according to Delphi,
Amber PBSA and GBSA. As expected, none of the
methods could reproduce the absolute DGexpt values
quantitatively. Long MD simulations and the inclu-
sion of entropy contributions are required to reach
this goal. However, the computed DG0bind and the
experimental DGexpt values were significantly corre-
lated (Delphi r2 = 0.84, s = 0.66, F = 141; Amber
PBSA r2 = 0.81, s = 0.72, F = 114; Amber GBSA
r2 = 0.66, s = 0.98, F = 51, Fig. 1a–c). Notably, this
is the first report in which such good correlations have
been obtained with single structures and a large set of
inhibitors. In reproducing free energies of binding,
Delphi proved to perform only slightly better than
Amber PBSA. The GBSA approach, considered a
good approximation of the more accurate but also
more computationally expensive PBSA method, gave
a slightly worse, but still significant relationship. The
poorer performance of GBSA was also observed in
previous investigations.18
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Figure 1. Experimental versus estimated free energies of binding (kcal/mol) of the 28 ARL2 inhibitors. Free energies were obtained after

minimization with explicit water (a–c), minimization with GBSA (d–f), minimization with distance-dependent dielectric constant e = 4r (g–i), and a

multistep minimization–MD–re-minimization protocol with distance-dependent dielectric constant (j–l). For each of these, solvation free energies

were evaluated with Delphi (plots a, d, g, j), Amber PBSA (plots b, e, h, k), and Amber GBSA (plots c, f, i, l).
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2.2. Free energies of binding using structures minimized
with GBSA implicit solvation model

Extensive validations were then performed using struc-
tures of ALR2-inhibitor complexes minimized with an
implicit solvent model. First, we tested whether the var-
ious methods were able to predict differences in binding
free energies when structures were energy minimized
with GBSA. Table 3 reports the free energies obtained
after GBSA minimization, and Figure 1d–f shows the
regression plots between experimental and estimated
free energies of binding obtained using these structures.
For convenience, only DEMM, DGsolv (the sum of DGpsolv

and DGnpsolv), and DG0bind values have been reported in
Table 3. Significant relationships between computed
DG0bind and experimental DGexpt values were still ob-
served, especially when free energies were evaluated with
Amber PBSA (Delphi r2 = 0.71, s = 0.91, F = 63; Amber
PBSA r2 = 0.77, s = 0.81, F = 85; Amber GBSA
r2 = 0.67, s = 0.96, F = 53, Fig. 1d–f). Compared to sim-



Table 3. Free energies (kcal/mol) according to Delphi, Amber PBSA and GBSA calculations performed on structures generated with minimization with GBSA, a distance-dependent dielectric function,

and minimization–MD–re-minimization with distance-dependent dielectric function

n� DGexpt DEMM DGsolv

Delphi

DGsolv

PBSA

DGsolv

GBSA

DG0bind

Delphi

DG0bind

PBSA

DG0bind

GBSA

n� DGexpt DEMM DGsolv

Delphi

DGsolv

PBSA

DGsolv

GBSA

DG0bind

Delphi

DG0bind

PBSA

DG0bind

GBSA

Minimization with GBSA

1 �5.5 �2.7 15.9 5.8 �9.7 13.3 3.2 �12.3 15 �9.9 �23.8 21.6 7.5 �14.9 �2.2 �16.3 �38.7

2 �5.7 �4.1 13.1 5.4 �8.2 8.9 1.3 �12.4 16 �10.0 �26.7 25.0 9.0 �14.5 �1.7 �17.7 �41.2

3 �7.3 �8.0 16.1 5.8 �11.9 8.1 �2.2 �19.9 17 �10.2 �29.7 28.8 10.8 �4.1 �0.9 �18.9 �33.8

4 �7.4 �2.8 5.0 �1.9 �9.0 2.2 �4.7 �11.8 18 �10.2 �34.7 18.2 4.2 �14.1 �16.6 �30.5 �48.9

5 �7.8 �9.0 6.6 0.8 �14.6 �2.4 �8.2 �23.7 19 �10.3 �17.8 5.7 �7.3 �21.6 �12.2 �25.1 �39.4

6 �8.1 �5.7 1.6 �8.9 �14.1 �4.1 �14.5 �19.8 20 �10.3 �34.4 18.9 3.9 �13.7 �15.5 �30.5 �48.1

7 �8.5 �29.7 34.0 14.7 �1.7 4.3 �15.0 �31.4 21 �10.4 �8.0 �1.5 �10.4 �15.1 �9.5 �18.4 �23.1

8 �9.1 �12.8 5.4 �6.4 �10.2 �7.4 �19.2 �23.0 22 �10.7 �15.1 13.5 1.8 �24.4 �1.6 �13.3 �39.5

9 �9.2 �7.9 11.7 �1.8 �27.4 3.8 �9.7 �35.3 23 �10.9 �35.1 11.1 0.0 �16.3 �24.0 �35.1 �51.4

10 �9.2 �16.9 12.3 �3.0 �20.9 �4.6 �19.9 �37.7 24 �11.1 �28.6 10.1 �3.2 �15.0 �18.5 �31.8 �43.6

11 �9.3 �4.6 3.8 �8.8 �13.6 �0.9 �13.5 �18.2 25 �11.2 �29.4 15.6 �0.3 �14.2 �13.8 �29.7 �43.6

12 �9.5 �42.5 43.7 31.4 15.1 �3.3 �11.1 �27.4 26 �11.3 �30.6 12.8 5.3 �14.5 �17.9 �25.3 �45.1

13 �9.6 �9.6 �2.9 �11.8 �16.3 �12.6 �21.5 �25.9 27 �11.6 �34.7 18.8 5.0 �15.7 �15.9 �29.8 �50.4

14 �9.7 �15.0 8.3 1.3 �25.7 �6.6 �13.7 �40.7 28 �12.3 �11.5 �12.2 �18.4 �28.2 �23.7 �29.9 �39.7

Minimization with distance-dependent dielectric constant 4r

1 �5.5 �1.4 10.9 2.2 �6.5 9.4 0.8 �7.9 15 �9.9 �18.5 13.6 2.8 �16.6 �4.9 �15.7 �35.1

2 �5.7 �4.1 10.6 3.4 �4.2 6.5 �0.7 �8.3 16 �10.0 �21.9 22.0 6.3 �15.5 0.1 �15.6 �37.3

3 �7.3 �9.4 13.3 2.8 �8.0 3.9 �6.6 �17.4 17 �10.2 �19.1 17.5 2.8 �5.1 �1.7 �16.4 �24.2

4 �7.4 �3.1 7.4 �2.2 �3.3 4.3 �5.4 �6.4 18 �10.2 �30.3 24.2 3.5 �14.8 �6.0 �26.8 �45.1

5 �7.8 �5.5 6.8 �5.3 �12.9 1.3 �10.7 �18.4 19 �10.3 �16.2 11.2 �5.9 �20.0 �5.0 �22.1 �36.2

6 �8.1 �7.9 9.0 �6.7 �11.1 1.2 �14.6 �19.0 20 �10.3 �29.8 18.9 3.5 �13.8 �10.9 �26.3 �43.6

7 �8.5 �20.2 25.3 7.9 �2.2 5.1 �12.2 �22.4 21 �10.4 �10.1 4.5 �9.4 �12.7 �5.6 �19.4 �22.8

8 �9.1 �13.7 9.1 �4.2 �8.1 �4.6 �17.9 �21.8 22 �10.7 �17.0 14.7 �0.7 �21.4 �2.3 �17.7 �38.3

9 �9.2 �14.5 20.0 4.1 �20.4 5.6 �10.4 �34.9 23 �10.9 �29.4 12.4 �1.6 �17.3 �17.1 �31.1 �46.7

10 �9.2 �18.1 17.7 0.8 �16.2 �0.4 �17.3 �34.2 24 �11.1 �23.0 12.7 �5.3 �17.1 �10.3 �28.3 �40.1

11 �9.3 �6.5 4.3 �7.3 �11.1 �2.2 �13.9 �17.6 25 �11.2 �25.5 23.4 1.5 �14.1 �2.1 �23.9 �39.5

12 �9.5 �42.2 38.4 27.9 17.9 �3.8 �14.3 �24.3 26 �11.3 �22.0 12.7 0.8 �18.6 �9.3 �21.2 �40.6

13 �9.6 �11.9 0.5 �9.5 �13.6 �11.4 �21.5 �25.5 27 �11.6 �28.9 20.3 5.8 �16.0 �8.6 �23.1 �44.9

14 �9.7 �14.2 20.2 1.3 �23.3 6.0 �12.9 �37.5 28 �12.3 �13.5 �4.3 �17.6 �26.4 �17.8 �31.1 �40.0

Minimization/MD/re-minimization with distance-dependent dielectric constant 4r

1 �5.5 2.1 3.9 �1.7 �10.1 6.0 0.4 �8.1 15 �9.9 �18.9 20.7 5.6 �16.0 1.8 �13.3 �34.9

2 �5.7 �1.4 10.7 1.5 �6.7 9.3 0.1 �8.1 16 �10.0 �23.1 23.1 6.7 �14.4 0.0 �16.4 �37.5

3 �7.3 �9.1 13.2 2.9 �7.8 4.2 �6.2 �16.8 17 �10.2 �18.9 17.7 2.5 �5.2 �1.2 �16.4 �24.2

4 �7.4 �2.6 6.6 �0.7 �4.3 4.0 �3.4 �6.9 18 �10.2 �30.3 26.1 3.0 �14.8 �4.3 �27.4 �45.1

5 �7.8 �5.4 6.5 �5.6 �12.7 1.1 �10.9 �18.1 19 �10.3 �16.2 11.6 �6.5 �20.0 �4.7 �22.7 �36.2

6 �8.1 �8.4 9.4 �6.7 �10.7 1.0 �15.2 �19.1 20 �10.3 �30.0 19.2 2.0 �13.6 �10.8 �28.0 �43.6

7 �8.5 �20.4 24.1 8.1 �2.0 3.8 �12.3 �22.4 21 �10.4 �10.6 5.9 �9.2 �12.4 �4.7 �19.7 �23.0

8 �9.1 �14.1 10.9 �4.3 �7.8 �3.1 �18.4 �21.9 22 �10.7 �18.7 16.4 �0.3 �20.4 �2.4 �19.0 �39.2

9 �9.2 �15.3 19.2 4.5 �19.5 4.0 �10.8 �34.8 23 �10.9 �29.2 17.0 �1.8 �17.3 �12.2 �31.1 �46.6

10 �9.2 �18.1 18.5 0.9 �16.1 0.5 �17.1 �34.2 24 �11.1 �23.6 10.6 �6.2 �16.7 �13.1 �29.8 �40.4

11 �9.3 �6.8 7.6 �7.1 �10.8 0.9 �13.8 �17.6 25 �11.2 �26.2 20.4 2.3 �13.5 �5.8 �23.9 �39.6

12 �9.5 �43.1 40.1 27.6 19.6 �3.0 �15.5 �23.6 26 �11.3 �22.4 13.7 0.8 �18.3 �8.7 �21.6 �40.7

13 �9.6 �12.4 3.2 �10.1 �13.1 �9.2 �22.5 �25.5 27 �11.6 �29.4 20.3 5.4 �15.7 �9.1 �24.0 �45.1

14 �9.7 �14.9 16.8 �0.1 �23.0 1.9 �15.0 �37.9 28 �12.3 �13.3 �2.5 �18.0 �26.8 �15.7 �31.2 �40.0

A
.

M
.

F
erra

ri
et

a
l.

/
B

io
o

rg
.

M
ed

.
C

h
em

.
1

5
(

2
0

0
7

)
7

8
6

5
–

7
8

7
7

7
8

7
1



7872 A. M. Ferrari et al. / Bioorg. Med. Chem. 15 (2007) 7865–7877
ulations in water, structures minimized with GBSA
yielded slightly lower regression coefficients when free
energies of binding were evaluated with Delphi (0.71
vs 0.84) or Amber PBSA (0.77 vs 0.81), but almost iden-
tical when evaluated with Amber GBSA (0.67 vs 0.66).
Notably, under the simulation conditions specified in
the methods, GBSA minimization was, on average, 7
times slower than minimization in water (Table 2), and
did not yield better results. While gas-phase interaction
energies (DEMM) are generally less negative but still sig-
nificantly correlated with the DEMM values calculated in
water (r2 = 0.88), solvation free energies are generally
more negative but still correlated (r2 = 0.81 for Delphi,
0.86 for Amber PBSA, and 0.91 for Amber GBSA).
Therefore, a compensation between absolute values of
interaction energies in vacuo and desolvation energies
is generally observed comparing the two methods used
to generate structures. Moreover, the finding that solva-
tion free energies according to Amber GBSA highly cor-
relate between structures minimized in explicit and
implicit solvent (0.91) explains why the regression coef-
ficients in DG0bind=DGexpt plots are very similar (0.67 vs
0.66). As a matter of fact, binding free energies esti-
mated with GBSA proved to be less sensible to the
method used to generate structures (Tables 1 and 3).
However, Amber GBSA gave the worst agreement be-
tween experimental and calculated free energies of bind-
ing, at least in our test case. On the contrary, solvation
free energies according to Delphi and Amber PBSA
were slightly less correlated between water- and
GBSA-minimized structures (0.81 in Delphi and 0.86
in PBSA), and a slightly reduced agreement between
experimental and estimated binding free energies was
observed (0.71 vs 0.84 for Delphi, and 0.77 vs 0.81 for
Amber PBSA).

2.3. Free energies of binding using structures minimized
with a distance-dependent dielectric constant

Free energy evaluations were then performed on struc-
tures minimized with a distance-dependent dielectric
constant e = 4r (Table 3). These simulations were per-
formed in order to investigate whether a fast minimiza-
tion protocol of protein–ligand complexes could lead to
free energy estimates in reasonable agreement with
experiment. The best correlation between DG0bind and
DGexpt values (Fig. 1g–i) was observed with Amber
PBSA (r2 = 0.80, s = 0.74, F = 107). Importantly, such
relationship is very similar to that obtained using expli-
cit water (r2 = 0.81, s = 0.72, F = 114), suggesting that
free energy predictions with Amber PBSA work compa-
rably well when structures are minimized with distance-
dependent dielectric function. Notably, minimization
with distance-dependent dielectric constant is, on aver-
age, 4 times faster than minimization in water (Table
2). The use of a larger cutoff for nonbonded interactions
in minimization (24 Å or 36 Å instead of 12 Å) slowed
down the calculation without improving the regression,
DG0bind differing, on average, of only 0.6 kcal/mol in
PBSA and 0.2 kcal/mol in GBSA (data not shown).
Binding free energies estimated with Delphi were signif-
icantly less correlated to experiment (r2 = 0.61, s = 1.0,
F = 40) compared to simulations in water (r2 = 0.84,
s = 0.66, F = 141) or with structures minimized in GBSA
(r2 = 0.71, s = 0.91, F = 63). The trend suggests that Del-
phi is more sensible to the method used to generate
structures, and performs better when structures are min-
imized in explicit water solvent. As a matter of fact, Del-
phi was developed and parameterized for reproducing
free energies of structures simulated in explicit solvent.
Indeed, the correlation between solvation free energies
calculated on structures minimized with a distance-
dependent dielectric function and those evaluated in
water-minimized structures is rather low in Delphi
(r2 = 0.53) compared to Amber PBSA (r2 = 0.71).
Regarding Amber GBSA, estimated and experimental
free energies of binding were still correlated (r2 = 0.73,
s = 0.88, F = 69), but the plot is rather scattered and
the statistical significance of the regression is lower than
that obtained with Amber PBSA (Fig. 1i vs h). Again,
free energies of binding evaluated with GBSA gave the
poorest relationship with experiment.

2.4. Free energies of binding using structures generated
with a multistep minimization-molecular dynamics proto-
col employing a distance-dependent dielectric constant

The last experiment regards the set up and validation of
a multistep protocol in which the complexes were mini-
mized with distance-dielectric function, MD was per-
formed on the ligand only, and the structures were re-
minimized after MD. Compared to the last test case, this
protocol adds a molecular dynamics stage for the refine-
ment of the orientation and conformation of the ligand,
and was specifically devised for relieving the problem of
incorrect ligand conformation and/or orientation that
may result from automated docking tools. In fact, while
all inhibitors in our training set have orientations and
conformations validated by crystallography, typical
applications in virtual screening should deal with the
fact that docking tools in some cases fail to predict the
‘correct’ orientation or conformation of the ligands in
the binding site. Our experience showed that MD, in a
number of cases, can solve these problems provided that
the orientation of the ligand assigned by docking is not
too different (e.g., head to tail) from the correct one
(personal communication).

Table 3 includes the free energy results obtained after
minimization/MD/re-minimization of the complexes
with the distance-dependent dielectric function, and Fig-
ure 1j–l shows the regression plots. On average, the com-
bined minimization–MD protocol was only 2.5 times
slower than a simple minimization (Table 2). The abso-
lute values of gas-phase interaction energies, solvation
free energies, and estimated free energies of binding were
very similar to those calculated after simple energy-min-
imization with distance-dependent dielectric function
(Table 3). Free energies of binding estimated with Am-
ber PBSA gave the best relationship with DG of binding
(r2 = 0.80, s = 0.75, F = 105, Fig. 1k), while relationships
obtained with Delphi (r2 = 0.69, s = 0.94, F = 58, Fig. 1j)
and Amber GBSA (r2 = 0.73, s = 0.87, F = 71, Fig. 1l)
were less significant. Therefore, the results of the com-
bined minimization/MD procedure were very similar
to those obtained with simple minimization, at least in
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our case in which the ligands already have correct initial
orientations and conformations. However, we anticipate
that the application of the intermediate MD refinement
is crucial when docking tools fail to assign correct orien-
tations and/or conformations of the ligand. In these
cases, a simple minimization may not be enough to ob-
tain correct geometries, as the energy barriers may be
too high.

One last comment is worth for entropies of binding. In
this study, the entropy contributions to binding have
not been calculated because the calculation requires very
long computing time (i.e., it is not applicable to virtual
screening). Moreover, DS values obtained with normal
mode analyses usually have large uncertainties.18 Final-
ly, it is still unclear how many snapshots of a protein–li-
gand complex are generally required to obtain
converged entropy estimates. Surely, single structures
like the ones analyzed here are not sufficient. Despite
this, we have demonstrated that reasonable relationships
between experimental and estimated free energies of
binding can be achieved with fast minimization proto-
cols and without the inclusion of entropy effects.

2.5. An automated procedure for refinement and rescore
of docking results

An automated procedure for the refinement and rescore
of virtual screening results was set up (Fig. 2). The pro-
cedure requires a pdb file containing the structure of the
Input files setup: 
write amber topologies

Refinement of the complex: 
mmiinniimmiizzaattiioonn//MMDD//rree--mmiinniimmiizzaattiioonn

with distance-dependent dielectric constant

Binding free energy 
calculation

oonn tthhee mmiinniimmiizzeedd ccoommpplleexx
((MMMM--PPBBSSAA,, MMMM--GGBBSSAA))

RRaannkkiinngg ooff lliiggaannddss
aaccccoorrddiinngg ttoo
ΔΔGG ooff bbiinnddiinngg

Docked ligands

Update of
ligand, receptor,complex 

coordinates

Protein structure

Figure 2. Flowchart of the automated procedure for the refinement of

protein–ligand complexes and binding free energy evaluation.
protein, and mol2 files containing the coordinates of the
docked ligands. The coordinates of the docked ligand
are merged with the protein to create the complex. Then,
antechamber is used to create a topology file of the li-
gand in which atoms are described with gaff atom types
and AM1-BCC charges. To make the procedure faster
(charge calculation is time-consuming), atomic charges
of the ligand are not computed during the procedure
but read from the original mol2 file. This choice has
the additional advantage that ligand charge calculations
can be done only once, and used for any target protein.
A separate script was written to calculate atomic partial
charges of compounds in a database, using antecham-
ber. Interestingly, the same set of AM1-BCC charges
can also be used for automated ligand docking. Previous
work showed that AM1-BCC charges perform well in
automated docking.50

Then, missing gaff force field parameters for the ligand
are automatically assigned by parmcheck, and Amber
topologies of ligand, receptor, and complex are written
with leap (Amber 9). Minimization, MD, and final re-
minimization of the complexes are performed with dis-
tance-dependent dielectric constant e = 4r, using sander.
For each of these steps, the procedure is highly ‘flexible’
in that it enables the user to set ad hoc refinement op-
tions (e.g., which residues are allowed to move during
MD, the cutoff for nonbonded interactions, the number
of cycles of minimization, etc.), depending on the appli-
cation. After refinement of the complex, a pdb file is
generated, the final coordinates of the ligand, receptor
and complex are updated and used for binding free en-
ergy evaluation with Amber MM-PBSA and MM-
GBSA, and the free energy results (DGMM, DGsolv and
DG0bind) are written to a file. When the procedure has fin-
ished analyzing one compound, the next ligand in the
database is automatically prepared and processed
(Fig. 2). In the procedure, big databases of compounds
can be splitted in to several subsets, so that they can
be run simultaneously on many CPUs. At the end of
the screening, results are collected and ligands are
ranked according to their estimated free energies of
binding.
3. Conclusions

In this study, we have validated different simulation pro-
tocols for their ability in predicting free energies of bind-
ing of a set of 28 inhibitors of aldose reductase with
known crystal structure. Compared to previously
reported MM-PBSA applications,12–19 this is, to our
knowledge, the largest set of compounds used for
predicting ligand affinities in silico with these methods.
Different combinations of methods (Delphi, Amber
PBSA, GBSA, Molsurf, LCPO), as well as different
methods for generating the structures of the protein–li-
gand complexes (explicit water solvent, implicit solvent
with GBSA minimization, or distance-dependent dielec-
tric constant simulations), have been explored.

While MM-PBSA free energy predictions are usually
performed on large collections of structures sampled
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with MD,12–14,16–18 we have shown that satisfactory
relationships between experimental and computed free
energies of binding can be obtained using single energy
minimized structures. This finding was confirmed by an-
other validation study performed on a set of DHFR
inhibitors, in which free energy evaluations performed
on large numbers of snapshots taken from 4 ns MD sim-
ulations in water were compared with those obtained in
single minimized structures, and found to correlate sim-
ilarly with the experimental DG of binding (manuscript
in preparation). Therefore, our validation studies have
important implications for virtual screening, where a
good balance between calculation accuracy and speed
is crucial when large databases of molecules have to be
processed. These validations add to other recent studies
in this direction, in which different simulation protocols
are explored. In particular, Ryde et al.18 suggest that if it
is possible to identify and correct a few problematic
cases with single minimized structures, this is undoubt-
edly the best choice as a compromise between accuracy
and time consumption. Kuhn et al.15 conclude that
applying the MM-PBSA approach to a single, relaxed
complex structure is an adequate and sometimes more
accurate approach than the standard free energy averag-
ing over molecular dynamics snapshots. Lyne et al.19

found that MM-GBSA free energies of binding calcu-
lated after energy minimization of protein–ligand com-
plexes have been successful in getting the correct
relative rankings of a set of kinase inhibitors.

In our investigation, binding free energies estimated on
protein–ligand complexes minimized with a distance-
dependent dielectric constant e = 4r (the fastest method
used to generate structures in this investigation) turned
out to be significantly correlated with the experimental
DG of binding. Interestingly, in the case of Amber
PBSA, the correlation was very similar to that obtained
using structures minimized in explicit solvent. Consider-
ing that Delphi, which is regarded as one of the most
accurate methods for estimating solvation free energies,
is significantly more cpu-consuming than Amber MM-
PBSA and MM-GBSA, our results suggest that Amber
PBSA and, to a lesser extent, GBSA, can be useful
alternatives.

The results reported in this study are particularly
encouraging considering that aldose reductase was a
challenging test case for these applications. Firstly,
the training set contained inhibitors that bind two dis-
tinct (closed and open) conformations of the enzyme,
and we showed that the correlation with experimental
binding free energies holds for both. Secondly, the
complexes were generated starting from only one rep-
resentative structure of the closed and one of the open
conformation of ALR2, a choice that mimics typical
docking screening applications in which a single or a
limited number of different conformations of the same
target are used. Finally, the enzyme binding site is
formed by two adjacent pockets, one of which is
highly polar and the other is hydrophobic. Since bind-
ing is driven by both electrostatic and hydrophobic
forces, it is important that the balance between polar
and nonpolar interactions is described appropriately
and that both terms are calculated with sufficient
accuracy.

A molecular dynamics stage for the refinement of the
orientation and conformation of the ligands was intro-
duced in the simulation, with the aim of refining geom-
etries when automated docking tools fail to assign the
correct conformation and/or orientation of the ligand.
The combined minimization/MD protocol proposed
here proved to give almost the same results of a simple
minimization, in a case in which 28 ligands already have
correct initial orientation and conformation. However,
the application of the intermediate MD refinement be-
comes crucial when the geometries are not correct.

Finally, an automated procedure that integrates all the
necessary steps required to generate structures and cal-
culate free energies of binding of ligands in a database
of compounds has been developed and tested. The re-
sults prospect that our procedure can be a useful tool
for predicting relative binding free energies of structur-
ally unrelated molecules in a given binding site, and
holds promise as post-processing methods to more accu-
rately score and rank hit compounds after docking
screenings. The evaluation of the automated procedure
in database screening is currently underway, and the re-
sults will be reported separately.
4. Experimental

4.1. ALR2 inhibitors

The training set of 28 ALR2 inhibitors used in this study
is reported in Scheme 1. It has been selected according to
three different criteria, that is, chemical diversity, signif-
icant variation in inhibitory activity, and availability of
crystal structures. The set of inhibitors explores five or-
ders of magnitude variation in activity,25–34 correspond-
ing to a �7 kcal/mol difference in free energy of binding,
and is therefore appropriate for establishing significant
relationships between experimental and predicted free
energies.12 Secondly, the binding modes of these inhibi-
tors were available from the crystal structures of the
ALR2-inhibitor complexes, in some cases at ultra-high
resolution (PDB codes 2INE, 2IQ0, 2IS7, 2INZ,
1AH0, 1X97, 1EL3, 1EKO, 1PWL, 1IEI, 1PWM,
1US0, 1T41, 1Z3N, 1MAR, 1Z8A).27,31,33–43

The training set is composed of three structurally unre-
lated classes of ALR2 inhibitors, with significant chem-
ical diversity within each class (Scheme 1). Except for
the sulfonyl-pyridazinone derivatives, that were discov-
ered and reported more recently, the remaining mole-
cules investigated in this study belong to the
carboxylic acid and cyclic-imide classes of inhibitors,
that constitute the two most important series of ARIs
whose structure–activity relationships and binding fea-
tures to ALR2 have been extensively investigated by
crystallography and molecular modeling.44–49 Carbox-
ylic acid inhibitors bind at the substrate active site, the
carboxylate functional group of the inhibitors being
close to the nicotinamide C4 carbon of NADP+ and giv-
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ing hydrogen bonds with Tyr48, His110, and Trp111,
three key residues for binding at the so-called ‘anion
hole’ of ALR2. These residues and the positively
charged nicotinamide ring of the oxidized cofactor form
a positively charged binding site that recognizes and
binds negatively charged inhibitors. Cyclic-imide inhibi-
tors bind at the active site within hydrogen bonding dis-
tances to Tyr48, His110, and Trp111, and resemble the
interactions described for carboxylates. Experimental
evidences including ultra-high resolution crystallogra-
phy confirmed that cyclic-imide inhibitors bind ALR2
in their anionic form arising from proton dissociation
of the slightly acidic hydantoyn nitrogen. Sulfonyl-
pyridazinone derivatives bind in a negatively charged
state arising from deprotonation of the N2 nitrogen of
the pyridazinone ring, recognized as an essential requi-
site for the inhibitor to assume the observed orienta-
tion.42 Another interesting feature revealed by
crystallography is the opening of a secondary hydropho-
bic pocket, lined by residues Trp111 and Leu300, which
becomes accessible to inhibitors having suitable hydro-
phobic–aromatic substituents.43–45

According to these evidences, the 28 inhibitors were
modeled in their deprotonated, negatively charged
states, and partial atomic charges on atoms were calcu-
lated with the AM1-BCC51 method implemented in the
antechamber module of Amber 9.22,52 Atom types and
missing force-field parameters of the ligands were as-
signed based on the General Amber force field (gaff).53

4.2. Generation and refinement of the ALR2-inhibitor
complexes with MM

The plenty of information available from ALR2 crystal
structures suggests that two different conformations of
ALR2, the so-called ‘closed’ and ‘open’ conformations,
are usually explored depending on the type of inhibitor.
Inhibitors having suitable hydrophobic–aromatic sub-
stituents generally induce the opening of the additional
hydrophobic pocket, while those devoid of such substit-
uents bind to the closed conformation.43–45 Instead of
generating the minimized ALR2-inhibitor complexes
starting from the different crystal structures available,
we chose to generate the complexes starting from one
representative ALR2 structure with the open conforma-
tion and one representative with the closed conforma-
tion. This choice was motivated by our purpose to
develop and test a procedure applicable to virtual
screening, which is usually performed on a single or a
limited number of protein conformations of the same
target. It should be noted, however, that the various
ALR2 crystal structures with the closed conformation
are generally rather superimposable, and the same holds
within structures in the open conformation. Therefore,
the ALR2-inhibitor complexes of the ligands that bind
to the open conformation (6, 8–11, 13–16, 18–28) were
generated starting from the crystal structure of human
ALR2 in complex with inhibitor 23 (IDD552)40 at
1.05 Å resolution (PDB entry lT41), and for those that
bind to the closed conformation (1–5, 7, 12, 17), the
crystal structure of human ALR2 in complex with inhib-
itor 17 (fidarestat)38 at 0.92 Å resolution (PDB entry
1PWM) was used. Each inhibitor was manually docked
into the active site of 1T41 or 1PWM by superimposing
its corresponding ALR2-inhibitor crystal structure to
1T41 or 1PWM, and the coordinates of the docked li-
gands were saved. For the inhibitors in Scheme 1 whose
crystal structures in complex with ALR2 were not avail-
able, but that differed only for the introduction or
replacement of small substituents, the initial orientation
of the ligand was assumed to be the same of the closest
member in the series with known crystal structure.

Hydrogens were added to the complexes using the inter-
nal coordinates of the Amber all-atom database. All Lys
and Arg residues were positively charged and Glu and
Asp residues negatively charged. All water molecules
in the crystal structures were removed except for three
conserved waters embedded into the protein, and inter-
acting with His110, Thr19, Asn50, His83, and nearby
backbone atoms. These water molecules were main-
tained for generating and minimizing the structures,
but removed for free energy calculations. The parame-
ters of the cofactor, NADP+, were taken from our pre-
vious simulations.47,48 All calculations in this study were
performed with Amber 9, the ff03 force field54 for the
protein, and the gaff53 force field for the ligands.

To refine the structures to be used for free energy anal-
ysis, energy minimizations of the entire protein–ligand
complexes were performed in explicit or implicit water
solvent models, using the sander module of Amber 9.
Regarding simulations in explicit solvent, each complex
prepared as described above was solvated in an octahe-
dral box of TIP3P55 water molecules extending 5 Å out-
side the protein on all sides, resulting in an average of
about 4420 waters. The solvated complexes were mini-
mized with 2000 steps of conjugate-gradient minimiza-
tion without restraints, employing a residue-based
cutoff of 8 Å. Two thousand steps of minimization
proved to be sufficient to obtain converged free energy
results in explicit and implicit water models; longer min-
imizations (e.g., 5000 steps) resulted in similar free ener-
gies of binding. The electrostatics were treated with the
Particle-Mesh Ewald (PME)56,57 method with a grid size
of 723 Å, and a fourth order B-spline interpolation with
a tolerance of 10�5. Simulations in implicit solvent were
performed with GBSA. Two thousand steps of conju-
gate-gradient minimization were performed with the
Tsui and Case parameters (igb = 1, viz GBHCT model
in the original paper58), surface area was computed
and included in the solvation term, and a cutoff of
18 Å for nonbonded interactions was used. In addition,
minimization was also performed with a distance-depen-
dent dielectric constant e = 4r, with 2000 steps and a cut-
off of 12 Å. Finally, a protocol consisting of 2000 steps
of minimization on the entire complex, followed by
100 ps molecular dynamics in which only the ligand
was allowed to move, plus another final minimization
of the complex (2000 steps), was set up using distance-
dependent dielectric conditions. Compared to energy
minimization, this protocol adds a molecular dynamics
stage for the refinement of the orientation and confor-
mation of the ligand, and was specifically devised for
relieving possibly incorrect assignment of ligand confor-
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mation and/or orientation resulting from automated
docking tools used in virtual screening studies. MD on
the ligand was performed at 300 K, with SHAKE59

turned on for bonds involving hydrogens, allowing a
time-step of 2.0 fs.

After each energy minimization, visual inspection of the
complexes was performed to make sure that the protein
and the ligand remained close to conformation observed
in the crystal structures.

4.3. MM-PBSA and MM-GBSA analyses

The MM-PBSA and MM-GBSA methods were used to
calculate the binding free energies of the 28 inhibitors
from their minimized ALR2 complexes.

The polar solvation free energies were calculated by
solving the Poisson–Boltzmann (PB) equation either
with Delphi20,21 or the Amber PBSA module,22 and with
the generalized Born (GB) approach implemented in
Amber 9.60,61

In Delphi, the grid spacing was set to 0.5 Å, and dielec-
tric constants of 1 and 80 were used for the interior and
exterior of the molecule, respectively. A cubic lattice was
used, and the largest dimension of the cubic lattice was
80% filled by the longest dimension of the molecule. The
dielectric boundary was defined using a 1.4 Å probe
water on the atomic surface. The PB equation was
solved using 1000 linear steps of finite difference. The
Parse62 set of radii were used for atoms of the molecule
plus radii of 1.75, 1.948, and 2.22 Å, respectively, for F,
Cl, and Br which are the radii for these halogens in the
Amber ff03 force field. In Delphi calculations, we used
the same atomic charges used to minimize the com-
plexes, that is, the standard Amber charges (ff03)54 for
the protein and the AM1-BCC51 charges for the cofac-
tor and the ligands. In Amber PBSA, we used the Pois-
son–Boltzmann solver of Amber with the same
parameters described for Delphi, with atomic cavity ra-
dii and atomic charges (ff03) taken from the Amber
topology files. Finally, energy estimates with GBSA
were made with the Tsui and Case parameters
(igb = 1) and ff03 charges, with the same values of
dielectric constants used for PB.

The hydrophobic contribution (DGnpsolv) to the solva-
tion free energy was determined with solvent accessible
surface area (SASA)23 dependent methods using the
equation Gnpsolv = cSASA + b. To compare the results,
we have used both Molsurf23 and LCPO24. Parameters
were c = 0.00542 kcal mol�1 Å�2 and b = 0.92 kcal
mol�1 to be used in combination with Delphi polar sol-
vation energies and Parse radii, and c = 0.0072 kcal
mol�1 Å�2 and b = 0 kcal mol�1 to be used in combina-
tion with Amber PB or GB polar solvation energies.
These parameters are well documented in the
literature.12–19

To investigate the dependence of the various free energy
contributions on the electrostatics of binding, calcula-
tions in explicit water were repeated with complexes
neutralized with counterions. At this purpose, the com-
plexes were neutralized with counterions (Na+), using
the additions utility of leap (Amber 9). Then, the struc-
tures of the complexes were minimized in water and free
energy predictions were performed using the same pro-
cedure described above.

The entropy estimates are usually obtained with normal
mode analyses of harmonic frequencies calculated at the
molecular mechanics level. However, in this study the
entropy contributions to binding have not been calcu-
lated because the calculation requires very long comput-
ing time (i.e., it is not applicable to virtual screening)
and the DS values usually have large error bars.18
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