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Abstract: Molecular mechanics models have been applied extensively to study the dynamics of proteins and nucleic
acids. Here we report the development of a third-generation point-charge all-atom force ﬁeld for proteins. Following the
earlier approach of Cornell et al., the charge set was obtained by ﬁtting to the electrostatic potentials of dipeptides
calculated using B3LYP/cc-pVTZ//HF/6-31G** quantum mechanical methods. The main-chain torsion parameters were
obtained by ﬁtting to the energy proﬁles of Ace-Ala-Nme and Ace-Gly-Nme di-peptides calculated using MP2/ccpVTZ//HF/6-31G** quantum mechanical methods. All other parameters were taken from the existing AMBER data
base. The major departure from previous force ﬁelds is that all quantum mechanical calculations were done in the
condensed phase with continuum solvent models and an effective dielectric constant of  ⫽ 4. We anticipate that this
force ﬁeld parameter set will address certain critical short comings of previous force ﬁelds in condensed-phase
simulations of proteins. Initial tests on peptides demonstrated a high-degree of similarity between the calculated and the
statistically measured Ramanchandran maps for both Ace-Gly-Nme and Ace-Ala-Nme di-peptides. Some highlights of
our results include (1) well-preserved balance between the extended and helical region distributions, and (2) favorable
type-II poly-proline helical region in agreement with recent experiments. Backward compatibility between the new and
Cornell et al. charge sets, as judged by overall agreement between dipole moments, allows a smooth transition to the
new force ﬁeld in the area of ligand-binding calculations. Test simulations on a large set of proteins are also discussed.
© 2003 Wiley Periodicals, Inc.
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Introduction
Advancements in the ﬁeld of molecular mechanics simulations
have concentrated in the areas of simulation methodologies in
the past. Some highlights of these include accurate treatment of
electrostatics,1 efﬁcient conformational sampling methods,2,3
methods for massively parallel simulations,4,5 and continuum
solvent models.6,7 These developments have enabled long-time
simulations close to the folding time of small proteins,4 and
several successful folding simulations of miniproteins have
been reported recently.8 –11 Thus, the conformational sampling
ability of all-atom models has reached an important threshold at
which simulations of many biologically relevant processes are
increasingly routine; however, the development of force ﬁelds
has lagged behind. With the growing interest in ever more
realistic simulations, the need for a reasonably accurate and

efﬁcient force ﬁeld that can represent macromolecules in the
condensed phase is becoming more critical.
In molecular mechanics-based molecular dynamics simulations, the molecular systems are represented by molecular mechan-
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ics models in which the parameters are developed based on fundamental physical principles. The accuracy of a simulation is
largely determined by two factors: conformation sampling, and
model accuracy. In the past, the conformational sampling ability of
molecular dynamics simulation was viewed as the primary bottleneck.12,13 With the advancements in simulation methodologies14,15 and the increase in computer speed, this limitation is
gradually diminishing. Increasingly, accuracy of the underlying
models becomes the dominant factor in the outcome of a simulation. For example, with current simulation methodologies and fast
computers one can readily reach the folding time scales of small
peptides using continuum solvent models,16 and in some cases,
using all-atom solvent models4; however, whether the simulations
can accurately reﬂect physical reality now depend on the force
ﬁeld parameters used to represent the physical interactions.
An important characteristic of the current molecular mechanics
models is that their parameters are obtained through high-level
quantum mechanical calculations on short peptide fragments. Such
an approach has several advantages. It assures generality and
allows further reﬁnement upon the availability of more accurate
quantum mechanical methods. Because the parameters are integral
components of a molecular mechanics model that describes the
interacting molecular forces, they are often referred to as the “force
ﬁeld” parameters. Among the early all-atom force ﬁeld developers,
Weiner et al. successfully adopted this approach17 and developed
one of the ﬁrst-generation molecular mechanics force ﬁelds based
primarily on quantum mechanical data. Due to the inadequate
computing power of the time, much of the applications of this
force ﬁeld were limited to in vaccuo simulations.18 A decade later,
after considerable accumulation of simulation data, Cornell et al.19
developed one of the second-generation force ﬁelds based on
improved quantum mechanical calculations. Since then, the Cornell et al. force ﬁeld has enjoyed a wide range of applications in
simulating both nucleic acids and proteins. One remarkable early
success of Cornell et al. force ﬁeld was that it demonstrated the
ability to move incorrect conformations to the correct ones when
combined with accurate calculation of electrostatic forces.20,21
Despite their successes, the existing “second-generation” force
ﬁelds are still based on gas-phase quantum mechanical calculations, simulations of small molecules, and typically nanosecond
time-scale simulations of proteins. Recent developments in force
ﬁelds include the fully polarizable force ﬁelds from Kollman
group22 and from Friesner group.23 These force ﬁelds can potentially provide accurate representations in both the gas phase and
the condensed phase, and is suited for simulations in a variety of
solvent environments (e.g., membrane proteins). On the other
hand, these force ﬁelds all tend to sacriﬁce computational efﬁciency for accuracy. This factor alone may discourage their widespread use. An even serious drawback for the inclusion of polarizability is the reduced integration stability. Although the
computational overhead can be minimized to 30 –50%, our tests
show that a 0.5-fs integration time step is required to obtain a
stable trajectory (Duan, unpublished results). In comparison, a
fourfold larger 2.0-fs time step is typically used in conventional
all-atom simulations. A sixfold reduction in overall efﬁciency is
expected when the computational overhead is taken into account.
Furthermore, because of the multibody interactions in the polariz-
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able force ﬁeld, its application to Monte Carlo simulations is far
from being straightforward.
In contrast to the polarizable formulation, the traditional allatom representation of force ﬁelds strikes a balance between
performance and accuracy. However, until recently, all-atom force
ﬁelds have been developed based on gas-phase quantum mechanical calculations of small peptides. One major deﬁciency in this
approach is that such a force ﬁeld lacks proper representation of
the polarization effect in condensed phase. For example, the dipole
moment of alanine-dipeptide in extended conformation is 1.51
Debye in the gas phase and 1.74 Debye in organic solvent ( ⫽ 4),
differing by more than 15%. Consequently, force ﬁelds developed
based on gas-phase quantum mechanical calculations underestimate the electrostatic interactions when applied to the study of
proteins. In reality, they are more suited for small peptides in the
gas phase rather than proteins in the condensed phase. In the rest
of this article, we will describe our new atom-centered point
charge all-atom force ﬁeld that was design to address this deﬁciency.

Methods
In keeping with our previous minimalist approach, this model is an
effective two-body additive model. The potential function describing interactions among particles comprises electrostatic, van der
Waals, bond, bond angle, and dihedral terms [eq. (1)]
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where, K b and K  are the force constants for the bond and bond
angles, respectively; b and  are bond length and bond angle; b eq
and  eq are the equilibrium bond length and bond angle;  is the
dihedral angle and V n is the corresponding force constant; the
phase angle ␥ takes values of either 0° or 180°. The nonbonded
part of the potential is represented by van der Waals ( A ij ) and
London dispersion terms (B ij ) and interactions between partial
atomic charges (q i and q j ).  is the dielectric constant that takes
into account of the effect of the medium that is not explicitly
represented and usually equals to 1.0 in a typical solvated environment where solvent is represented explicitly. The nonbonded
terms are calculated for all atom pairs that are either separated by
more than three bonds or are not bonded. Interactions between
atoms separated by three bonds account for the one to four interactions in which the electrostatic and van der Waals parts are
reduced by 20 –50%, depending on the speciﬁc implementation of
the force ﬁeld. In this version, the one to four electrostatic interactions are divided by a factor of 1.20 and the Lennard–Jones
terms are divided by 2.0. Both scaling factors are identical to the
Cornell et al. force ﬁeld for consistency.
At the present stage of development, we have chosen to rederive the charges and reﬁt the main-chain torsion parameters only
because we believe that these two factors contribute most signif-
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icantly to the accuracy of the model. The main-chain torsion
parameters are especially crucial in maintaining a reasonable balance between the important secondary conformations because errors could be cumulative in protein models. Other parameters,
including bond, bond angle, side-chain torsion, and van der Waals
parameters are retained from the existing AMBER force ﬁeld
parameter set.19,24
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In the Cornell et al. charge set,19 the main-chain charges were
determined by a combined RESP ﬁt of different dipeptides such
that the charged amino acids have the same main-chain charges
while the others share another set of main-chain charges. In this
work, we chose to let each amino acid have its own main-chain
charges. Intuitively, this should allow sequence-dependent features
to be incorporated into the main-chain charge set.
Main-Chain Torsion Parameters

Charge Derivation

In the Cornell et al. force ﬁeld, the effective charges were obtained
by ﬁtting the gas-phase electrostatic potential of small peptides
calculated by HF/6-31G* using RESP.25 Because the charges
derived using such an approach systematically overestimate dipole
moments, much like the charges in the point-charge water models,
they implicitly include the solvent polarization effect to some
extent. The polarization effect is important in the condensed phase
where the local electrostatic environment is signiﬁcantly different
than that in the gas phase due to the presence of neighboring
atoms. In the present approach, the electrostatic potential is calculated in the condensed phase with continuum solvent model and
the effective point-charges are obtained by RESP ﬁtting. Furthermore, the advancement in computational methodology allows us to
calculate the electrostatic potentials more accurately using the
DFT method with large basis set.
The new charges were obtained by ﬁtting to the quantum
mechanically derived electrostatic potentials using B3LYP/ccpVTZ//HF/6-31G** methods. In these calculations, each amino
acid was represented by a dipeptide fragment consisting of the
amino acid residue and the terminal groups (Ace- and -Nme). The
electrostatic potentials of each peptide were calculated for two
conformations with main-chain dihedral angles constrained to (⌽,
⌿) ⫽ (⫺60, ⫺40) and (⌽, ⌿) ⫽ (⫺120, 140), respectively,
representing the ␣-helical and the extended conformations. The
initial conformations were generated using AMBER simulation
package with a simulated-annealing protocol. These dipeptide
conformers were then subjected to energy minimization using the
AMBER Cornell et al. force ﬁeld. Further geometry optimizations
were done at the RHF/6-31G** level of QM theory. All QM
calculations were done using the Gaussian 98 simulation package.26 Single-point calculations were done using the density functional theory (DFT) method and the B3LYP exchange and correlation functionals27–29 with the ccpVTZ30 basis set. The IEFPCM
continuum solvent model31,32 was applied to mimic an organic
solvent environment ( ⫽ 4). The electrostatic potentials of the
solutes (peptides) were saved and were used in the charge ﬁtting.
Effective charges were obtained by ﬁtting the electrostatic
potential of peptides using RESP method.25 A two-stage ﬁtting
procedure was used. In the ﬁrst stage of ﬁtting, the two conformers
of each dipeptide were combined. In the second stage, the chemically equivalent atoms were set to have the same charges, while
the charges of the terminal blocking groups and those of heavy
atoms were ﬁxed. Because the charge-matching process may introduce small errors, we purposely limited the errors to the
matched atoms by ﬁxing the charges of the blocking groups and
heavy atoms. Finally, the charges of the blocking groups were ﬁt
by combining electrostatic potentials of all amino acids.

The main-chain torsion parameters, C–N–C␣–C, N–C␣–C–N,
C–N–C␣–C␤, and N–C–C␣–C␤, were obtained by ﬁtting to a 2D
(⌽–⌿) 144-point energy proﬁle of alanine-dipeptide calculated
using the MP2/cc-pVTZ QM method and the IEFPCM continuum
solvent model33 with a dielectric constant of  ⫽ 4 after restrained
geometry optimization with RHF/6-31G**. These 144 points are
on a 2D grid of the ⌽–⌿ torsion angles with a grid size of 30° (or
12 points) in each direction. This allowed us to ﬁt the third Fourier
term of the main-chain torsion parameters, including all four
torsion angles listed above (or a total of 12 parameters). Boltzmann’s weighting factors, w ⫽ exp(⫺0.2E), were used to ensure
that the high degree of difference is mainly localized in the
energetically unfavorable regions (E is the QM energy in kcal/
mol). Overall a weighted [by exp(⫺0.2E)] RMS difference of 1.7
kcal/mol was obtained.
The torsion parameters, C–N–C␣–H␣ and N–C–C␣–H␣ of Glycine, were obtained by ﬁtting to a 36-point energy proﬁle that is
equally distributed on the 2D ⌽–⌿ grid. Each of these torsion
parameters were calculated up to the second Fourier term. This
ﬁtting procedure differed signiﬁcantly from our earlier approach
where the main-chain torsion parameters were obtained by ﬁtting
to a few key conformers of blocked Alanine dipeptide. Despite the
excellent ﬁtting results in our earlier attempts, both versions19,34 of
the force ﬁeld were found to be biased toward either ␣-helical
conformation (in the earlier version) or ␤-extended conformation
(in the later version).
It is important to note that the purpose of the ﬁtting is to ensure
that the energetic surface of Ace-Ala-Nme is adequately represented. However, comparisons between the quantum and molecular mechanical data of this particular peptide have been a common
practice in the ﬁeld to judge the accuracy of the force ﬁeld. Thus,
the accuracy of Ace- and -Nme charges used in the ﬁtting of
torsion parameters becomes an important issue. This, of course,
does not reﬂect their signiﬁcance in protein modeling where, in
fact, they are rarely used. Here we choose to use the charges of
Ace- and -Nme of the Ala dipeptide to reduce the likelihood of
over compensation. We also choose not to match the charges of
those chemically equivalent atoms of the Ace- and -Nme groups to
maximize the accuracy of these charges, and hence, the underlying
electrostatic potential they represent. The ﬁnal reported charges of
the same groups were obtained by a combined ﬁt of all dipeptides.
The ﬁtted torsion parameters are given in Table 1.
Molecular Dynamics Simulations

Molecular dynamics simulations were conducted on a number of
peptides including Ace-Gly-Nme, Ace-Ala-Nme, and Ace-Ala4Nme (Ala4) in explicit solvent represented by the TIP3P model.35
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Table 1. Main-Chain Torsion Parameters.

N–C␣–C–N
C–N–C␣–C
N–C–C␣–C␤
C–N–C␣–C␤
a
C–N–C␣–H␣
a
N–C–C␣–H␣

1

␥1

2

␥2

3

␥3

0.6839
1.0159
0.7784
0.3537
0.4575
0.5607

180
0
180
180
0
180

1.4537
0.3451
0.0657
0.8836
1.2558
0.0110

180
180
180
180
180
0

0.4615
0.2259
0.0560
0.2270

180
0
0
180

The symbols follow those in Eq. (1). Only those torsion parameters that are
different from earlier version of AMBER force ﬁeld24 are given. Up to
three Fourier terms are used for main-chain torsions, whereas only two
Fourier terms are used for C–N–C␣–H and N–C–C␣–H of Glycine.
a
C–N–C␣–H and N–C–C␣–H are for Gly only. 1,2,3 are in kcal/mol and
␥1,2,3 are in degrees.

These simulations were performed to examine the accuracy of the
parameters and the balance between the important conformations
of peptides in aqueous solution. The Ala4 peptide is one of the
smallest peptides that can potentially form two main-chain hydrogen bonds. In these simulations, the peptides were initially in the
extended conformations. A 100-ps simulation was conducted at
800 K using Generalized Born continuum solvent model7 to randomize the initial conformation. Solvent molecules were then
added around the peptides in truncated octahedral periodic boxes.
The minimum distances from the peptide atoms to the surfaces of
the boxes were set to 10 Å, with a total of approximately 4510
atoms (or 1500 water molecules). The simulations were started by
short (500 steps) energy minimizations and the initial velocities
were assigned randomly with a Gaussian distribution at T ⫽ 100
K. The temperatures were raised to 300 K over 10 ps, and were
maintained at 300 K using a Berendsen thermostat.36 The simulations continued for more than 8.0 ns. The subsequent analysis was
based on the later part of the simulation after excluding the initial
100-ps equilibration phase. Particle Mesh Ewald1 was used to treat
the long-range electrostatic interactions and the Lennard–Jones
interactions were truncated at 8.0 Å. A time step of 2.0 fs was used
in the simulations. Pressure was maintained at 1.0 pa using Berendsen algorithm, and the periodic boundary condition was imposed by both minimum image and the Particle Mesh Ewald.

Ramanchandran Contour Maps of Peptides
The potential of mean force (PMF) contour maps of the mainchain ⌽–⌿ distribution were constructed from high-resolution
X-ray crystallography structures. The nonhomologous chains were
selected by PISCES.37 The selection criteria included lower than
40% sequence homology, 2.5 Å or better resolution, and smaller
than 0.25 R-factors. A total of 2150 chains and 432,576 residues
were selected with these criteria. Histograms were made by statistical sampling of the main-chain ⌽ and ⌿ torsion angles of the
residues on a 12 ⫻ 12 grid (30° intervals in each direction). The
histograms were converted to PMF maps at 300 K by the formula
G ⫽ ⫺0.597 ln(n) (kcal/mol), where n is the occurrence at the
grid point. The maps were shifted such that the lowest free energy
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is zero. Contours were made at 1.0 kcal/mol intervals after secondorder spline interpolation.

Results
Extensive tests were conducted to assess the accuracy of the new
force ﬁeld. In particular, its ability to represent both extended and
helical regions in a balanced manner were closely scrutinized
based on comparisons with both quantum mechanical data and the
PMF obtained from high resolution X-ray protein structures. In
keeping with traditions of the force ﬁeld development community,
the outline of our results presentation will be as follows: We will
ﬁrst present the comparisons with quantum mechanical data on
both Ace-Ala-Nme and Ace-(Ala)4-Nme peptides. We then
present comparisons with the Cornell et al. charge set and other
charges calculated using a variety of quantum mechanical theories
to assess the quality of the new charges and dipole moments
followed by simulation results on three peptides their comparisons
to PMF. Finally, we will conclude with our initial test results on
other small peptides and on a large ensemble of decoy set.
Comparison with Quantum Mechanical Data

Almost all contemporary force ﬁeld parameters have been developed based on comparison with relatively high-level quantum
mechanical data. This is a generally accepted practice, particularly
because quantitative experimental data on short peptides is still
difﬁcult to obtain. For example, Friesner and coworkers have
recently reﬁned the OPLS-AA force ﬁeld based on the LMP2/ccpVTZ(-f) data.38 Here we have also followed the conventional
practice by comparing our results against the quantum mechanical
data.
Figure 1 shows the QM and MM energies (in kcal/mol) of
Ace-Ala-Nme. The QM energies were calculated using MP2/ccpVTZ//HF/6-31G** method in  ⫽ 4.0 medium. The MM energies
were calculated in the “gas phase” after constrained energy minimization with the main-chain torsion angles ﬁxed at the designated values. Because our charges were derived from QM data in
 ⫽ 4.0 medium, our “gas phase” charges effectively mimic such
environment and is consistent with the QM energies under comparison. Overall, the (unweighted) root-mean-square difference
between the QM and MM energies is 1.9 kcal/mol, and the average
absolute difference is 1.4 kcal/mol. The energy RMSD in the
regions of the Ramanchandran plot relevant to the typical protein
conformations is 0.565 kcal/mol, and the average absolute difference is 0.48 kcal/mol. These regions are deﬁned by the 5.0 kcal/
mol contour line of the MP2 energy map (shown in Fig. 1). This
is comparable to the level of accuracy obtainable from the quantum mechanical method (MP2/cc-pVTZ//HF/6-31G**)39 and is
considered acceptable. Notable differences include the slight shift
of the minimum around the ␣-helical region and the somewhat
expanded and slightly more favorable contour lines in the same
area, suggesting that the new force ﬁeld has a tendency to overrepresent the helical region, which is contradictory to simulation
results in water (discussed later).
Another difference is seen on the ⌽ ⬎ 0 side of the ⌽–⌿ map
around the ␣ L region where the new force ﬁeld appears to over-
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Table 2. Comparison between the QM and MM Energies of the tetra-Ala Peptide.

Conformer

⌽⬍0

⌽⬎0

QM
1
2
4
5
␣R
RMSD
3
6
7
8
9
10

0.00
0.13
1.42
1.17
5.69
⫺2.71
⫺0.51
3.06
1.45
4.21
4.28

MM

⌽1

⌿1

⌽2

⌿2

⌽3

⌿3

0.49
0.71
1.29
0.61
5.31
0.46
⫺3.03
⫺0.12
1.51
2.88
1.90
5.50

⫺146
⫺159
⫺156
⫺157
⫺52

157
164
162
170
⫺53

⫺145
⫺155
⫺89
⫺78
⫺52

160
158
84
⫺18
⫺53

⫺145
⫺86
⫺157
⫺155
⫺52

156
79
153
161
⫺53

⫺82
⫺89
56
73
76
62

92
67
⫺159
⫺71
⫺58
30

76
64
⫺93
⫺58
76
65

⫺53
24
64
135
⫺56
21

⫺81
⫺166
⫺163
62
76
74

85
151
⫺50
26
⫺55
⫺52

Energies are in kcal/mol. Main-chain torsion angles are also given in the table for reference. Corresponding main-chain
torsion angles after energy minimization using the new force ﬁeld are within 10° except the ␣ R conformation in which
the torsion angles were restrained to the QM geometry. The QM data has been provided by Friesner.39 Energies are in
kcal/mol, and angles are in degrees.

represent the region by about 2.0 kcal/mol. However, our simulation on Ace-Ala-Nme peptide, the same peptide from which QM
data was obtained, clearly showed that the ␣ L region was not
sampled at all during the simulation of the peptide in solution
(discussed in detail later). In our opinion, merely ﬁtting to QM data
cannot guarantee an accurate force ﬁeld. Indeed, it probably makes
sense to ﬁt to gas-phase QM data if the molecular mechanical force
ﬁeld is polarizable. On the other hand, for point-charge models,
ﬁtting to the gas-phase QM data would make the model more gas
phase like. This is quite undesirable because of the differences in
the electrostatic potentials in the gas phase and in the condensed
phase. A more serious problem is that if the charge set is condensed phase like, such as the Cornell et al. charge set, and this
charge set, ﬁtting the main-chain torsion parameters to the gasphase QM data, would result in over compensation, which in turn,
produces a set of parameters with a potential bias towards a
particular conformation (either ␣- of ␤-) when used in condensephase protein simulations. Because of the uncertain and varying
dielectric environment, QM data, although quantitative, should
serve as merely a guide, and the accuracy of the force ﬁeld should
be better judged by simulations of small peptides, even though the
latter is often qualitative. Motivated by this observation, we devoted signiﬁcant efforts to extended simulations on small peptides.
The results of these simulations are discussed later.
Beachy et al.39 compared the QM energies of 10 Ace-(Ala)3Nme tetra-peptide conformers, calculated with LMP2/cc-pVTZ(-f)//HF/6-31G** QM methods, to the MM energies calculated by
various force ﬁelds. Our comparisons to the same set of energies
are summarized in Table 2. Because tetra-peptide is the smallest
peptide that can form one main-chain hydrogen bond in ␣-helical
conformation, we have also included the ␣-helical conformer
(courtesy of Friesner) in our comparison. This test served as the
critical set for evaluating the energetic balance between ␣- and
␤-conformations. Our result gave an estimate for the molecular
mechanical energy difference between ␣- and ␤-conformations,
which is 4.8 kcal/mol (Table 2), and is in reasonable agreement

with the quantum-mechanically calculated energy difference between ␣- and ␤-conformations (5.7 kcal/mol).
Among the 11 conformers studied by Beachy et al.,39 conformers 7 and 9 exhibited the largest differences relative to conformer
1 (1.9 and 2.6 kcal/mol, respectively). Conformer 9 is a lefthanded helix, which occurs only infrequently in proteins. These
results suggest that the MM energy surface overrepresented the
left-handed helical conformations by more than 0.8 kcal/mol per
residue, consistent with our earlier assessment based on the 2D
⌽–⌿ energy maps. The readers should be aware that these results
are in contradiction to the simulation results of both Ace-Ala-Nme
and Ace-(Ala)4-Nme peptides in solvent (discussed later). In either
case, this disagreement with the QM energy is not a major concern
because of the low frequency of occurrences in protein structures.
When conformers containing ⌽ ⬎ 0 (conformers 3, 6, 7, 8, 9, and
10) were excluded, the root-mean-square difference was 0.46
kcal/mol. Geometrically, all ⌽ and ⌿ torsion angles were within
10° from the QM-optimized geometry after unrestrained energy
minimization with the MM force ﬁeld, except the ␣-helical conformer, which was restrained to the QM geometry (data not
shown).
It should be noted that the QM energies of the tetra-Ala were
obtained in the gas phase. Therefore, caution must be taken when
they are compared to MM energies of point-charge models. Because gas-phase energies can described only the behavior of small
peptides in the gas phase (despite their perceived accuracy), it
would be misleading to use them to compare against force ﬁeld
parameters that are designed to mimic proteins in solution. It is
interesting that the difference between these two environments has
been neglected even in some of the recent studies. Our own studies
clearly indicated signiﬁcant changes on the energetic surfaces of
small peptides at different dielectric environments. In particular,
the extended conformation, which corresponds to the ␤-sheet
secondary structure, is considerably more favorable in the condensed phase due to solvent polarization (data not shown). Such a
change should have profound effect on the balance between helical
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Figure 1. Comparison between the QM and MM energy maps. Energies were calculated on a 12 ⫻ 12 grid. A second-order spline
interpolation was applied to obtain smooth contours. Contour lines are
drawn at 1.0-kcal intervals, starting from 1.0 kcal. Solid contour lines
represent the MM energy map and dashed lines are for QM. QM
energies are calculated using MP2/cc-pVTZ//HF/6-31G** in  ⫽ 4.0
medium.

Figure 2. Comparison between the new charge set and the Cornell et
al. charge set. The trendline has a slope of 1.048.
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Figure 3. Calculated dipoles are compared for the standard amino
acids (constructed as Ace-X-Nme) with identical sets of structures.
The DFT calculations were done using B3LYP with cc-pVTZ basis set
in the speciﬁed media. Comparisons to the dipoles moments calculated
using HF/6-31G* and Cornell et al. charge set are also presented. The
slopes of the trendlines are given in Table 5.

Figure 4. Ramanchandran plot of Ace-Ala-Nme di-peptide from simulation in TIP3P water and is compared to the PMF contours obtained from
statistical analysis of high-resolution X-ray structures. Please see refs. 44
and 45 for comparison with other force ﬁelds. The red contours are the
PMF of Ala and the green contours are for all residues except Gly and Pro.

Table 3. Atomic Partial Charges (in e.u.) of Standard Amino Acids.
Ala

Ser

Cys

Val

Thr

Pro

Ile

Leu

Met

Asp

Asn

Glu

Gln

His

Lys

Arg

Trp

Phe

Tyr

⫺0.374
0.254
0.581
⫺0.509
⫺0.129
0.089

⫺0.405
0.294
0.570
⫺0.555
⫺0.028
0.121
⫺0.230
0.077

⫺0.541
0.345
0.483
⫺0.581
0.118
0.142
0.147
0.040
⫺0.640
0.446

⫺0.396
0.295
0.643
⫺0.585
⫺0.074
0.141
⫺0.221
0.147
⫺0.285
0.189

⫺0.450
0.440
0.447
⫺0.405
⫺0.052
⫺0.026
0.395
⫺0.116
⫺0.090
⫺0.009

⫺0.245
0.255
0.560
⫺0.552
⫺0.271
0.164
0.238
0.045
⫺0.602
0.405
⫺0.176
0.060

⫺0.088

⫺0.451
0.329
0.569
⫺0.620
⫺0.102
0.174
0.062
0.062
0.022
0.012
⫺0.130
0.030
⫺0.101
0.024

⫺0.355
0.262
0.573
⫺0.558
⫺0.101
0.137
⫺0.144
0.053
0.192
0.001

⫺0.395
0.281
0.600
⫺0.566
⫺0.088
0.123
0.019
0.049
⫺0.208
0.124

⫺0.558
0.320
0.443
⫺0.501
0.007
0.082
⫺0.048
⫺0.015
0.745

⫺0.430
0.255
0.617
⫺0.524
0.045
0.060
⫺0.094
0.043
0.584

⫺0.423
0.307
0.470
⫺0.593
0.032
0.065
0.075
⫺0.004
⫺0.034
⫺0.004

⫺0.387
0.301
0.419
⫺0.565
0.037
0.152
⫺0.032
0.031
⫺0.020
0.031

⫺0.528
0.282
0.662
⫺0.529
0.031
0.085
⫺0.152
0.055
0.278

⫺0.436
0.251
0.725
⫺0.563
⫺0.039
0.129
⫺0.108
0.045
0.033
0.010

⫺0.301
0.234
0.730
⫺0.578
⫺0.131
0.053
0.037
0.028
0.012
0.003

⫺0.428
0.242
0.584
⫺0.495
⫺0.020
0.107
⫺0.098
0.065
⫺0.100

⫺0.371
0.234
0.548
⫺0.507
⫺0.030
0.102
⫺0.099
0.061
0.021

⫺0.488
0.264
0.622
⫺0.527
0.010
0.096
⫺0.052
0.019
0.113

⫺0.123
0.022

⫺0.212

⫺0.730

⫺0.527

0.765

0.668

⫺0.423

⫺0.048
0.071

0.126
0.068

⫺0.174
0.171
0.090

⫺0.083
0.098

⫺0.183
0.133

⫺0.070
0.120

0.465
0.326

⫺0.298
0.322
0.142

⫺0.157
0.124

⫺0.182
0.137

⫺0.100
0.115

0.206

0.334
⫺0.435
⫺0.035
0.060
⫺0.003
0.019
0.013
0.020

⫺0.012
0.044

⫺0.782
0.355
⫺0.285
0.128

⫺0.824

⫺0.628
⫺0.883
0.408

⫺0.298
0.160
0.026
0.127
⫺0.098
0.267

⫺0.250
0.295

0.566
⫺0.686
0.391

⫺0.154
0.123
⫺0.211
0.126
⫺0.164
0.119
⫺0.133
0.119

⫺0.421
0.330
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N
H
C
O
C␣
a
H␣
C␤
b
H␤
c
C␥, O␥, S␥
d
H␥
C␥ 2
H␥2(1,2,3)
e
C␦, O␦, N␦
f
H␦
g
C␦2, N␦2
h
H␦ 2
i
C, O, N
j
H
k
C2, N2
l
H2
C3
H3
m
C
n
H
o
C3, OH, NH(1,2)
p
H 3 , H H
CH2
HH2

Gly

a

H␣(2,3) for Gly.
H␤(1,2,3) for Ala and H␤ for Thr, Ile, and Val, H␤(2,3) for all others.
c
C␥ for Glu, Asp, Lys, Pro, Met, Asn, and Gln; C␥(1,2) for Val; O␥ for Ser; O␥1 for Thr; S␥ for Cys.
d
H␥1 for Thr, H␥(2,3) for Gln, Arg, H␥1(2,3) for Ile, H␥(1,2)(1,2,3) for Val.
e
C␦1 for Ile; Trp; C␦(1,2) for Leu, Phe, Tyr; S␦ for Met; O␦1 for Asn; O␦(1,2) for Asp; C␦ for Pro, Glu, Gln, Lys, Arg; N␦1 for His.
f
H␦1(1,2,3) for Ile, H␦(2,3) for Arg, Lys, Pro; H␦1 for Trp; H␦(1,2) for Phe, Tyr; H␦(1,2)(1,2,3) for Leu.
g
C␦2 for His, Trp; N␦2 for Asn.
h
H␦2(1,2) for Asn.
i
C for Met, Lys; C1 for His; C(1,2) for Tyr, Phe, O1 for Gln; O(1,2) for Glu; N for Arg; N1 for Trp.
j
H(2,3) for Lys; H(1,2,3) for Met; H for Arg; H1 for His, Trp; H(1,2) for Phe, Tyr.
k
C2 for Trp, Phe, Tyr; N2 for Gln, His.
l
H2(1,2) for Gln.
m
C2 for Trp; N for Lys.
n
H2 for Trp; H(1,2,3) for Lys.
o
C3 for Trp; OH for Tyr; NH(1,2) for Arg.
p
H3 for Trp; HH for Tyr; HH(1,2)(1,2) for Arg.
b
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Table 4. Slopes of the Trend Lines That Best Fit the Data Shown in Figure 3.

Dipoles
Charges

DFT/Gas

DFT/ ⫽ 4

DFT/ ⫽ 80

HF/6-31G*/Gas

Cornell et al.

0.872
0.950

1.002
—

1.097
1.038

0.919
1.102

1.013
1.049

The slopes of trend lines of the charges are also given in the table.

and ␤-sheet conformations. Thus, we consider the aforementioned
0.46 kcal/mol RMS energy difference among the selected tetra-Ala
conformers acceptable.
Comparisons of the Charges and Dipole Moments

As we indicated earlier, an important feature of Cornell et al.
charge set is that it is obtained by ﬁtting to the electrostatic
potential calculated using the HF/6-31G* quantum mechanical
method. Because HF/6-31G* has a tendency to exaggerate the
gas-phase dipole moment, the charges are slightly larger (in absolute value) than the typical gas-phase charges. In some sense, the
charges are somewhat condensed phase-like. Because our new
charge set was obtained by ﬁtting to the condensed-phase electrostatic, it would be interesting to compare these two sets of charges.
Shown in Figure 2 is the scatterplot of the charges. One can clearly
see a good correlation between them. Indeed, the correlation
coefﬁcient is 0.98. This indicates that the two sets of charges are
highly similar, which is expected. However, the ﬁtted straight line
has a slope of 1.049, indicating that the Cornell et al. charge set is
systematically larger than the new charge set by approximately
5%. The difference is not uniform; the ﬁtting error ranges from
⫺0.2 to 0.2 e.u., which is substantial.
Further comparisons were made to three additional charge sets
obtained by ﬁtting directly to the quantum mechanical data, including
HF/6-31G*, B3LYP/cc-pVTZ in the gas phase, and B3LYP/ccpVTZ in water, represented by the COSMO model.40 – 43 The
results are summarized in Table 4. The gas-phase charges obtained
by ﬁtting to the HF/6-31G* data were about 16% larger than those
obtained from B3LYP/cc-pVTZ gas-phase data, 10% larger than
the new charge set, and 5% larger than those from the B3LYP/ccpVTZ water data. This seems to indicate that the HF/6-31G*
charges are more polar than the COSMO charges, which is contrary to the conclusion based on comparisons of dipole moments
(discussed below). In comparison, the new charge set (Table 3) is
about 5% larger than the gas-phase charges obtained from B3LYP
gas-phase data and about 4% smaller than the COSMO charges.
Therefore, the new charges are close to the middle point between
the gas phase and the aqueous solution phase.
Dipole moments are important physical properties of molecules. In our opinion, they are more important than the partial
charges when the formal charges of the molecules are known. In
the cases of amino acids, because all formal charges are known and
most are neutral, dipole moments become the most important
terms to account for the long-range electrostatic interactions. For
example, molecules with larger dipole moments tend to be more
hydrophilic than those of smaller dipole moments.

Interestingly, the dipole moments derived from the new charge
set are systematically (about 8%) larger than those calculated using
HF/6-31G* method, which was the basis of the Cornell et al.
charge set, even though the new charges are about 10% smaller
than the HF/6-31G* charges (Table 4). This sounds somewhat
puzzling. But further analysis indicates that, although the new
charges are smaller, they distribute differently in reﬂection of the
distribution of effective charges of the underlying electronic structures. Because the HF/6-31G* method exaggerates the electrostatic
potentials, the resultant charges are somewhat larger than the
gas-phase charges, as if the charges are simply scaled up in
comparison to gas-phase charges. Such an effect can partially
mimic the condensed-phase electrostatics. However, the electron
distribution is expected to be polarized in the presence of solvent
molecules. In particular, the polarization has a stronger effect on
the surface atoms than on those buried atoms. Thus, surface atoms
are more polarized than the buried atoms, and would have larger
partial charges in comparison to the gas phase. The electrostatic
potentials obtained from the condensed-phase quantum mechanical calculations are higher at the short range than those in the gas
phase. This may not make much difference for small molecules,
where almost all atoms are effectively exposed. For relatively large
molecules, however, the difference can be substantial, as indicated
from this comparison. Although uniform scaling charges can
achieve the goal of increasing the dipoles, such an approach cannot
mimic the true behavior of the molecules when they are surrounded by solvent particles.
Although the comparison with Cornell et al. charges suggests
that the new charge set would make the peptides less hydrophilic,
the dipole moments are comparable (shown in Fig. 3) when judged
by the slope of the trendline which is 1.01 (show in Table 4).
Interestingly, the Cornell et al. dipole moments are larger than the
HF/6-31G*; therefore, the charge set is more polar than the underlying QM data. In fact, one may draw the conclusion that the
dipoles based on Cornell et al. charge set are similar to those
calculated in  ⫽ 4 medium and the new charges, given that the
slope of the ﬁtted line is 1.01 (Table 4), even though Cornell et al.
charge set is systematically larger than the new charge set by about
5%. Thus, the distribution of the new charges is different.
In comparison to other QM methods, the dipole moments
calculated using the new charge set are comparable to those
obtained using B3LYP/ccpVTZ in  ⫽ 4 medium whose trendline
has a slope of 1.002. They are about 10% smaller than those in
water, about 13% larger than those in the gas phase, as represented
by B3LYP/ccpVTZ. The dipole moments in water, as calculated
using B3LYP/ccpVTZ with the COSMO continuum solvent
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model, and  ⫽ 80, are more than 20% greater than those in the gas
phase, which is expected.
One of the obstacles of using HF/6-31G* to derive charges was
that the HF/6-31G* level of theory lacks sufﬁcient accuracy to be
used in the torsion parameter reﬁnement. A typical remedy was to
use the other high-level QM theory (e.g., MP2) to obtain an
accurate energy proﬁle. A problem may arise due to the difference
in the media in which the QM calculations were done. Because the
charges are exaggerated due to HF/6-31G* electrostatic potentials,
which mimics condensed-phase electrostatics, the torsion-ﬁtting
against the gas-phase QM data has the potential to over compensate. Although, this is acceptable for small peptides when the
energies are compared to the gas-phase QM energies, the over
compensation may become a source of error that has the potential
to grow with increasing size of peptides. It could become a source
of considerable error when the force ﬁeld is applied to proteins or
secondary structure fragments. Nevertheless, this was not a major
concern in the past because the majority of applications were
relatively short equilibrium simulations. Another obstacle is that
the HF/6-31G* theory lacks the ability to predict the speciﬁc effect
on the distribution of the charges when solvent and other atoms are
present. Fortunately, the development of continuum solvent models has ﬁlled the gap.
Our present approach represents a step forward in force ﬁeld
development methodologies. The use of the continuum solvent
models in the quantum mechanical calculations made it possible to
represent the solvent polarization effects in the point-charge models in a systematic manner. This is an important feature, given the
disparity between the gas-phase and condensed-phase electrostatic
potentials. Thus, we would expect our parameter set to be able to
mimic the condensed phase better. Consequently, our force ﬁeld
may be more suited for condensed-phase simulations by design. In
particular, we speculate that our force ﬁeld may be more accurate
in modeling the side-chain and tertiary contacts, both of which are
crucial for protein folding and other applications.
Finally, it is worthwhile to mention the increased level of QM
calculation used in our development protocol. The partial charges
were obtained by ﬁtting the electrostatic potentials of peptides
calculated using DFT quantum mechanical method and the B3LYP
functionals27–29 and the ccpVTZ basis set. This method is significantly more accurate than the typical HF/6-31G* level of theory
in other force ﬁeld development. In particular, the DFT method is
signiﬁcantly more accurate than the Hartree–Fock method typically used in other force ﬁelds (the latter lacks electron correlation). The increased accuracy can be directly translated into more
accurate charges.
Simulation of Ace-Ala-Nme in TIP3P Water

In the past, one of the primary difﬁculties in developing protein
force ﬁeld was the lack of detailed quantitative experimental data
to compare with. Thus, the main emphasis has been on comparisons with QM data, although accurate representation of solvent is
still difﬁcult. When the requirement was to maintain the experimental native protein conformations within a relatively short simulation time, this was generally considered acceptable. However,
the present requirement has raised to the level where the ability to
model both the native and nonnative protein energy surface cor-
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rectly and do so in a realistic solvent environment is needed. Given
the limited accuracy of QM data and the lack of realism in solvent
representation (or protein interior) in QM calculations, it sufﬁces
to say that QM data should be treated only as guidelines for ﬁtting,
not the ﬁnal criteria for judging the accuracy of the force ﬁeld. We
are now, again, confronted with the lack of reliable and quantitative data to compare our results against. One alternative approach
is to compare the simulation against data obtained from statistical
analysis of high-resolution experimental (protein) structures. Recently, Hu and Hermans44 studied the energetics of small peptides
with a combination of QM/MM approaches in a realistic solvent
environment and compared the energy proﬁles against the PMF
data obtained from analysis of high-resolution crystal structures.45
Their comparisons clearly demonstrated that all of the present
force ﬁelds have certain degree of bias when compared to the
high-level QM/MM data. Indeed, we realize that such comparison
is still qualitative in nature, and it should be combined with other
data to evaluate the accuracy of the force ﬁeld. In particular,
because dipeptides can not form intramolecular hydrogen bonds,
which are present in protein structures, the relative strength of the
main chain hydrogen bonds cannot be examined from such tests.
Nevertheless, it would be equally erroneous if we completely
dismiss such comparison.
Shown in Figure 4 is the Ramanchandran plot obtained from
simulations of Ace-Ala-Nme peptide in TIP3P water. Overall, it
closely resembles the one obtained by Lovell et al.45 The main
difference between this and the one obtained from statistical analysis of protein structures is the lack of representation in the ␣ L
region, contrary to the conclusion drawn from the comparisons
with QM data. Interestingly, the same region was better sampled in
the Ace-Ala4-Nme penta-peptide (discussed later). A striking feature is that the balance between the extended and the helical
regions are preserved very well and the left-hand side of this
Ramanchandran plot appears to be similar to that of Lovell et al.45
This is remarkable, given the signiﬁcance of the balance between
the extended and helical regions in protein structure modeling.
Thus, we anticipate that this force ﬁeld would give an improved
realism in secondary structure modeling, which has so far been a
challenge to the force ﬁeld development community.
Simulation of Ace-Gly-Nme in TIP3P Water

One of the curious ﬁndings in the work of Hu and Hermans44 is
that almost all present force ﬁelds match poorly to the main
features of the PMF of Ace-Gly-Nme, notwithstanding its small
size and simple structure, except for the Cornell et al. force ﬁeld.
With only one hydrogen as the R group, Glycine is the most
ﬂexible amino acid. The main features of its PMF surface, as
observed from the crystal structures (shown as contours in Fig. 5),
include unfavorable regions around ⌽ ⫽ 0° and around ⌿ ⫽
⫾90°. From Figure 5, one can see that these features are clearly
well represented in the new force ﬁeld. This is quite possibly the
only force ﬁeld available that has achieved this level of accuracy.
Remarkably, the distribution appears to be in better agreement
with experiment than with high-level QM/MM simulations by Hu
and Hermans.44 This suggests that inclusion of higher order terms
is not the only route to achieve decent accuracy for this type of
peptides. Conversely, even with the inclusion of higher order
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terms, as far as the main-chain distribution is concerned, ﬁne
tuning of the main-chain torsion parameters will be crucial to
achieve good balance between important conformations because of
the inevitable approximation. Given the frequent usage of Gly to
form turns in peptide design, the new parameter set will facilitate
the modeling and design of these peptides. The latter, in turn, will
help to assess the accuracy of the model.
Simulation of Ace-Ala4-Nme in TIP3P Water

Figure 5. Ramanchandran plot of Ace-Gly-Nme di-peptide from simulation in TIP3P water and is compared to the PMF contours obtained
from statistical analysis of high-resolution X-ray structures. Please see
refs. 44 and 45 for comparison with other force ﬁelds.

The Ace-Ala4-Nme peptide is one of the smallest peptides that are
capable of forming main-chain hydrogen bonds. In this case, it can
potentially form two main-chain hydrogen bonds. Experimental
studies on Alanine-based peptides suggest that short peptides up to
seven alanine residues are unstructured in solution.46 This is advantageous for its lack of signiﬁcant (free) energy traps that reduce
the sampling efﬁciency. In comparison, a structured peptide would
impose conformational preference, which is undesirable if we
intend to compare with the experimental data obtained from the
statistical analysis of a large number of high resolution crystal
structures. Shown in Figures 6 are the scattered and PMF contour
plots of the main-chain ⌽–⌿ distribution of the Ala residues. One
of the notable features of the scattered plots is the sampling of the
␣ L region. This is in contrast to the lack of sampling in the same
region in the Ace-Ala-Nme dipeptide simulation. In our opinion,
this can be attributed to the interactions of the side chains whose
inclusion inevitably change the overall energy surface. Thus, calibration based on small molecules could be potentially misleading.

Figure 6. Ramanchandran plot of the Ace-(Ala)4–Nme penta-peptide from simulation in TIP3P water.
PMFs from statistical analysis of high-resolution X-ray structures are shown in contours (red and green).
Here, the ⌽–⌿ distribution obtained from the simulation is shown as both scatters (A) and contours (B).
The red dashed contours are Ala residues of from the high-resolution X-ray protein structures, and the
green dashed contours are for all residues except Gly and Pro.
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Again, the type II poly-proline helical region is clearly the most
favorable region, which should be the case for unstructured short
peptides as shown by recent experiments.47
Comparisons with the PMF contours obtained from statistical
analysis of high-resolution X-ray structures further demonstrated
that the new force ﬁeld has achieved a reasonable level of accuracy. Here, we can clearly see that the new force ﬁeld reproduced
important features of the experimental PMF contours, including a
reasonable balance between the extended ␤-sheet conformation
and the helical conformation.
The difference found at the type II poly-proline helical region
is largely due to the unstructured peptide conformation; this is in
agreement with recent experiments, which have shown that the
alanine-based short peptides have the tendency to form polyproline type II helices.47 The ability to reproduce such a ﬁne
feature will greatly enhance the realism in simulations.
Tests on Other Peptides and Proteins

We have conducted extensive tests to examine the accuracy of the
force ﬁeld using a variety of peptide and protein systems, including
alanine-based helical peptide,48 ␤-sheet–forming peptides (both
␤-hairpins and three-stranded ␤-sheets, manuscript in preparation),
Trp-cage miniprotein,11 and a large ensemble of protein decoys.49
The details of these test results will appear elsewhere. Here, we
summarize some of the highlights.
In the alanine-based peptide, a total of 32 simulations48 were
done, and each of the simulations were run to 100 ns, using a
Generalized Born continuum solvent model.7 The calculated average helicity is in excellent agreement with experiments judged
by both main-chain hydrogen bonds and main-chain torsion angles.48 In comparison to simulations on similar peptides using
other force ﬁelds, there is a noticeable difference in the relative
population of three helical species. The equilibrium populations in
the -helical and 310 conformations are, respectively, 4.8 and
1.3%, as measured by the main-chain hydrogen bonds. Both are
substantially lower than those in simulations using the CHARMM
force ﬁeld50,51 (7% for -helices and 6.5% for 310-helices). Feig et
al. recently studied the three helical species and found that the
overrepresentation of the -helices in the CHARMM force ﬁeld
was likely a force ﬁeld artifact.52 The 310-helical conformation is
also much less populated in comparison to simulations53 using the
Cornell et al. force ﬁeld. In fact, based on our simulations,48 we
believe that both -helix and 310-helix are transient species formed
by thermal ﬂuctuations from the ␣-helical conformation as judged
by the observation that 61% of the -helix and 310-helix species
form bifurcated hydrogen bonds. This agrees with a recent study
by Armen et al., who compared their simulation results with NMR
experimental data.54 We also observed that two-turn short helices
tend to be unstable, which agreed with the experimental observation that seven-amino acid peptides cannot form stable helices.46,47
In the ␤-sheet peptides, simulations (manuscript in preparation)
were done on four ␤-hairpin peptides using a Generalized Born
solvent model.7 About 20 simulations were conducted for each peptide, and the number of trajectories that have reached the ␤-hairpin
conformation ranged from 4 to 13. The extrapolated folding times,
based on two-state assumption, ranged from 210 to 440 ns, which are
reasonable given that the continuum solvent models accelerate the
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process by neglecting solvent viscosity. We also successfully folded a
three-stranded ␤-sheet peptide using the same simulation method.
In the case of the Trp-cage miniprotein, a simulation was
conducted to 100 ns using a Generalize Born solvent model.11 The
Trp-cage was able to adopt its native structure with the main-chain
RMSD of 1.0 Å and heavy-atom RMSD of 2.0 Å from the native
NMR structure within 30 ns, and remained in that state until the
end of the simulation. In comparison, the heavy-atom RMSDs of
the 38 NMR structures range from 1.6 to 2.8 Å. Thus, the simulated structure clearly approached the accuracy of the NMR data.
When compared to the simulations using Cornell et al. charge set
with a set of tuned main-chain torsion parameters (tuned against a
large pool of misfolded peptides8) and using an OPLS-AA force
ﬁeld,10 the simulation using our new parameter set stood out as the
best result observed so far. In the work of Simmerling et al.,8 the
simulation successfully folded the Trp-cage protein to a mainchain RMSD between 1.0 to 2.0 Å. In the work of Snow et al.,10
they studied the folding rates of Trp-cage by approximately 7000
simulations, with the durations ranged from 1.0 to 80.0 ns. Among
these massive number of trajectories, only one trajectory reached
main-chain RMSD of 1.4 Å with nonnative packing of the Trp side
chain (the Trp is ﬂipped by about 90° compare to NMR structure).
Incidentally, Generalized Born solvent models were used in all
three simulations. Thus, the differences in these simulations are
more likely due to the underlying force ﬁelds used in the simulations, although details of how the solvent models were implemented may also play a role. In our simulation, it is noteworthy
that the Trp side chain was snuggly packed into the cage and
remained in that conformation for about 70% of the time.
Further tests were done on a large set of protein decoys.49 In
these tests, a Generalized Born solvent model similar to other
studies was used.7 However, unlike in other similar tests conducted using other force ﬁelds55,56 where the native and decoys
were only subjected to energy minimization, we conducted short
(10-ps) molecular dynamics simulations on the decoys and used
the average energy obtained from the simulations to calculate the
Z-scores, a measure of the discriminatory ability of the approach.
The details of this study have been reported elsewhere. We present
here a brief comparison with other similar studies using other force
ﬁelds55,56 in Table 5. Clearly, the new approach, the combination
of improved protocol (molecular dynamics vs. energy minimization), and the new force ﬁeld, have signiﬁcantly improved upon the
reported results. In particular, our average Z-scores were about 1.0
better than those published by others, which means that our approach has a better discriminatory ability than the previously
published results by more than one standard deviation of the
energy distribution. Such an enhanced ability is also reﬂected in
the improved ﬁdelity of ﬁnding the correct protein structures from
the large pool of decoys. Thus, judging from the improved Zscores and the improved ability to differentiate the decoys from the
native protein structures, we concluded that this new force ﬁeld
performed better than the other two existing force ﬁelds.

Discussion
In molecular mechanics models, torsion potentials serve the role to
account for those higher order terms that are otherwise not present
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Table 5. Comparison with Other Studies Based on CHARMM 19 and OPLS-AA Force Fields on

Protein Decoy Sets.
Decoy Sets
Four-state Reduceda
% Accuracy
Average Z native
Average Z⬘
Range of Z native
LMDSb
% Accuracy
Average Z native
Average Z⬘
Range of Z native
Lu and Skolnickc
% Accuracy
Average Z native
Average Z⬘
Range of Z native

CHARMM/GB56

OPLS-AA/GB55

AMBER/GB-MD

⬃100%
⫺3.39
n/a
⫺1.7 to ⫺4.6

43%
⫺3.67
n/a
⫺2.18 to ⫺4.53

100%
⫺4.95
⫺1.79
⫺2.86 to ⫺6.33

n/a
n/a
n/a
n/a

14%
⫺2.57
n/a
0.6 to ⫺14.57

80%
⫺4.49
⫺3.18
4.99 to ⫺8.26

n/a
n/a
n/a
n/a

n/a
⫺4.02
n/a
⫺1.48 to ⫺9.6

93%
⫺5.82
⫺3.25
0.34 to ⫺11.63

The “AMBER/GB-MD” column is the data obtained using the new AMBER force ﬁeld described in
this article.
a,b
Both the “four-state reduced” and the local minima decoy sets (LMDS) were obtained from the
Decoys ‘R’ Us database.61
c
The “Lu and Skolnick” decoy set (courtesy of Lu and Skolnick) contains 54 unique protein
sequences, 28 of which has NMR determined structures, and 26 of which has X-ray structures with
resolutions ranging from 2.5 to 1.2 Å. The decoys in this set were generated on a lattice using an ab
initio Monte Carlo structure prediction program,62,63 and each of these sequences has 1333 decoy
structures. “% Accuracy” speciﬁes the percentage of proteins having the lowest energies in comparison to the decoys. “Average Z native” is the average Z-score of the native structure and is calculated
as Z native ⫽ (E native ⫺ 具E典 all)/, where E native is the average energy obtained from the MD simulation
on the native structure and 具E典 all is that averaged over all structures, including decoys;  is the
standard deviation of the average energies. “Average Z⬘” is the average Z-score of the native structure
in comparison to the decoy of the lowest energy. It is calculated as Z⬘ ⫽ (E native ⫺ E decoy)/, where
E decoy is the average energy of the decoy that has the lowest energy among the decoys. The
“CHARMM/GB” data were taken from Dominy and Brooks,56 and the “OPLS-AA/GB” data were
from Felts et al.55

explicitly in the model. Historically, this has been the most
difﬁcult part of the force ﬁeld development, and will perhaps
remain so in the foreseeable future. In particular, the mainchain torsion potentials must reach an extremely high level of
accuracy if the force ﬁeld is intended to model poly-peptide.
One of the most crucial issues in achieving this high accuracy
is the balance between the helical and the extended conformations. For example, a small bias of 0.1 kcal/mol per residue
towards one way or the other would grow to 1.0 kcal/mol when
the force ﬁeld is applied to model a small 10-residue peptide.
Obviously, such a level of accuracy is yet unattainable with the
present technology, and will perhaps remain a rather challenging task for some time. The problem is further compounded
with the requirement of accurate condensed-phase QM data.
This is likely true even for a fully polarizable force ﬁeld
because of the truncation of higher order terms. Thus, comparison with QM data is just one of many steps needed to achieve
a well-balanced force ﬁeld.
Traditionally, comparisons with either experimental or highlevel quantum mechanical energies of small molecules were taken
as important tests for force ﬁelds. Such an approach is clearly

valuable, and can provide quantitative assessment on the accuracy
of the force ﬁelds in the conﬁned application areas of those
respective small molecular systems. Because our objective is to
develop a force ﬁeld for the simulations of proteins, it is more
relevant to test the force ﬁeld against experimentally well-characterized peptide systems. Our test results clearly showed that the
new force ﬁeld has achieved a reasonable balance in helical and
extended conformations. Obviously, more tests have to be done to
more fully characterize its behavior and its ability to model proteins. One crucial test would be in the area of tertiary and sidechain contacts. As we stated before, because the charges were
derived in condensed phase and may mimic the polarization effect,
we are optimistic that the force ﬁeld will give reasonable performance in this area as well.
A typical approach in the torsion parameter development in the
past was to ﬁt the torsion parameters against a few important
energy points calculated at relatively high-level quantum mechanical theory (often in gas phase). In our present work, the mainchain torsion parameters were obtained by ﬁtting to a 2D (⌽–⌿)
144-point energy grid (12 ⫻ 12) of alanine-dipeptide calculated
using MP2/cc-pVTZ//HF/6-31G** quantum mechanical methods

AMBER Force Field

in organic solvent ( ⫽ 4.0). This is similar to the approach used
in the recent reﬁnement of OPLS-AA force ﬁeld parameters by
Kaminski et al.38 In their approach, the torsion parameters, including those of the side chains, were ﬁtted against gas-phase QM
energies. However, the charge set in OPLS-AA force ﬁeld57 was
tuned against condensed-phase experimental data. As we suggested earlier, such a ﬁtting procedure can be a source of possible
overcompensation. The differences in the energy proﬁles due to
environment are also of concern.
In our approach, because the same solvent environment was
applied to derive charges and to ﬁt the torsion parameters,
overcompensation should be less of a problem. It also ensures
that the energetic surface represents the condensed phase. The
elaborate map of the entire 2D ⌽–⌿ energy surface makes it
possible to ﬁt the torsion potentials rationally and ensures that
the resulting molecular mechanic energy surface represent the
QM surface.
The choice of  ⫽ 4.0 in organic solvent, instead of  ⫽ 78.4
in water, reﬂects our intention to mimic protein interior. Studies
have indicated that the dielectric constant of protein interior is
in the neighborhood of  ⫽ 10 –12.58,59 However, measurements on dry protein powder indicated that the dielectric constant, in the absence of buried water (exactly the kind of
environment that our model intends to mimic), is between  ⫽
2 and  ⫽ 4.60 Thus, the elevated dielectric constant ( ⫽
10 –12 from  ⫽ 4.0) is largely attributed to the presence of
water molecules and perhaps also the dynamics of proteins in
solution.58,59 Because this set of parameters are designed for
solution phase simulations, solvent effect will be treated either
by explicit water or continuum solvent models, which will take
into account the dielectric effect of water. Thus, the choice of
 ⫽ 4.0 is appropriate. Furthermore, our conservative choice of
 ⫽ 4.0 is intended to avoid over polarization. This is important, because overpolarization would exaggerate the charges
further and the resulting peptide models would be too hydrophilic. Even though studies have indicated that the IEFPCM
model has reached a respectable level of accuracy, it is nevertheless an empirical model. Thus, the choice of  ⫽ 4.0, instead
of  ⫽ 10, would, hopefully, give us an additional margin. It is
also recognized that the solvent effect, in the absence of explicit
solvent molecules, accounts for the free energy difference in
respect to the gas phase. The latter is proportional to (1 ⫺ 1/).
The solvent polarization effect is to minimize this term. One,
therefore, intuitively expects that such an effect would also be
proportional to (1 ⫺ 1/). As a consequence, a medium of  ⫽
4.0 would produce approximately 75% of polarization effect of
a perfect conductor ( ⫽ ⬁) when other factors are equal.
The overall agreement between the dipole moments of the new
charge set and those of Cornell et al. charges suggests that they are
compatible. This implies that the new charge set can be applied
directly to study ligand binding with the existing ligand charges,
although improvement is likely if these charges can be rederived
within the framework of the new charge set. This “backward
compatibility” is beneﬁcial, given the signiﬁcant investment required in the parameterization of organic molecules. It allows a
smooth transition to the new frame work.
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Conclusion
We presented a novel approach to derive a point-charge model for
simulations of proteins in the condensed phase. The charges were
based on high-level quantum mechanical electrostatic potentials
calculated using continuum solvent model with  ⫽ 4.0. The
main-chain torsion parameters of peptides were obtained by ﬁtting
to the MP2/cc-pVTZ//HF/6-31G** energy proﬁles of Alanine and
Glycine di-peptides, which were also calculated in  ⫽ 4.0 organic
solvent to ensure a balanced parameter set. Our initial test results
were encouraging, and clearly showed excellent balance between
the extended and helical regions.
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