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Abstract: Computational studies of proteins based on empirical force fields represent a powerful tool to obtain structure–
function relationships at an atomic level, and are central in current efforts to solve the protein folding problem. The results
from studies applying these tools are, however, dependent on the quality of the force fields used. In particular, accurate
treatment of the peptide backbone is crucial to achieve representative conformational distributions in simulation studies. To
improve the treatment of the peptide backbone, quantum mechanical (QM) and molecular mechanical (MM) calculations were
undertaken on the alanine, glycine, and proline dipeptides, and the results from these calculations were combined with
molecular dynamics (MD) simulations of proteins in crystal and aqueous environments. QM potential energy maps of the
alanine and glycine dipeptides at the LMP2/cc-pVxZ//MP2/6-31G* levels, where x � D, T, and Q, were determined, and are
compared to available QM studies on these molecules. The LMP2/cc-pVQZ//MP2/6-31G* energy surfaces for all three
dipeptides were then used to improve the MM treatment of the dipeptides. These improvements included additional parameter
optimization via Monte Carlo simulated annealing and extension of the potential energy function to contain peptide backbone
�, � dihedral crossterms or a �, � grid-based energy correction term. Simultaneously, MD simulations of up to seven proteins
in their crystalline environments were used to validate the force field enhancements. Comparison with QM and crystallographic data
showed that an additional optimization of the �, � dihedral parameters along with the grid-based energy correction were required
to yield significant improvements over the CHARMM22 force field. However, systematic deviations in the treatment of � and
� in the helical and sheet regions were evident. Accordingly, empirical adjustments were made to the grid-based energy
correction for alanine and glycine to account for these systematic differences. These adjustments lead to greater deviations
from QM data for the two dipeptides but also yielded improved agreement with experimental crystallographic data. These
improvements enhance the quality of the CHARMM force field in treating proteins. This extension of the potential energy
function is anticipated to facilitate improved treatment of biological macromolecules via MM approaches in general.
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Introduction

Theoretical studies of proteins and other biological macromole-
cules are dominated by empirical force field based approaches.1,2

Consistent with this is the availability of a number of empirical
force fields for proteins including CHARMM193 and 22,4 OPLS,5

AMBER,6 GROMOS,7 ECEPP,8 and TINKER,9 among others.
Although these force fields have been successfully applied to a
wide variety of proteins, inherent limitations to their accuracy
remain. For example, MD simulations of polypeptides have indi-
cated the existence of � helices in peptides in solution and in lipid
environments,10–15 a phenomena we have recently shown to be
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associated with force field bias.16 For small molecules, limitations
are seen for these force fields in the reproduction of quantum
mechanical (QM) energetic data on the alanine dipeptide and
alanine tetrapeptide.17 Accordingly, the need for improvements in
treatment of the protein backbone via empirical force fields for
proteins is evident.

Important benchmarks of the peptide backbone in protein force
fields are the alanine and glycine dipeptides (Fig. 1). These mol-
ecules contain two peptide bonds surrounding the central �, �
dihedral angles, the terms that define the Ramachandran dia-
gram.18,19 As shown by Ramachandran, based on simple steric
models the energetics of these model compounds explain, to a
large extent, the range of conformations sampled by proteins as
observed by crystallographic and NMR experiments. Accordingly,
the conformational energies of the dipeptides in the context of
empirical force fields have a direct relationship on the behavior of
the force fields in modeling studies of proteins. This relationship
has motivated a copious number of QM and molecular mechanics
(MM)-based studies of the alanine and glycine dipeptides.17,20–31

Recently, the QM efforts have been extended to include electron
correlation22,32–34 including ab initio molecular dynamics on the
alanine dipeptide analog,35 although the full range of �, � values
have yet to be sampled using these approaches. From these efforts
it is clear that improvements in the level of theory of QM studies
of the dipeptides do yield different results, supporting the need for
additional work in this area.

A significant advance in the optimization of empirical force
fields came with the inclusion of macromolecular experimental
data as part of the target data. For example, during development of

the CHARMM22 all-atom protein force field,4 data from MD
simulations of carboxy-myoglobin (MBCO)36 were used in the
final stages of the optimization of the protein backbone � and �
dihedral parameters. Other examples include the use of DNA and
RNA simulations in the optimization of recent force fields for
nucleic acids.37–39 In applying this approach, however, it is essen-
tial to take into account changes in small molecule properties
during optimization based on macromolecular target data.40,41

Such accounting insures that the local properties of the force field
remain in proper balance with the global, macromolecular prop-
erties.

In this manuscript we present a new version of the
CHARMM22 all-atom force field for proteins based on enhanced
treatment of the conformational properties of the peptide back-
bone. This optimization effort includes QM calculations with the
treatment of electron correlation effects on the Ramachandran
diagrams of the alanine, glycine, and proline dipeptides. The QM
data is then used in combination with crystallographic protein
target data to improve the treatment of the peptide–backbone force
field parameters. This includes the extension of the force field to
include energetic terms based on �, � dihedral crossterms or
grid-based energy correction maps (CMAP), allowing reproduc-
tion of the full QM potential energy surfaces for the dipeptides.
The latter approach yields quantitative reproduction of any 2D
target energy surface, and has recently been shown by us to
provide improvements in the treatment of �, � conformational
properties in protein crystals and in the alanine dipeptide.42 How-
ever, as shown below, exact reproduction of high level QM data
for the alanine dipeptide by the force field, when applied to MD
simulations of proteins in their crystal environments, leads to
systematic deviations in the �, � values in �-helical and �-sheet
regions. Empirical corrections to the QM targeted energy surface
were, therefore, made to overcome these limitations.

Methods

Quantum mechanical calculations were performed with the pro-
grams Gaussian9843 and Jaguar.44 Geometry optimizations were
performed on the alanine, glycine, and proline dipeptides (Fig. 1)
at the MP2/6-31G* level of theory with the � (C–N–C�–C) and �
(N–C�–C–N) dihedrals constrained as follows. For the alanine
dipeptide the constraints were applied in 15° increments ranging
from �180 to 180° for � and �, respectively, while for the glycine
dipeptide the � range was limited to 0 to 180° due to the symmetry
of the molecule associated with the achiral C� carbon. For the
proline dipeptide, � was sampled from �180 through 30°, based
on the regions of � sampled in crystal structures (see below). All
optimizations were performed to default tolerances in Gaussian98.
Local minima were geometry optimized without constraints. Sin-
gle-point energy calculations were performed at the LMP2 level of
theory45 with the cc-pVDZ, cc-pVTZ and cc-pVQZ(-g) basis
sets46 on the MP2/6-31G* optimized structures. In selected cases,
geometry optimizations were performed at the MP2/6-311��G**
level of theory with the resulting geometries used for single-point
calculations.

Empirical force field calculations were performed using the
program CHARMM47,48 using the CHARMM22 all-atom protein

Figure 1. Diagrams of the (A) alanine dipeptide and the (B) glycine
dipeptide.
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force field4 with the modifications described below. Gas-phase
calculations on the dipeptides were performed using infinite cut-
offs with geometry optimizations performed to a final gradient
�10�6 kcal/mol/Å using the adopted-based Newton–Raphson
(ABNR) and Newton–Raphson minimization algorithms.2 Protein
simulations were performed using the CHARMM modified TIP3P
water model.49 Electrostatic interactions were calculated with Par-
ticle-Mesh Ewald (PME)50 using a real space cutoff of 10 Å, a grid
size of approximately 1 Å and Lennard–Jones (LJ) interactions
were determined with force switching51 over 8 to 10 Å for the
crystal calculations. Nonbonded atom lists were maintained to 12
Å and updated heuristically. For the solution simulations, the PME
real space cutoff was 8.5 Å, the LJ interactions were switched from
7.5 to 8.5 Å and nonbonded lists were maintained to 10.5 Å. This
truncation scheme was used to be consistent with recently reported
tests of the CHARMM, AMBER, and OPLS force fields.52 Inte-
gration of Newton’s equations of motion was performed using the
Leap-Frog algorithm at 300 K, unless noted, in the NPT ensem-
ble53 with a time step of 2 fs and constraint of all covalent bonds
involving hydrogens using SHAKE.54

System preparation was performed as follows for the protein
crystals presented in Table 1. In all cases the asymmetric unit was
employed with water added to fill vacuum space in the crystal and
ions (i.e., sodium or chloride) added as required to obtain charge
neutrality. When multiple occupancies were present for selected
residues, the conformation corresponding to the highest occupation
was selected for the calculations. Water molecules were added to
the crystals by creating a water box with the approximate dimen-
sion of the asymmetric unit and overlaying this onto the crystal-
lograpic coordinates, including all experimentally identified water
and ions. All water molecules with their oxygen within 2.8 Å of

any crystallographic nonhydrogen atom were then deleted, follow-
ing which all added water molecules beyond the boundary of the
asymmetric unit were deleted. Sodium or chloride ions were then
added to yield a neutral system by placing the ions at random
positions in the asymmetric unit that were �3 Å from any crys-
tallographic nonhydrogen atom, excluding water, and not within
0.5 Å of any water oxygen or within 3 Å of any previously added
ion. The crystallographic nonhydrogen atoms, excluding water,
were then subjected to mass weighted harmonic restraints of 5
kcal/mol/Å and the systems were minimized for 200 steepest
descent steps in the presence of the crystal environment, using
atom truncation for the electrostatic and LJ terms with shifting of
the electrostatic terms to 0 at 12 Å, switching the LJ interactions
to zero over the range of 10 to 12 Å with the nonbonded list
updated heuristically and maintained to 14 Å. These minimized
systems were then used to determine the PME screening factor,
kappa (approximately 0.33 in all cases) followed by a 200-step
ABNR minimization with the harmonic restraints maintained and
the electrostatic interactions treated via PME. Final equilibration
of the solvent was based on a 20-ps NVT simulation55 in the
presence of the harmonic restraints. An additional 100 steps of
ABNR minimization, in the absence of harmonic restraints, was
performed on each system prior to the production simulations
described above. Production simulations were performed for 1.1
ns, with the initial 100 ps discarded as equilibration with coordi-
nates saved every 5 ps for analysis. For all of the proteins, the N-
and C-terminal residues were excluded from the analysis and with
BPTI the next to last C-terminal residue (i.e., 57) was also ex-
cluded due to anomalously large structural changes in the C-
terminus. Simulations were performed at 300 K, unless noted in
Table 1.

Details of the individual systems listed in Table 1 follow.
Crambin contains four water molecules in addition to the two
crystallographic ethanol and water molecules, with the total charge
being zero (John Kuryian, personal communcation). 1I27, which is
the C-terminal domain of Transcription Factor IIF, was used
directly with nine chloride ions added to provide electric neutral-
ity. The experimental crystal structure of 1I27 was obtained at 200
K, and MD simulations were performed at that temperature. BPTI
contains a crystallographically defined phosphate and 63 water
molecules, with an additional 91 water molecules and four chloride
ions. In our previous optimization of the CHARMM all-atom force
field, carboxy myoglobin (1MBC),36 was used as the model pro-
tein for empirical optimization of the force field.48 However,
comparison of the average �, � values in the helical region for this
structure showed the � values to be less negative and the � values
to be more negative compared to other representative proteins,
including a structure of deoxymyoglobin (see Table S1 of the
supplemental information). Accordingly, the deoxymyoglobin
structure, 1bzp, was substituted for the 1mbc structure in this
study. The 1bzp simulation system contained a deoxy heme, three
sulfate ions and 154 water molecules identified crystallographi-
cally, along with an additional 196 water moleculess and six
sodium ions. Turkey Egg Lysozyme contains 114 water molecules
in the crystal structure, to which 263 water molecules and nine
chloride ions were added. 1byi, dethiobiotin synthase, contains 389
crystallographic water molecules to which 150 water molecules
and four sodium ions were added. The final protein, 3ebx, erabu-

Table 1. Protein Structures Used in the Force Field
Optimization and Testing.

Proteins used in for crystal simulations

PDB ID Resolution Comment Reference

Crambina 0.94 Å �-helix, �-sheet 75

1I27 1.02 Å �-helix, �-sheet, 200 K 76

5PTI 1.8/1.0 Å2 �-helix, �-sheet 77

1BZP 1.15 Å �-helix, 287 K 78

135L 1.3 Å �-helix, �-sheet, �L
79

1BYI 0.97 Å �-helix, parallel �-sheet 80

3EBX 1.4 Å Antiparallel �-sheet 81

Proteins studied by molecular dynamics in solution

1GPR 1.9 Å Glucose permease, X-ray,
162 residues

57

1HIJ 3.0 Å Interleukin-4, X-ray, 129
residues

56

1UBQ 1.8 Å Ubiquitin, X-ray, 76
residues

58

aStructure obtained from John Kuriyan (personal communication).
bThe two values represent the resolutions for the neutron and X-ray
diffraction experiments, respectively.
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toxin B, contains a crystallographic sulfate and 112 water mole-
cules; 24 additional water molecules were added to this simulation
system.

Solution simulations were performed as previously de-
scribed,52 in a truncated octahedron with a minimum solvation
layer of 9 Å. The proteins studied included interleukin-4 (1hij,
3.0-Å resolution X-ray structure),56 domain II of glucose permease
(1gpr, 1.9-Å resolution X-ray structure),57 and ubiquinone (1ubq,
1.8-Å resolution X-ray structure)58 (Table 1). All simulations were
performed for 5 ns, with the analysis performed over the final 3 ns.

Free-energy �, � surfaces were produced assuming the dihedral
angles were distributed according to a Boltzmann distribution.59

The experimental surface was based on a collection of high reso-
lution structures from the PDB60 in which redundant sequences
were removed.61,62 Only those residues with B-factors less than 30
Å3 were included. Calculated free energy surfaces were obtained
by collecting the values of all �, � dihedral pairs for all residues
of the proteins, over the production portions of the MD simula-
tions, constructing distributions from these values and converting
the resulting distributions to free energies.2

Results and Discussion

Continued optimization of empirical force fields represents an
ongoing effort necessitated by the ever-increasing availability of
experimental and QM data on the systems for which the force
fields were designed. In the case of the CHARMM22 protein

all-atom force field several lines of evidence motivated the present
work. During the original optimization of the �, � dihedral pa-
rameters the final adjustments included systematically altering the
energy of the �R conformation of the alanine dipeptide to avoid
biasing the �-helical conformation in MD simulations, with MbCO
(Table S1) used as the model system. The adjustments lead to
CHARMM adequately treating the left side of the alanine dipep-
tide �, � energy surface at the expense of the �L conformation,
whose energy was significantly overestimated (see Table 7 of
MacKerell et al.4). This limitation was reiterated in a comprehen-
sive QM study of the alanine di- and tetrapeptides.17 Although
limitations with respect to QM data on the alanine dipeptide were
indicated, MD simulations on a wide variety of proteins, as re-
ported in the literature, showed no systematic problems in the force
field (e.g., see ref. 52). However, two recent problems emerging
from MD-based studies motivated our current work. In simulations
of lysozyme, order parameters were calculated and compared with
NMR data. The calculated values were shown to be significantly
lower than those from experiment (M. Buck and M. Karplus,
personal communication). These differences were particularly
large with glycine residues occupying the �L conformation. The
second problem related to the sampling of the �-helical confor-
mations in a variety of simulations,10,12,15 as recently discussed.16

Taken together, the QM and MD data form a consistent picture.
The elevated energy of the �L conformation in the alanine dipep-
tide map suggests that the low order parameters in the lysozyme
simulation were due to the �L residues “falling away” from the
experimental conformation. Concerning the propensity of the force

Table 2. Relative Energies and �, � Dihedral Angles of Selected Conformations of the Alanine
Dipeptide.

MP2/6-31g* optimized structures

Conformer � �

LMP2

MP2/6-31G* cc-pVDZ cc-VTZ cc-VQZ(-g)

C7eq �82.8 77.9 0 0 0 0
C5 �158.4 161.6 1.73 1.45 1.14 1.01
C7ax 74.4 �64.1 2.53 2.78 2.58 2.20
�2 �137.8 22.9 3.28 2.43 2.87 2.84
�L 63.5 34.8 4.52 4.13 4.46 5.19
�R

a �60 �45 4.91 4.53 4.64 4.50

MP2/6-311��G** optimized structures

Conformer � �

LMP2

MP2/6-311��G** cc-pVDZ cc-VTZ cc-VQZ(-g)

C7eq �81.9 81.6 0 0 0 0
C5 �158.5 151.5 1.66 1.71 1.38 0.91
C7ax 74.3 �57.3 2.33 2.79 2.65 2.06
�2 �90.7 �7.8 2.83 3.33 2.78 2.51
�L 63.7 33.6 4.05 4.14 4.48 4.96
�R

a �60 �45 4.00 4.52 4.76 4.27

Energies in kcal/mol and dihedral angles in degrees.
a�, � dihedral angles constrained to �60, �45.
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field to sample �-helical conformations, this is related to the
empirical adjustment of the original CHARMM force field to more
accurately treat the �-helical conformation. This procedure led to
a decrease in the relative energy of the �- vs. the �-helical
conformation, such that the CHARMM22 alanine dipeptide energy
surface in the helical region was too “flat” (see below); a similar
effect is present in most current force fields.16 It has recently been
shown that this diminished energy difference allows the backbone
conformation to sample the �-helical conformations and is an
artifact of the force field.16 These limitations motivated the devel-
opment and application of a systematic strategy for improving the
force field based on reproduction of QM conformational energetics
of the three dipeptides and MD simulations of the proteins in Table
1 in their crystal environments.

Quantum Mechanical Calculations

QM studies were undertaken on the alanine, glycine, and proline
dipeptides to obtain appropriate target data for the force field
parameter optimization. These calculations included determination
of the dipeptide potential energy surfaces in 15° increments at the
MP2/6-31G* level including full geometry optimization. For the
alanine dipeptide, selected conformers were then subjected to
energy minimization in the absence of dihedral constraints. The
results are shown in Table 2. Geometry optimizations were also
performed with the 6-311��G** basis set to test the influence of
basis set on the obtained geometries and energies. Analysis of the
data presented in Table 2 shows that upon going from the MP2/
6-31G* to the LMP2 treatment of electron correlation, with Dun-
ning’s correlation corrected basis sets and using the same geom-
etry, significant changes in relative energies can occur. The C5 and
�R conformers are of lower energy when treated with LMP2, the
C7ax and �L energies bracket the MP2 values and the �2 and �R

LMP2 values are lower than those from the MP2 calculation. In the
majority of cases the ordering of the relative energies is not altered
upon going to the LMP2 calculations, the only exception being the
�L and �R conformations, where the �R is of higher energy at the
MP2 and the LMP2/cc-pVDZ and cc-pVTZ levels and of lower
energy at the LMP2/cc-pVQZ(-g) level.

Comparison of the relative energies for the MP2/6-311��G**
optimized geometries with the MP2/6-31G* values show the MP2
relative energies to be lower with the larger basis set. LMP2
relative energies with the MP2/6-311��G** optimized geome-
tries generally differ by 0.3 kcal/mol or less compared to the
MP2/6-31G* geometries, although the �2 conformer is 0.9 kcal/
mol lower with the cc-pVDZ basis set. For the cc-pVTZ and
cc-pVQZ(-g) basis sets, the relative energies differ by 0.3 kcal/mol
or less, indicating that the MP2/6-31G* optimized geometries are
appropriate for determination of the full dipeptide energy surfaces.

The relative energies from our calculations may be compared
with data from Vargas et al.33 In that study, a partial alanine
dipeptide surface was obtained at the BLYP/TZVP� level of
theory and full optimization of selected conformations performed
at several levels of theory, with the highest being MP2/aug-cc-
pVDZ. Using those geometries, energies were calculated at the
MP2/aug-cc-pVTZ and MP2/aug-cc-pVQZ levels and the result-
ing data used to extrapolate to the complete basis set (CBS) limit.
At the CBS level the following relative energies were obtained,

C5, 1.39 kcal/mol; C7ax 2.66 kcal/mol; �2, 3.35 kcal/mol and �L,
5.19 kcal/mol. Comparison with the LMP2/cc-pVQZ(-g) data in
Table 2 shows the agreement to be reasonable, with the present
LMP2/cc-pVQZ(-g) energies for the MP2/6-31G* geometries be-
ing within 0.5 kcal/mol of the CBS values, while the differences
are larger with the MP2/6-311��G** optimized geometries. This
comparison further suggests that our determination of the full
alanine dipeptide potential energy surface via MP2/6-31G* opti-
mization with single-point energies via LMP2 calculations will
yield an adequately converged description of the conformational
energetics of this molecule.

The full alanine dipeptide map was, therefore, obtained using
MP2/6-31G* geometry optimization. The resulting surface is pre-
sented in Figure 2, along with the surfaces based on single-point
energy calculations on the MP2/6-31G* optimized geometries
using LMP2 to treat electron correlation with the cc-pVDZ, cc-
pVTZ, and cc-pVQZ(-g) basis sets. As expected, all of the surfaces
are similar, and are consistent with previous QM studies of the
alanine dipeptide22,25,33 However, subtle, but relevant, differences
are evident. Upon going from the MP2/6-31G* to the LMP2/cc-
pVDZ surface, the energy gradient in the region around the C7eq

global minimum decreases and the effect is enhanced upon going
to the larger basis sets at the LMP2 level of theory. With respect
to the �R conformation, which corresponds to the �-helical sec-
ondary structure in proteins,63 there is a distinct valley extending
from the C7eq region up towards the helical region. As will be
shown below, subtle differences in this region of the alanine
dipeptide surface when applied to an empirical force field can
impact the sampling of the �-helical region in MD simulations.

Figure 2. Alanine dipeptide �, � energy maps from quantum me-
chanical calculations at the (A) MP2/6-31G*//MP2/6-31G*, (B)
LMP2/cc-pVDZ//MP2/6-31G*, (C) LMP2/cc-pVTZ//MP2/6-31G*,
and (D) LMP2/cc-pVQZ(-g)//MP2/6-31G* levels of theory. Energy
contours are in 1 kcal/mol increments up to 10 kcal/mol, with two
additional contours at 12 and 15 kcal/mol. Energies offset to the C7eq

conformer. The approximate locations of the dipeptide conformers
discussed in the present work are shown in (A).
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Other regions in the alanine dipeptide that are related to protein
secondary structure are the C5 and �L regions, corresponding to
the �-sheet structures and to some reverse or �-turn conformations
in proteins, respectively.63 In all four maps the C5 region is
similar, being relatively flat. In the case of the �L conformation,
there is a valley from the C7ax minimum leading up to this region,
indicating that the energy barrier between the two minima is rather
small. Although the majority of protein residues that assume the
�L conformation are glycines, there is a significant number of
nonglycine residues sampling this region, making its proper treat-
ment important.

Potential energy surfaces for the glycine dipeptide at the four
QM levels used for the alanine dipeptide are shown in Figure 3.
Due to the symmetry of the molecule, only the range of � from 0
to 180° was calculated. A single minimum is present on the
surface, corresponding to the C7ax conformation. Comparison of
the four surfaces shows them all to be similar, as expected,
although some differences are evident. Similar to the C7eq region
in the alanine dipeptide, the gradient of the energy is larger with
the MP2/6-31G* surface than with calculations based on the
LMP2 level of theory. Differences are also present in the portion
of the surface leading up to the �L conformation in the vicinity of
� � 60°, � � 30°. For the MP2/6-31G* calculations, this confor-
mation is 3.98 kcal/mol above the minimum while with the LMP2
level of theory it is 3.53 kcal/mol, 3.48, and 3.58 kcal/mol for the
cc-pVDZ, cc-pVTZ and cc-pVQZ(-g) basis sets, respectively.
Thus, as with the alanine dipeptide QM energy surfaces, the
glycine dipeptide surfaces are similar for the levels of theory
tested, however, some differences are present in regions sampled
in protein structures.

QM calculations were also performed on the proline dipeptide
(Fig. 1) with the peptide bond in the trans conformation. Shown in
Figure 4A and 4B are the MP2/6-31G* and LMP2/cc-pVQZ(-g)//
MP2/6-31G* surfaces, respectively. No cc-pVDZ or cc-pVTZ
surfaces were obtained for the proline dipeptide. Both surfaces
have a long narrow minimum energy region in the vicinity of � �
�75°. This corresponds to the restraints placed upon � in the
proline dipeptide due to the five-membered ring. Notably, upon

going to the LMP2 calculation the gradient moving away from the
minima decreased. As the regions of �, � most occupied in proline
residues in protein crystal structures correspond to approximately
�60, �30°, and �60, 150°, the decreased gradient moving away
from the minimum is expected to be important for proper treatment
of prolines in proteins.

Empirical Force Field Calculations

To date, optimization of empirical force fields for the protein
backbone has typically been based on reproducing the relative
energies of selected conformers of the alanine and glycine dipep-
tides.4,6,64,65 However, this approach is limited in that it ignores
regions of �, � conformational space not included in the target
dipeptide conformers. These regions include the helical region in
proteins as well as higher energy regions not typically observed in
proteins. Obviously, correct treatment of the helical region, includ-
ing the �, 310, and � helicies, is important for modeling of proteins
in native or near-native conformations. Accordingly, it is desirable
to treat the entire range of �, � values as accurately as possible.
Additional optimization of the CHARMM22 empirical force field
for the peptide backbone, therefore, used the entire alanine, gly-
cine, or proline dipeptide energy surfaces as target data. Recent
work has applied a similar approach to improve treatment of
peptide backbone in the Amber force field, although a 30° grid
space, vs. the 15° space used here, was employed.34

Potential Energy Function

Initial attempts to improve the treatment of the backbone used the
current form of the potential energy function (see ref. 39 for the
form). Starting with the CHARMM22 force field, it was assumed
that only the parameters associated with � and � intrastrand
dihedrals required optimization (i.e., the C�1–N–C�–C and
N–C�–C–N�1 dihedrals). Considering the force constants and
phases for a Fourier series up to and including a sixfold term for
each dihedral yields a total of 24 parameters (i.e., a force constant
and phase for each term) that are available for optimization. This
includes the ability of the phase to assume any value, as currently

Figure 4. Proline dipeptide �, � energy maps from quantum mechan-
ical calculations at the (A) MP2/6-31G*//MP2/6-31G* and (B) MP2/
6-31G*// LMP2/cc-pVQZ levels of theory and from empirical calcu-
lations using (C) CHARMM22 and the (D) grid-based energy
correction map. Energy contours as in Figure 2.

Figure 3. Glycine dipeptide �, � energy maps from quantum me-
chanical calculations at the (A) MP2/6-31G*//MP2/6-31G*, (B)
LMP2/cc-pVDZ//MP2/6-31G*, (C) LMP2/cc-pVTZ(-f)//MP2/6-
31G*, and (D) LMP2/cc-pVQZ(-g)//MP2/6-31G* levels of theory.
Energy contours are in 1 kcal/mol increments up to 10 kcal/mol, with
two additional contours at 12 and 15 kcal/mol. Energies offset to the
C7ax conformer.
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implemented in CHARMM.66 To perform this optimization a
Monte Carlo simulated annealing (MCSA) protocol was applied.67

In this approach, all 24 parameters were initially set to zero and
then randomly sampled and selected based on the Metropolis
criteria68 where the target function was the difference between the
empirical and LMP2/cc-pVQZ(-g)//MP2/6-31G* energy surfaces.

The second approach to improving the treatment of the back-
bone was via the addition of �, � crossterms, Vcross, to the
potential energy function [eq. (1).

Vcross � Kn,m�1 � cos�n� � m� � 	n,m� (1)

In eq. (1) n is the multiplicity of �, m is multiplicity of �, Kn,m is
the force constant for each crossterm, 	n,m is the phase of each
cross term, and n and m are assigned values of 1 through 4,
yielding a total of 16 crossterms. These terms were fit in addition
to the standard �, � dihedrals with all the parameters (i.e., 24 �,
� dihedral parameters plus 16 Kn,m and 16 	n,m) again optimized
via the MCSA protocol. A cross term of a similar form has
previously been used as an umbrella potential in potential of mean
force calculations on the alanine dipeptide.69

The final modification of the CHARMM22 empirical force
field we examined was the inclusion of an energy correction map,
termed CMAP, to minimize the difference between the empirical
and QM target maps. This correction was based on a grid-based
interpolation procedure that allows for the energy difference be-
tween the target LMP2/cc-pVQZ(-g) and CHARMM22 dipeptide
energy surfaces to be reproduced almost exactly. In this protocol,
a continuous function is constructed from the grid points through
two-dimensional bicubic interpolation according to the following
formula:

f��, �� � �
i�1

4 �
j�1

4

cij�� � �L

��
� i�1�� � �L

��
�j�1

(2)

The cubic nature of the interpolating polynomial guarantees
that a set of coefficients and first derivatives can be found so that
the first derivatives are smooth and the second derivatives are
continuous across grid boundaries, as required for MM applica-
tions. For each grid rectangle the coefficients are determined
according to ref. 70 from the grid values at each of the four corner
grid points, as well as the first derivatives,


f


�
,


f


�

and cross-derivatives


f2


�
�

at the grid points. As a first approximation, derivatives at the grid
points may be obtained as finite differences from neighboring grid
points. However, in general, this only guarantees continuous but
not smooth first derivatives, which is not sufficient for molecular
mechanics applications. This could be remedied with a higher

order of interpolation, but the necessary algebra quickly becomes
rather complicated and it is not trivial to determine the appropriate
coefficients. As a more convenient alternative one can use bicubic
spline interpolation to generate a set of grid derivatives that will
lead to smooth first derivatives if used in the simple bicubic
interpolation algorithm described above.70 The more expensive
bicubic spline interpolation of the entire grid only needs to be done
once, and the resulting values can be precomputed and stored for
a given grid.

In this interpolation scheme only the grid cell where an inter-
polating point is located and its immediate neighbors are involved.
The coefficients cij need to be calculated only once for all grid cells
of a given grid, and can be stored and reused for computational
efficiency. Then only eq. (2) needs to be computed for each
function evaluation, which is typically faster than a conventional
cosine series expansion. The partial first and second derivatives of
eq. (2) with respect to � and � provide the analytical derivatives
at a given interpolation point. Using the chain rule they can then be
applied with respect to cartesian coordinates66,71 analogous to
single torsion functions to obtain atomic forces and second deriv-
atives. This algorithm has been implemented in the program
CHARMM, version 31.

Dipeptide Empirical Gas-Phase Calculations

Application of the three approaches to improve the CHARMM22
energy function initially targeted the LMP2/cc-pVQZ(-g)//MP2/6-
31G* QM maps for the alanine and glycine dipeptides. Later
efforts included the proline dipeptide (see below). Presented in
Table 3 are the root-mean-square (RMS) differences of
CHARMM22 and the three new models with respect to the QM
data for the entire surfaces (i.e., 625 and 325 points for the alanine
and glycine dipeptides, respectively). As is evident, significant
improvements in the reproduction of the QM data by the force field

Table 3. RMS Differences in the Relative Energies between the
Empirical and Quantum Mechanical LMP2/cc-pVQZ(-g)//
MP2/6-31G* Potential Energy Surfaces for the Alanine,
Glycine and Proline Dipeptides.a

Empirical model Alanine Glycine Proline

CHARMM22 2.47 1.85 2.67
MCSA fit 1.29 1.29
MCSA fit, PDB weight 1.38 1.39
MCSA fit, crossterms 0.69 0.91
MCSA fit, crossterms, PDB weight 0.78 1.05
Grid correction 0.04 0.04 0.15
Grid � empirical correction 0.48 0.56

aEnergies in kcal/mol. Zero energies were adjusted to minimize the RMS
differences, which were calculated over the entire �, � map for the alanine
dipeptide (15° increments, yielding 625 points), over � � 0 to 180°,
inclusive, for the glycine dipeptide (325 points) and over � � �180 to 30°,
inclusive for the proline dipeptide (375 points). MCSA fit indicates the
Monte Carlo Simulated Annealing procedure to fit the �, � dihedral
parameters (see text) in the absence or presence of the crossterms or PDB
weighting.

1406 Mackerell, Feig, and Brooks • Vol. 25, No. 11 • Journal of Computational Chemistry



was made via the MCSA procedure in the context of the present
form of the potential energy function. Although, in principle, the
CHARMM22 force field could have previously been optimized to
the current level, it would have been difficult without targeting the
newly available energy surfaces. Previous optimization efforts
targeted the relative energies of five or six conformations of the
alanine dipeptide (e.g., those in Table 2), such that application of
MCSA with 24 parameters being optimized is clearly an underde-
termined problem; such a scenario would lead to artifacts in other
parts of the map not constrained in the fitting procedure. Extension
of the potential energy function to include crossterms, leads to a
significant gain in the ability to reproduce the QM data. This is
evidenced by the decrease in the RMS differences from 1.29 to
0.69 kcal/mol and from 1.29 to 0.91 kcal/mol for the alanine and
glycine dipeptides, respectively (Table 3). Thus, targeting the full
dipeptide surfaces both without and with extension of the potential
energy function allows for use of the MCSA procedure, yielding
significant improvements in the quality of the fit to the gas phase
data.

MCSA fitting to the potential function both without and with
the crossterms was also performed targeting the QM dipeptide
surfaces by weighting the QM data with �, � probability distri-
butions from the PDB.61,62 This was performed to enhance the
quality of the fit in the region of the dipeptide maps corresponding
to those sampled in the native structures of proteins. A weighting
factor, W � log{(50,000 � P�,� ) � 1.1}, where P�,� is the
probability for a particular �, � coordinate, was applied to each �,
� point in the target energy surface. As may be seen in Table 3,
inclusion of PDB weighting leads to good agreement with the QM
data, although the bias towards the sampled regions leads to the
agreement being slightly less good than the unweighted fits.

As will be discussed below, additional improvement in the
quality of the fit of the force field to the QM data beyond that
obtained with the fourfold crossterms was deemed necessary.
Improvements in the agreement could simply be obtained via
extension to five or more �, � crossterms in the context of eq. (1).
However, this leads to 50 or more parameters associated with the
crossterms plus the additional 24 terms associated with the stan-
dard �, � dihedrals. This large number of parameters is starting to
approach the number of data points in the target surfaces, which
may lead to problems in the MCSA fitting. Instead, a �, � energy
correction term for the difference between the CHARMM22 and
QM surfaces based on a grid-interpolation protocol was imple-
mented [eq. (2)]. Inclusion of the interpolation-based energy cor-
rection term yields near perfect agreement with the QM maps as
evidenced by the RMS differences of 0.04 kcal/mol in Table 3.
Clearly, agreement between the empirical model and the QM data
can be improved via enhanced sampling of the parameters via the
MCSA approach and with extension of the potential energy func-
tion via inclusion of �, � crossterms. However, use of the grid
correction leads to almost exact reproduction of the QM map. In
addition, a grid correction approach allows for more direct control
of the energy surface when applying empirical adjustments to
improve agreement with condensed-phase experimental data (see
below).

The empirical maps from CHARMM22 and the three, non-
PDB weighted, empirical models (Table 3) are presented in Figure
5 for the alanine dipeptide, respectively. In the CHARMM22

surfaces, the overall shape is in agreement with the QM surfaces
(Fig. 2); however, significant differences are present. For example,
in the alanine dipeptide surface (Fig. 5a) the broad plateau in the
QM maps (Fig. 2) in the vicinity of �90°, 0° is not present, and the
shape of the surface in the helical region differs. This includes the
CHARMM22 surface being relatively flat in the �-helical region
as � decreases (i.e., from �60°, �45 to �60°, �75°), in contrast
to the QM surfaces, where a significant increase in energy occurs.
The lack of a significant energy rise in this region has been shown
to lead to artificial sampling of �-helices in MD simulations, and
is a common feature in a number of other empirical force field.16

In addition, the C7ax region is more spherical and the energy
gradient larger in the CHARMM22 map compared to the QM
surfaces, leading to the overestimation of the �L conformer of both
the alanine and glycine dipeptides. Additional optimization of �, �
dihedral parameters via MCSA yields an overall improvement in
the shape of the empirical surface (Fig. 5b) compared to the target
QM surface (Fig. 2d). However, the energy differences between
the �- and �-helical conformations (i.e., �60, �75°, and �60,
�45°, respectively) is still underestimated in the alanine dipeptide,
being only 2.9 kcal/mol vs. the QM value of 5.3 kcal/mol, while
the �L relative energy is still overestimated at 6.6 kcal/mol vs. the
QM value of 5.2 kcal/mol. Extension of the force field to include
the crossterms combined with the MCSA fit yielded the expected
improvements (Fig. 5c). The plateau region around the �2 con-
former (	�90, 0°) is now well defined, the valley leading to the
helical region is improved and the shape of the C7ax region is more
extended, all in better agreement with the QM surface. However,
the �–� helical energy difference is still underestimated at 4.3
kcal/mol and, interestingly, the �L energy is now underestimated at
4.3 kcal/mol. This level of disagreement motivated the alternative
extension of the force field to include the interpolation-based
energy correction term [eq. (2)]. The resulting �, � map (Fig. 5d)

Figure 5. Alanine dipeptide �, � energy maps from empirical calcu-
lations with (A) CHARMM22, (B) MCSA optimized �, � parameters,
(C) MCSA optimized �, � parameters with crossterms, and (D) the
spline-based energy correction. Energy contours as in Figure 2.
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is nearly identical to the QM target map (Fig. 2b), consistent with
the RMS difference of 0.04 kcal/mol in Table 3. This includes
excellent agreement with the �–� helical and �L relative energies
discussed above. Clearly, the proposed grid-interpolation energy
correction approach allows for reproduction of any (e.g., QM)
target surface, and allows for testing of the impact of exact
reproduction of a gas-phase QM dipeptide surface on protein
structure and dynamics obtained in MM calculations. This ap-
proach is reminiscent of a QM-based umbrella potential approach
to correct dipeptide free energy surfaces;25 however, it has the
distinct advantage of being applicable to all aspect of MM-based
calculations on peptides and proteins.

The importance of the extension of the potential energy func-
tion to the glycine and proline dipeptides is also evident. With the
glycine dipeptides a similar scenerio to that with the alanine
dipeptide was observed. As shown in Figure S1 of the supplemen-
tal material, compared to the QM surface in Figure 3d, additional
optimization of the �, � dihedrals via the MCSA followed by the
extension of the cross-terms [eq. (1)] lead to improved agreement
with the QM target data. However, the grid correction approach
[eq. (2)] was required to accurately reproduce all the subtle fea-
tures of the QM surface with the empirical model. With the proline
map, the application of the grid correction method yields an
empirical surface (Fig. 4d) that is in much better agreement with
the target QM data (Fig. 4b) compared to the CHARMM22 surface
(Fig. 4c). Application of the MCSA parameter optimization using
the CHARMM energy function, with and without the �, � cross-
terms [eq. (1)] was not performed on the proline dipeptide.

Empirical Optimization of �, � Surfaces
Targeting Crystal Simulations

Although it is desirable for a force field to reproduce gas-phase
conformational energies of model compounds, for an empirical
force field designed for studies of macromolecules in the con-
densed phase it must also reproduce experimental macromolecular
target data. Accordingly, simulations of the proteins listed in Table
1 were performed including explicit treatment of the crystal envi-
ronment. Inclusion of the crystal environment is expected to allow
for a one to one comparison with X-ray–based target data.72 The
primary target data from these simulations were the experimentally

determined �, � values for the individual proteins as well as
reproduction of a �, � free energy surface based on a survey of the
PDB.61,62 In addition, RMS fluctuations about � and � were
analyzed along with RMS differences of the Cartesian coordinates
with respect to the crystal structures.

Presented in Table 4 are the average �, � differences between
the MD and crystal structures for the three empirical models and
average � � differences for the helical and sheet regions are shown
in Tables 5 and 6, respectively. For CHARMM22, the average �,
� differences are typically 3° or less, with the exception of 3EBX,
and there is a trend where average � differences are positive while
the � values are negative. Use of the grid correction method to
treat �, � energetics yields average differences that are smaller
than those of CHARMM22 in the majority of cases. Although
averaging over all residues indicates a slight improvement associ-
ated with the grid correction, analysis of the average differences in
the helical and sheet regions indicated some undesirable trends.
Average helical differences in Table 5 show the grid corrected �
values to be systematically negative. Analysis of the average �, �
differences in the sheet regions (Table 6) shows the opposite trend,
where the � values are systematically positive in the simulations
using the grid correction. A similar trend occurs with
CHARMM22. These systematic trends in the grid corrected sur-
faces indicate that although high-level QM conformational ener-
gies can be reproduced almost exactly, there are still systematic
deviations with respect to experimental crystallographic structures
when the model is applied to proteins.

Supporting the trends of these average values in the
CHARMM22 and grid-corrected simulation results are compari-
son of PMFs from a survey of �, � values in the PDB and from the
crystal simulations. Presented in Figure 6 are the respective PMFs.
In CHARMM22 (Fig. 6B) the shapes of the minimum energies
regions (i.e., sheet, �-helical and �L) are significantly more spher-
ical than those observed in the survey. This difference speaks to
the inherent limitations in the potential energy function with only
Fourier series for the dihedral terms used to treat the �, � energy
surface. Upon using the grid corrected surfaces for the MD sim-
ulations the overall shape of the surface (Fig. 6C) is in better
agreement with the PDB PMF. For example, the three minimum
regions are more elongated. However, systematic differences are

Table 4. Average �, � Differences between the MD Average and Crystal Values Averaged
Over All Residues.

Protein CHARMM22 �, � Grid correction �, �
Grid � empirical
correction �, �

Lysozyme 3.4 
 2.1, �3.2 
 2.3 1.4 
 1.0, �1.6 
 1.0 �1.0 
 0.9, 0.5 
 1.0
Crambin 3.1 
 1.6, �2.6 
 2.1 2.0 
 1.4, �1.2 
 1.3 1.2 
 1.0, �1.0 
 1.4
BPTI 0.4 
 1.8, �2.0 
 1.7 3.0 
 1.2, �2.9 
 1.0 �0.3 
 1.0, 0.1 
 0.8
1I27 2.0 
 1.3, �2.6 
 1.2 0.5 
 1.0, �1.3 
 0.9 0.0 
 0.9, �1.0 
 0.7
1BZP 0.1 
 1.2, 0.0 
 1.4 �3.1 
 0.7, 3.3 
 0.7 �2.1 
 0.9, 2.0 
 0.9
3EBX 4.9 
 2.0, �3.6 
 2.0 5.7 
 2.6, �5.8 
 2.3 2.4 
 2.0, �2.6 
 1.8
1BYI 1.5 
 1.6, 0.3 
 1.8 0.1 
 1.6, �1.0 
 1.5 �1.9 
 1.3, �0.5 
 1.2

Angles in degrees and errors are the standard deviations. MD averages from the final 1-ns of 1.1-ns simulations in the
crystal environment.
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still evident. In the �-helical region there is oversampling of
negative � values while in the sheet region there is a tendency
towards more positive � values. These trends are consistent with
the results in Tables 5 and 6, respectively, emphasizing the inher-
ent limitations in the use of the QM �, � surfaces directly for MD
simulations.

To better understand the contributions of individual residue
types to the systematic trends discussed above, PMFs were
produced for all residues excluding glycine and proline (Fig. 7),
all glycines (Fig. 8) and all prolines (Fig. 9). For all nonglycine
and proline residues the systematic trends observed in Figure 6
are still evident for the CHARMM22 and the grid-corrected
surfaces. To correct for these trends, empirical optimization of
the alanine-based surface was undertaken. This optimization
procedure focused on (1) improving the “shape” of the PMFs in
the sheet, �-helical, and �L regions; and (2) obtaining the
proper relative energies of the C5 vs. �R alanine dipeptide
conformations to ensure the sampling of the �-helical and sheet
regions was correct. The adjustments were performed in an
iterative fashion where selected points in the energy correction

map were manually adjusted, the seven crystal MD simulations
performed and the overall PMFs (e.g., Fig. 7) as well as the
average �, � differences for the individual proteins (Tables 4,
5, and 6) were compared to experiment. The process was
continued until satisfactory agreement with the crystal results
was obtained. It should be noted that the use of a grid-correction
approach, vs. the direct use of �, � crossterms [eq. (1)] allows
for direct optimization of the �, � surfaces. Use of �, �
crossterms requires a fitting approach, such that manual adjust-
ment to fine tune the surface is difficult.

A similar empirical adjustment procedure was applied to gly-
cine residues via optimization of the glycine dipeptide correction
surface. This was motivated by deviations of the grid corrected
surface (Fig. 8C) from the PDB PMF (Fig. 8A). For example, the
grid corrected surface showed additional sampling in the vicinity
of 90°, �60° compared to the PDB data. However, with proline,
the quality of the grid-corrected PMF (Fig. 9C) was deemed to be
in adequate agreement with the PDB-based PMF (Fig. 9A) and
additional adjustments were not needed. It should also be noted
that the relatively small number of proline residues in the seven

Table 5. Average �, � Differences between the MD Average and Crystal Values Averaged Over All
Residues in the Helical Region.

Protein CHARMM22 �, � Grid correction �, �
Grid � empirical
correction �, �

Lysozyme (75) 1.0 
 1.9, �10.3 
 1.9 �2.7 
 1.0, �2.7 
 1.3 �1.1 
 1.0, �2.1 
 1.1
Crambin (27) 1.3 
 1.5, �5.6 
 2.9 �3.7 
 0.9, �0.3 
 1.7 �0.9 
 1.1, 1.1 
 1.6
BPTI (21) �0.1 
 2.0, �8.3 
 3.5 �2.9 
 1.2, �3.0 
 1.5 �1.0 
 1.4, �1.7 
 1.2
1I27 (38) 0.9 
 1.0, �3.6 
 1.3 �2.9 
 0.8, 1.5 
 0.7 �0.4 
 0.9, �0.7 
 0.6
1BZP (133) �1.1 
 1.1, �1.1 
 1.5 �4.0 
 0.6, 2.3 
 0.7 �1.9 
 0.7, 1.0 
 0.8
3EBX (6) 2.1 
 6.1, �12.2 
 9.0 �4.5 
 7.6, 1.2 
 12.0 �1.2 
 4.4, �3.7 
 5.6
1BYI (110) �1.2 
 1.3, �3.4 
 2.4 �6.3 
 1.4, 0.8 
 1.2 �3.5 
 1.1, 0.3 
 1.2

Angles in degrees and errors are the standard deviations. MD averages from the final 1-ns of 1.1-ns simulations in the
crystal environment. Helical region defined as � between �30° and �150° and � between �90° and 30° in the crystal
structure. Value in parentheses following the protein name is n, the number of residues in the helical region in each
protein.

Table 6. Average �, � Differences between the MD Average and Crystal Values Averaged Over All
Residues in the Sheet Region.

Protein CHARMM22 �, � Grid correction �, �
Grid � empirical
correction �, �

Lysozyme (36) �4.0 
 3.2, 9.4 
 5.2 7.7 
 2.0, 1.2 
 1.8 �1.8 
 2.3, 2.2 
 2.2
Crambin (13) 4.3 
 3.7, �0.1 
 2.8 10.9 
 2.5, �4.4 
 2.5 5.4 
 1.7, �3.5 
 1.8
BPTI (29) 1.1 
 2.1, 2.9 
 1.4 6.4 
 1.2, �2.3 
 1.1 0.4 
 1.2, 1.3 
 1.2
1I27 (26) 3.0 
 3.1, �2.8 
 2.6 5.3 
 2.1, �5.5 
 2.0 0.8 
 2.1, �2.8 
 1.6
1BZP (11) 11.7 
 6.3, 10.5 
 4.7 0.7 
 6.0, 9.8 
 4.9 �7.9 
 7.7, 11.6 
 7.9
3EBX (44) 4.7 
 2.4, �3.0 
 2.0 7.5 
 3.2, �8.0 
 2.2 3.7 
 2.6, �3.9 
 2.0
1BYI (90) 2.2 
 2.2, 3.2 
 2.3 7.7 
 2.9, �6.5 
 2.8 0.7 
 2.1, �2.3 
 1.6

Angles in degrees and errors are the standard deviations. MD averages from the final 1-ns and 1.1-ns simulations in the
crystal environment. Sheet region defined as � between �30° and �180° and � between 60° and 180° in the crystal
structure. Value in parentheses following the protein name is n, the number of residues in the sheet region in each
protein.
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test set of protein crystal structures would make empirical optimi-
zation difficult for this residue.

Presented in panel D of Figures 6–9 are the PMFs using the
final optimized surfaces (i.e., the empirically optimized alanine

and glycine surfaces and the QM based proline surface) for all
residues, all nonglycine and nonproline residues, glycine residues,
and proline residues, respectively. In all cases, these surfaces are in
good qualitative agreement with the respective PDB-based PMFs
(A panels). Moreover, analysis of the average �, � values for the
seven individual crystals in Tables 4, 5, and 6 indicate that the
empirical surface is in quantitative agreement with the experimen-
tal data. This is indicated by the average differences typically
being in the range of the standard deviations, with the largest
exceptions occurring when the number of a particular residue type
is low (e.g., there are only 11 and 13 residues in the sheet region
of 1bzp and crambin, respectively). In addition, there are no
significant trends in the average differences, indicating the overall

Figure 9. �, � free-energy surfaces (PMFs) for all proline residues
based on probability distributions from the (A) PDB and MD simula-
tions of the seven proteins in the top part of Table 1 using the (B)
CHARMM22, (C) grid correction, and (D) grid � empirical correction
force fields. Energy contours are �3.5, �3, �2, �1 kcal/mol.

Figure 6. �, � free energy surfaces (PMFs) for all residues based on
probability distributions from the (A) PDB and MD simulations of the
seven proteins in the top part of Table 1 using the (B) CHARMM22,
(C) grid correction, and (D) grid � empirical correction force fields.
Energy contours are �6, �5.5, �5, �4.5, �4, �3.5, �3, �2, �1
kcal/mol.

Figure 7. �, � free-energy surfaces (PMFs) for all residues excluding
glycine and proline based on probability distributions from the (A)
PDB and MD simulations of the seven proteins in the top part of Table
1 using the (B) CHARMM22, (C) grid correction, and (D) grid �
empirical correction force fields. Energy contours are �6, �5.5, �5,
�4.5, �4, �3.5, �3, �2, �1 kcal/mol.

Figure 8. �, � free-energy surfaces (PMFs) for all glycine residues
based on probability distributions from the (A) PDB and MD simula-
tions of the seven proteins in the top part of Table 1 using the (B)
CHARMM22, (C) grid correction, and (D) grid � empirical correction
force fields. Energy contours are �3.5, �3, �2, �1 kcal/mol.
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balance of the force field. The only exception to this occurs with
helical � values (Table 6), though the magnitude of most of the
values are within the standard deviation. Thus, the grid-correction
method combined with empirical adjustments allowed for devel-
opment of a force field for the protein backbone that accurately
treats the overall surface, taking into account condensed phase
contributions not included in the QM �, � energy surfaces.

Beyond analysis of the �, � averages and distributions, RMS
fluctuations of � and � for the individual proteins along with RMS
differences of the Cartesian coordinates with respect to the exper-
imental crystal structures were obtained. Presented in Table 7 are
the �, � RMS fluctuations. In all cases, with the exception of 3ebx,
going from CHARMM22 to the grid corrected surface, lead to a
decrease in the RMS fluctuations. Upon empirical optimization of
the grid correction surface additional decreases in the RMS fluc-
tuations occurred in the majority of cases, including a decrease in
those from the 3ebx crystal simulations. The decreased RMS
fluctuations, which were not part of the target data for the optimi-
zation, suggest that more accurate treatment of the overall �, �
energy surface via the grid corrected method leads to greater
stability in the sampling of �, �. Notable are the significant
decreases with lysozyme, where problems with calculated order
parameters being to small with respect to experiment have been
observed (M. Buck and M, Karplus, personal communication).
The decreased RMS fluctuations suggest that this problem may, in
part, be ameliorated by the new model. However, rigorous evalu-

ation of this behavior requires more detailed comparison with
experimental data, such as NMR order parameters.

Concerning RMS differences, comparison of the CHARMM22
and grid � empirical correction values for the seven crystals
(Table 8), indicate only minor improvement in the optimized
model. This suggests that the improvements in �, � improve the
treatment of the overall 3D structure of the proteins. Additional
support for this is observed in the structural changes found in our
MD simulations of test proteins in solution (see below). However,
the relatively small differences in the Cartesian RMS differences
indicate this term alone to not be an appropriate metric for force
field optimization.

The impact of the empirical adjustments to the grid corrected
surface on the alanine dipeptide �, � map is shown in Figure 10,
which included the LMP2/cc-pVQZ(-g)//MP2/6-31G* and grid �
empirical correction force field surfaces. It is evident that the
overall integrity of the QM map is maintained in the empirically
optimized surface. Supporting this are RMS differences of the
energy of the entire surfaces for the alanine and glycine dipeptides,
showing overall deviations of approximately 0.5 kcal/mol (Table
3). These deviations are less than those obtained using any of the
other models (e.g., MCSA fit, crossterms) to treat �, �. Compar-
ison of energies and �, � values for the selected alanine dipeptide
conformations are presented in Table 9. With the final model the
largest difference occurred in the C5 conformer, whose relative
energy was �1.00 kcal/mol, vs. the QM value of 1.01 kcal/mol. Of

Table 8. Average RMS Differences of the Backbone (Bkb) and Side
Chain (Sdc) Nonhydrogen Atoms.

Protein
CHARMM22

Bkb, Sdc
Grid correction

Bkb, Sdc

Grid � empirical
correction Bkb,

Sdc

Lysozyme 1.18, 1.74 0.97, 1.63 0.95, 1.55
Crambin 0.58, 1.17 0.57, 0.96 0.56, 0.97
BPTI 0.94, 1.63 0.77, 1.17 0.93, 1.20
1I27 0.62, 1.05 0.66, 1.00 0.60, 0.95
1BZP 1.06, 1.71 0.80, 1.45 0.94, 1.52
3EBX 0.65, 1.09 0.69, 1.11 0.65, 0.99
1BYI 1.52, 1.81 1.26, 1.64 1.25, 1.62

RMS differences in Å. RMS fluctuations about the average values were
0.01 Å or less in all cases.

Table 7. �, � RMS Fluctuations Averaged Over All Residues from the Crystal MD Simulations.

Protein CHARMM22 �, � Grid correction �, �
Grid � empirical
correction �, �

Lysozyme 20.5 
 1.6, 22.2 
 1.8 14.8 
 0.6, 13.7 
 0.6 13.6 
 0.6, 13.6 
 0.6
Crambin 14.3 
 1.1, 15.1 
 1.4 14.1 
 1.0, 12.5 
 0.9 11.5 
 0.8, 11.8 
 1.1
BPTI 16.2 
 1.5, 16.0 
 1.3 14.2 
 0.6, 12.2 
 0.6 12.7 
 0.5, 11.0 
 0.5
1I27 12.1 
 0.7, 11.5 
 0.7 10.9 
 0.7, 9.5 
 0.7 9.7 
 0.6, 8.1 
 0.5
1BZP 14.5 
 0.9, 15.1 
 1.1 11.9 
 0.5, 11.2 
 0.5 11.6 
 0.7, 11.6 
 0.7
3EBX 18.7 
 1.2, 17.7 
 1.3 21.8 
 1.7, 18.8 
 1.7 17.5 
 1.3, 15.0 
 1.2
1BYI 17.3 
 1.4, 17.9 
 1.4 17.3 
 1.5, 16.0 
 1.3 14.1 
 1.3, 12.6 
 0.9

RMS fluctuations in degrees and the errors represent the standard deviations.

Figure 10. Alanine dipeptide �, � energy maps from the (A) MP2/
6-31G*// LMP2/cc-pVQZ(-g) QM level of theory and the (B) grid �
empirical correction force field model. Energy contours are in 1-kcal/
mol increments up to 10 kcal/mol with two additional contours at 12
and 15 kcal/mol.
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the remaining conformations, the largest difference with respect to
the QM data is for the �R conformer. This difference reflects
adjustments of the C7eq conformer relative to the C5 conformer,
such that the difference between the C5 and �R conformations is
4.23 kcal/mol vs. the QM value 3.49 kcal/mol. As stated above,
this greater energy difference in the grid � empirical correction
model reflects the need to enhance sampling of the C5 region in the
crystal simulations. Previous QM studies on the alanine dipeptide
using several reaction field models reported the relative energy of
the C5 conformation in the presence of solvent to range from �0.1
to �1.0 kcal/mol.26 This lowering of energy is consistent with a
model where increased interactions of the C5 conformer with the
environment lead to stabilization of that conformation. Ideally,
such effects would be represented directly by the force field upon
moving from a gas to a condensed phase environment. However,
the responsiveness to environmental changes is limited by the form
of the potential energy function, such that the differences had to be
directly incorporated into the model, leading to the decreased C5
energy. The relevance of such a phenomena to force field devel-
opment has been discussed previously.40,73,74 Thus, to reproduce
crystallographically observed �, � distributions it is necessary to
deviate from the gas phase alanine dipeptide potential energy
surface. Notable is the generally better agreement of the
CHARMM22 energies with the QM data compared to the grid �
empirical correction results. This is associated with the use of only
these conformations in the optimization of the CHARMM22 force
field, such that reproduction of the selected QM data was enhanced
at the expense of reproduction of the entire �, � surfaces.

Solution MD Simulations

Final tests of the force field parameters were based on solution MD
simulations of the three proteins listed in the latter portion of Table
1. The first two proteins were selected based on their use in a
recent comparison of the AMBER, OPLS, and CHARMM22 force
fields,52 and the final protein, ubiquitin, was selected to include an
additional high resolution protein in the test set whose structure

was obtained via X-ray crystallography. All simulations were run
for 5 ns, with the final 3 ns used for analysis; in the previous study
the simulations were run for 2 ns. Comparison of the average �, �
differences shows the grid � empirical correction model to give
significant improvements in all cases (Table 10). In addition, �, �
PMFs from the solution simulation, shown in Figure 11, indicate
that the overall distribution is in significantly better agreement
with the PDB based surface (Fig. 6A) compared to CHARMM22.
With respect to RMS fluctuations (Table 11) the grid � empirical

Table 9. Relative Energies and �, � Values of Selected Conformers of the Alanine Dipeptide.

Conformer � �
LMP2/cc-VQZ(-g)//

MP2/6-31G* C22 Grid
Grid � empirical

correction

C7eq �82.8 77.9 0 0 0 0
C5 �158.4 161.6 1.01 0.92 0.97 �1.00
C7ax 74.4 �64.1 2.20 2.05 1.96 1.52
�2

a �137.8 22.9 2.84 5.96 2.82 2.37
�L

a 63.5 34.8 5.19 10.97 5.15 4.71
�R

a �60 �45 4.50 4.78 4.48 3.23

�/� values

C7eq �82.8/77.9 �81.3/70.6 �81.7/75.2 �77.3/66.3
C5 �158.4/161.6 �151.5/170 �159.8/164 �159.0/165.1
C7ax 74.4/�64.1 69.7/�67.7 78.2/�55.8 78.2/�55.8

Energies in kcal/mol and dihedral angles in degrees.
a�, � dihedral angles constrained to the quantum mechanical values.

Table 10. Average �, � Differences between the MD Average and
Experimental Values Averaged Over All Residues, Helical Region
Residues, and Sheet Region Residues for the Solution MD Simulations.

Protein

All residues

CHARMM22
Grid � empirical

correction

�, � �, �

1gpr 5.3 
 2.1, �2.6 
 2.3 �0.2 
 0.9, 0.0 
 0.8
1hij 6.2 
 1.5, �4.2 
 2.4 3.2 
 1.5, �2.0 
 2.0
1ubq 5.2 
 1.9, �5.0 
 2.6 1.2 
 1.2, �2.0 
 1.9

Helical residues

1gpr 5.8 
 2.9, �10.3 
 4.8 2.5 
 1.6, �1.6 
 1.8
1hij 5.1 
 1.2, �7.6 
 2.0 3.1 
 1.2, �2.5 
 1.7
1ubq 0.9 
 2.7, �7.2 
 3.9 0.1 
 1.6, �1.7 
 1.8

Sheet residues

1gpr 3.9 
 2.0, 1.4 
 2.5 �0.9 
 1.3, 0.7 
 1.0
1hij 6.0 
 5.9, 8.1 
 6.0 0.0 
 5.6, 5.9 
 6.0
1ubq 3.9 
 1.8, �2.9 
 2.0 1.5 
 1.7, 0.4 
 1.7

Dihedral angle differences in degrees and the errors represent the standard
deviations.
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correction results yielded smaller values than CHARMM22, fur-
ther indicating increased stability in the new model. Finally, RMS
differences of the Cartesian coordinates (Table 12) show signifi-
cant improvements with the new model for 1gpr and 1hij, with
1ubq having similar results for the new model and CHARMM22.
Thus, the developed force field shows improvements in the treat-
ment of the backbone conformational properties and in the overall
structural properties as compared to CHARMM22. These results
support the quality of the grid � empirical correction model for
MD simulations of proteins.

Conclusion

Motivated by limitations in the CHARMM22 all-atom protein
force field in reproducing both QM and experimental protein
structural properties, additional optimization of the force field was
undertaken. Initial efforts to augment the force field within the
context of the current form of the potential energy lead to only
incremental improvements. This lead to extension of the potential
energy function to initially include �, � dihedral crossterms before
finally selecting a grid-based energy correction procedure allowing
for reproduction of any 2D target energy surfaces.42 Such an
approach has the advantage of allowing for rigorous testing of, for
example, a quantum mechanics-based energy surface in the con-
text of condensed phase MM calculation.

In the present work it is shown that direct use of a high-level
QM-based energy surface for the peptide backbone yields gener-
ally improved agreement with experimental �, � distributions
compared to the CHARMM22 force field (Table 4), although
systematic deviations in � and � in the helical (Table 5) and sheet
(Table 6) regions are evident (Fig. 6). Therefore, empirical cor-
rections to the grid correction were undertaken, correcting, to a
large extent, the systematic deviations. Empirical corrections were
deemed necessary for both the alanine and glycine dipeptides
while the QM-based correction surface was used directly for
proline; although the use of the QM-based surface for proline was
based, in part, on the presence of only seven prolines in the crystal
structures used in the present study. The final grid � empirical
correction model also yielded decreased average RMS fluctuations
of � and � (Table 7) and Cartesian-based RMS differences (Table
8) were generally improved. Similar improvements were observed
in MD simulations of three proteins in solution (Tables 10 to 12).

In the context of the CHARMM potential energy function, the
need to empirically correct the QM dipeptide �, � surfaces em-
phasizes the importance of fitting the region of �, � space sampled
in the native structures of proteins to produce parameters appro-
priate for MM studies of such systems. In CHARMM22 it was
necessary to sacrifice the quality of the �L relative energy to get
the energetics of the remaining portion of the alanine dipeptide
map in satisfactory agreement with QM data as well as yield good
agreement with the experimental �, � distributions in MbCO.
However, in that work details of the treatment of the sheet region
were not investigated and, as discussed above, there appear to be
limitations in the MbCO helical structure. When the potential
energy function is extended, as done in the present study, it is
possible to reproduce the entire QM alanine dipeptide map with
the MM model in the gas phase. However, when this is performed,
accurate treatment of condensed phase �, � distributions in both
the helical and sheet regions is not achieved, requiring the empir-
ical adjustments described above. It is therefore evident that cur-
rent potential energy functions in use cannot simultaneously treat
both the gas and condensed phases with high accuracy. Accord-
ingly, quantifying the quality of a force field designed for con-
densed phase simulations solely using gas-phase QM data is in-
appropriate. As potential energy functions are further extended to
include electronic polarizability, as well as other terms, it will be
interesting to see if the current gap between accurate treatment of
gas-phase and condensed-phase properties can be overcome.

Table 12. Average RMS Differences of the Backbone (Bkb) and Side
Chain (Sdc) Nonhydrogen Atom Cartesian Coordinates for the Solution
MD Simulations.

Protein

CHARMM22
Grid � empirical

correction

Bkb Sdc Bkb Sdc

1gpr 1.26 2.20 0.90 1.75
1hij 1.69 3.16 1.33 2.64
1ubq 1.15 2.03 1.20 2.01

RMS differences in Å.
Figure 11. �, � free-energy surfaces (PMFs) for all residues based on
probability distributions from the three solution MD simulations using
the (A) CHARMM22 and (B) grid � empirical correction force fields.
Energy contours are �6, �5.5, �5, �4.5, �4, �3.5, �3, �2, �1
kcal/mol.

Table 11. �, � RMS Fluctuations Averaged Over All Residues from the
Solution MD Simulations.

Protein CHARMM22 �, �
Grid � empirical
correction �, �

1gpr 23.7 
 1.9, 25.6 
 2.0 15.5 
 0.7, 13.7 
 0.6
1hij 18.3 
 1.2, 22.8 
 2.1 16.8 
 1.2, 18.9 
 1.9
1ubq 20.3 
 2.4, 21.6 
 2.6 15.2 
 0.8, 14.3 
 1.6

Dihedral angle RMS fluctuations in degrees and the errors represent the
standard deviations.
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