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Abstract 

We have analyzed the quality of a recently proposed Amber united-atom model and its 

overall efficiency in ab initio folding of two stable β-hairpins. It is found that the simulated 

native β-hairpin stabilities are similar to those derived from measured chemical-shift deviations. 

Detailed analysis of simulated conformations shows that the majority of the sampled 

conformations are with high fractions of native β and native tertiary contacts. Given the 

reasonable quality of the united-atom model with respect to experimental data, we have further 

studied the simulation efficiency of the united-atom model over its corresponding all-atom model 

in Amber. Our data shows that the united-atom model is a factor of six to eight faster than the 

all-atom model as measured with the ab initio first pass folding time for the two tested β-

hairpins. Detailed structural analysis shows that all ab initio folded trajectories enter the native 

basin whether the united-atom model or the all-atom model is used. Finally, we have also studied 

the simulation efficiency of the united-atom model as measured in term of how fast 

thermodynamic convergence can be achieved. It is apparent that the united-atom simulations 

reach convergence faster than the all-atom simulations with respect to both potential energy and 

backbone structural distributions. These findings show that the efficiency of the united-atom 

model is clearly beyond the per-step dynamics simulation of about two over the all-atom model. 

Thus reasonable reduction of protein model can be achieved with improved sampling efficiency 
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while still preserve a high level of accuracy for ab initio protein folding simulations. This study 

motivates us to develop more simplified protein models with sufficient consistency with the all-

atom models for enhanced conformational sampling. 

1. Introduction 

Ab initio protein folding has remained to be a challenging problem in biophysical chemistry 

due to the enormous sampling space and the atomistic resolution that are needed for consistent 

accuracy in theoretical prediction. The sampling space of typical protein domains (a.k.a. ~200 

residues) is exponentially large. If each residue can only adopt two possible conformations, a 

protein domain of 200 residues can adopt a total of 1.6×1060 possible conformations, which 

cannot be adequately sampled at the atomistic resolution within reasonable time. Quite often 

accuracy at the atomistic resolution is a must for further functional analyses of proteins. 

Addressing the challenges in sampling and accuracy requires significant computational 

resources. Increasing computing power has made it possible to simulate ab initio folding of small 

proteins,1 but it has remained impractical for typical protein domains. The computational 

difficulties in ab initio protein folding can be roughly grouped into two categories: overcoming 

enthalpic barriers, i.e. how to escape from local minima; and overcoming entropic barriers, i.e. 

how to sample the exponentially large conformational space with reasonable scalability. 

Most previous developmental efforts have been focused on crossing enthalpic barriers. 

Monte Carlo based methods, including simulated annealing,2 and/or genetic algorithms,3 are 

widely used.4-12 This is across different protein models, either knowledge-based or physics-based 

potentials, though its application to all-atom potentials based on molecular mechanics force 

fields is challenging. 
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Potential energy surface smoothing is also widely used. Various methods such as the 

diffusion equation method,13 Gaussian “coarse-graining”,14 and packet annealing15,16 have been 

proposed. Smoothing potential energy surface in principle reduces the number of minima, thus 

reduces the number of energy barriers. With the hope that the global minimum of the deformed 

potential energy surface shares a similar topology with the global minimum of the original 

surface,14 the resulting global minimum is then mapped back to the original surface by a 

reversing procedure. However, the reversing procedure has been a major challenge in these 

approaches.17 

Generalized-ensemble methods such as multi-canonical algorithm, simulated tempering, and 

replica-exchange methods have recently emerged to be effective conformational sampling 

methods.18-45 Their applications to ab initio protein folding simulation have also been reported. 

Multi-canonical algorithm relies on the idea of artificially eliminating energy barriers, thereby 

circumventing the problems associated with the traditional sampling methods. In simulated 

tempering, temperature becomes a dynamical variable that takes values ranging over a definite 

set. In this method, it is possible to utilize the fact that at higher temperatures potential energy 

barriers are effectively lower. Many other methods have been proposed to enhance 

conformational sampling for systems of high dimensionality.  

It seems that overcoming entropic barriers is much harder without sacrificing the resolution 

of protein models. Previous approaches can be roughly grouped into two categories. The first 

strategy utilizes discrete conformational space, such as the use of lattice models9,46,47 or discrete 

torsion-angle values in Monte Carlo sampling7, to overcome entropic barriers. The second 

strategy aims at reducing the dimensionality of sampling space: this leads to reduced protein 

models at residue-level representations. The applications of reduced protein models to ab initio 
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protein structure predictions are very encouraging;8,10 These models have also been used to 

understand the physical principles in protein folding.48-56 The reduced models can use only one 

particle per residue with either protein-specific Gō potentials derived from specific protein 

structures or statistical potentials derived from a database of high-quality native structures.57,58 

More complex reduced protein models represent each residue by more than one particle.59-64 

Compared with the minimal models with one particle per residue, these reduced models improve 

the predictive power with a better description of the side-chain geometry and interactions. These 

models also perform gracefully well when combined with post-refinement using other atomistic 

models65-67 in ab initio protein folding simulations. Nevertheless, use of reduced models at lower 

resolutions apparently results in low-resolution theoretical predictions. Similarly use of discrete 

space results in limited coverage of sampling space that in turn also leads to low-resolution 

predictions. Given these limitations, new strategies such as resolution or Hamiltonian 

exchange38-45 can be utilized to couple high-resolution all-atom models for accuracy and low-

resolution reduced models to enhancing sampling efficiency without sacrificing the much needed 

all-atom accuracy during simulations. 

The reduction of model complexity can also be achieved by using implicit solvents because 

the bottleneck of all-atom simulations lies in the expensive solvent-solvent interactions, though 

there are still issues remaining in their development, especially when they are compared with 

explicit solvents.68,69 With the growing popularity of implicit solvents in protein simulations, the 

advantages of united-atom models become apparent because these models can be used to achieve 

modest reduction of complexity without much sacrifice of atomistic accuracy. Indeed, it is 

subject to debate whether it is necessary to represent hydrogen atoms in atomistic simulations 

when we have given up explicit representation of solvent molecules. The idea of using united-
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atom models for efficient simulations goes back to the 1970’s when Dunfield et al developed the 

UNICEPP force field.70 In UNICEPP nonpolar hydrogens are not represented explicitly, but are 

included implicitly by representing nonpolar carbons and their bonded hydrogens as single 

particles.70 Compared with all-atom models, the advantages in using united-atom models are 

apparent even if only raw efficiency gain in simulations is considered. First they can 

significantly reduce the size of most problems, since roughly half of the atoms in biological or 

other organic macromolecules are hydrogens. Thus there are fewer nonbonded interactions and 

internal degrees of freedom in united-atom models. Second, larger dynamics integration step 

sizes can be used by not including hydrogens since their small mass requires a smaller time step 

for accurate integration. However, an often overlooked and more important advantage in 

adopting united-atom models is the efficiency gain in conformational sampling. The simpler 

energy model also reduces the noise of potential energy (Ep) landscape, for example the room-

temperature σEp/Ep for the two tested systems to be described in Methods is 3.58% in the 

united-atom model versus 6.57% for the all-atom model. With fewer degrees of freedom (N), the 

total energy (E) fluctuation is also higher, since σE/E is in the order of N-½.71 This may provide 

just enough fluctuation to overcome potential energy barriers between local minima, which is an 

added benefit for conformational sampling in molecular dynamics-based methods. It should be 

pointed out that these advantages become less apparent when the systems are solvated in explicit 

solvent.  

Earlier comparisons between the all-atom and the united-atom simulations show that, the 

united-atom model is a satisfactory representation of internal vibrations and bulk properties of 

small molecules and short peptides.70,72 However, limitations were also revealed in previous 

studies:72 1) explicit representation of hydrogens was found to be necessary for accurate 
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treatment of hydrogen bonding; 2) π -stacking could not be represented without including 

hydrogens in aromatic groups explicitly; 3) dipole and quadrupole moments were found 

inaccurate when uniting hydrogens with polar heavy atoms. New approaches were found to 

overcome the limitations of united-atom models. For example, only aliphatic hydrogens, which 

are not significantly charged and do not participate in hydrogen bonds, are represented as united-

atoms while other hydrogens are represented explicitly. In this way, the limitations of the united-

atom model are partially mitigated while preserving most of the benefits of the united-atom 

model. Of course, larger dynamics time step can no longer be used due to the use of polar and 

aromatic hydrogens. However, with increasing computing power, a factor of about two saving 

from using a larger time step becomes less important.  

Recently a new united-atom force field, termed ff03ua in the Amber package,73,74 was 

reported to achieve a high-level agreement with its all-atom counterpart ff0375 in both structures 

and dynamics for tested proteins. A major difference of ff03ua with earlier united-atom models 

lies in its all-atom representation of protein main chain. In addition its parameter development 

was tightly coupled with that of its all-atom counterpart ff03. The previous study showed that the 

new united-atom model was more efficient than the Duan et al. all-atom force field for the tested 

system of ALA18 in the distance-dependent dielectric, which is known to fold into a stable 

helical structure.73 In this study, we have investigated the overall simulation efficiency of ff03ua 

for ab initio folding simulations of the more challenging β-hairpins and in the more realistic 

generalized-Born implicit solvent treatment. 

2. Methods 

2.1 Model Molecules 
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To examine the overall sampling efficiency of the new united-atom (UA) model over the all-

atom (AA) model, a set of model molecules was used as benchmarks. Due to the number of 

independent trajectories needed for a meaningful comparison and our limited computing 

resources, we chose two short but stable β-hairpin peptides designed for protein folding studies. 

These are HP5w4 and HP5F.76 Their sequences are shown in Table 1. Both the UA and the AA 

models for the two β-hairpins were built with the LEaP program in Amber 9.74 All initial 

structures were relaxed with a brief steepest descent minimization of 1000 steps. 

(Table 1) 

2.2 Simulation Methods 

The generalized-Born implicit solvent77 with the default options in Amber was used to treat 

polar solvation. Our previous analysis of solvent models shows that the classical SA term of 

nonpolar solvation overstabilizes the hairpin in both GB and PB solvents,78 thus the nonpolar 

solvent accessible surface area term was turned off. Also it is highly inaccurate when compared 

with the TIP3P solvent.69 All non-bonded interactions were computed without cutoff. SHAKE79 

was used to constrain bonds containing hydrogen atoms. The SANDER program in Amber 9 was 

used to perform Langevin dynamics simulation at 300K with a friction constant of γ = 1 ps-1. 

Three different sets of trajectories were collected. The first set, termed native set, consists of 

10 independent trajectories (with different random seeds for initial velocity assignments) starting 

from the native conformation for 50 ns Langevin dynamics at 300K. The native set is used as 

reference for following ab initio simulations. The second set, termed ab initio set, consists of 20 

independent trajectories with randomized initial structures and different random seeds for up to 

1,000 ns Langevin dynamics. The randomized initial structures for the ab initio set were 

generated from the saved snapshots (every 5 ps) of a high-temperature Langevin dynamics 
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simulation at 600K from the linear all-trans conformation. The third set, termed convergence set 

and used to check thermodynamic convergence, consists of 20 independent trajectories for 60 ns 

Langevin dynamics. The randomized initial structures for the convergence set were generated 

from the saved snapshots (every 5 ps) of a high-temperature Langevin dynamics simulation at 

600K from the native conformation. 

2.3 Native State Analysis 

The quality of the UA model was studied by comparing the populations of folded peptides at 

300K from both simulation and experiment. Simulated chemical shift deviation (CSD) was used 

to estimate the populations of folded peptides as in the NMR experiment for the two designed 

stable β-hairpins.76 In NMR the populations of folded peptides were assumed to be 100% at 

280K.76 Thus to compute the population of folded peptide for a given system at any higher 

temperature, two CSDs are needed, one at 280K and one at the higher temperature (300K). The 

ratio of the two CSDs is used to estimate the population of folded peptide.76 Here only residues 2 

to 15 were used in the computation of chemical shifts.76 In this study, chemical shifts of all 

trajectories were computed with the SHIFTS80 program by Case and co-workers 

(http://www.scripps.edu/mb/case/shifts.html). The CSDb database by Andersen and co-workers 

(http://andersenlab.chem.washington.edu/CSDb/) was then used to estimate CSD as in the NMR 

experiment.81 

Thus to compute CSD81, a fourth set of simulations at 280K is needed. Here 10 independent 

trajectories of 20 ns each from the native conformation were simulated. It was found that 10 ns 

per trajectory is enough to observe converged CSD values for the simulated peptides in both UA 

and AA models (see Figure 1), so that the second 10 ns per trajectory, a total of 100 ns, were 

used to compute the reference CSD values at 280K.  
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(Figure 1) 

2.4 Ab Initio Folding Analysis 

The first-pass folding times were used to quantify the sampling efficiency of UA and AA 

models. The first-pass folding time is defined as the simulation time needed to reach the native 

basin. Three criteria are used to detect whether a trajectory reaches the native basin: 1) the 

running average potential energy should reach within one standard deviation from the mean 

potential energy of the reference native set; 2) the backbone RMSD from the mean structure of 

the reference native set is less than 1Å; and 3) the peptide has to stay at the native basin so 

defined in 1) and 2) for at least 5 ns. 

2.5 Convergence Analysis 

The sampling efficiency of the UA model can also be measured in term of how fast 

thermodynamic convergence can be achieved. Here potential energy distributions and the 

structural distributions of backbone RMSD from different simulation sets are analyzed to see 

whether, after long simulation time, they can converge to the same distribution. We have 

compared the potential energy and structural distributions of the last 10 ns from the ab initio set 

with those of the last 10ns from the convergence set. The structural reference for measuring the 

RMSD is the average structure from the last 10 ns frames of ab initio trajectories.  

3. Results and Discussion 

The first goal of this project is to see if the UA model is good enough by comparing the 

experimental data with the simulation data. Second, we want to know whether the UA model is 

more efficient than the AA model under identical simulation conditions. We answered the 

question by kinetic analysis and then by thermodynamic analysis. 

3.1 Quality of United-Atom Model 
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We first compared simulated percentages of β-hairpin in both UA and AA models with 

experiment.76 It can be found that both UA and AA simulations produce percentages of β-hairpin 

similar to experiment as measured CSD (Table 2). In both simulation and experiment HP5W4 is 

more stable. Interestingly, the AA model generates slightly more stable β hairpins than both the 

UA model and experiment. 

(Table 2) 

Besides analyzing β-hairpin stability from experiment, we also computed the secondary 

structure distributions in the UA model. Figure 2 shows that HP5w4 stays in the native β 

structure in 87.8% of the time, and HP5F stays in the native β structure in 78.26% of the time. 

The distribution of the fraction of native β structure was also examined. As can be seen in Figure 

3, majority of the population is with high native β structure. 

(Figures 2 and 3) 

The native tertiary contact distribution and salt-bridge distribution were also analyzed. Figure 

4 shows that majority of the population is with high fraction of native tertiary contact for both 

peptides. Figure 5 shows that majority of the population is with relatively low occupancy of any 

salt bridge, whether it is native or not. However it is still apparent that the native salt bridge, 

Lys2/Glu16, is indeed more populated than the two nonnative salt bridges. 

(Figures 4 and 5) 

3.2 First-Pass Folding Times 

Given the reasonable quality of the UA model with respect to experimental data, we went 

ahead to study the efficiency gain of the UA model over the AA model. Here the first pass 

folding times for the two peptides were analyzed. As defined in Methods, a folding event into the 

native basin consists of both potential energy falling in one standard deviation from the mean 
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potential energy of the reference native set simulations, and main chain RMSD within 1 Å from 

the mean structure of the reference native set simulations. Figure 6 shows the ab initio 

simulations of HP5w4 for both UA and AA models for the first 60 ns simulated. It can been seen 

that 6 ab initio folding events out of 20 independent trajectories occur during the 60 ns simulated 

for the UA model, while there is only 3 ab initio folding events out of 20 independent trajectories 

during the same amount of simulation time. Similarly for HP5F in Figure 7, there are 6 ab initio 

folding events up to 60 ns, while 4 events in the AA model within the same amount of simulation 

time. 

(Figures 6 and 7) 

All ab initio folding simulations were continued until the eleventh ab initio folding event in 

UA and AA was reached. Specifically, 200 ns were simulated in UA and 600 ns were simulated 

in AA for HP5w4, respectively. For HP5F 140 ns were simulated in UA and 600 ns were 

simulated in AA, respectively. All available ab initio first pass folding times are also listed in 

Table 3. These data show that the median first pass folding time is 184.15 ns for HP5w4 in UA 

and 120.95 ns for HP5F in UA. The median first pass folding time is 442.30 ns for HP5w4 in AA 

and 481.60 ns for HP5F in AA. Thus, the efficiency of the UA model is clearly beyond the per-

step dynamics simulation of about 2 over the AA model. We have also analyzed the ab initio 

folded mean structures for both peptides. The representative snapshots are shown in Figure 8. 

Apparently, all ab initio folded trajectories indeed enter the native β hairpin basin whether the 

UA model or the AA model is used. The testing data confirms our hypothesis that a reasonable 

reduction in protein model can be achieved with noticeable improvement of sampling while still 

preserve a high level of accuracy for theoretical prediction in ab initio protein folding 

simulations. 
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(Table 3) 

 (Figure 8) 

3.3 Thermodynamic Convergence 

In this paper, the sampling efficiency of the UA model was also measured in term of how fast 

thermodynamic convergence can be achieved. It should be pointed out that ergodic measures 

were proposed to assess the sampling efficiency,82,83 based on the ergodic theorem that the time 

average of an observable is equal to the configuration space average for an ergodic system. 

Usually in practice, squared variants of the observable between two different simulations can be 

calculated as ergodic measures.38 However the ergodic measures suitable for protein systems are 

yet to be developed. Thus in this study, potential energy distributions and the structural 

distributions from different initial structures are analyzed to see whether, after long simulation 

time, they converge so that the same distributions can be obtained. We have compared the 

potential energy and structural distributions of the last 10 ns from the ab initio set with those of 

the last 10 ns from the convergence set. Recall that the two sets of 20 independent trajectories 

were started from two completely different sets of random structures. The convergence of 

potential energy and structural distributions from the UA and AA simulations are shown in 

Figure 9 and Figure 10, respectively.  It is apparent that the UA simulations have reached 

convergence while the AA simulations from HP5w4 have not in the time allocated for 

simulation.  

 (Figures 9 and 10) 

4. Conclusions 

In this study, we have analyzed the quality of the recently proposed Amber united-atom 

model and its overall efficiency in ab initio folding of two β-hairpins. It is found that the 
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percentages of both β-hairpins are similar to those derived from measured CSD data whether the 

Amber united-atom or the all-atom model is used. Detailed analysis of simulated conformations 

shows that the majority of the sampled conformations are with high fractions of native β and 

native tertiary contacts. Interestingly, all salt bridges are only populated with low occupancy, 

around 2~12%, whether it is native or not. Nevertheless it is still apparent that the native salt 

bridges are indeed more populated than the two nonnative salt bridges.  

Given the reasonable quality of the united-atom model with respect to experimental data, we 

have studied the efficiency gain of the united-atom model over the all-atom model in Amber. 

Analysis of the ab initio first pass folding time data shows that the median first pass folding time 

is 184.15 ns for HP5w4 and 120.95 ns for HP5F in the united-atom model, while the median first 

pass folding time is 442.30 ns for HP5w4 and 481.60 ns for HP5F in the all-atom model. 

Detailed structural analysis shows that all ab initio folded trajectories indeed enter the native β 

hairpin basin whether the united-atom model or the all-atom model is used. Finally, we have also 

studied the sampling efficiency of the united-atom model as measured in term of how fast 

thermodynamic convergence can be achieved. It is apparent that the united-atom simulations 

reach convergence faster with respect to both potential energy and backbone structural 

distributions than the all-atom simulations. 

The findings are consistent with our previous test of a poly-alanine helix in the distance-

dependent dielectric treatment. Thus the efficiency of the united-atom model is clearly beyond 

the per-step dynamics simulation of about 2 over the all-atom model: it is about 6 to 8 times 

faster as measured with the first-pass folding times for the tested peptides. Therefore, the testing 

data confirms our hypothesis that reasonable reduction of protein model can be achieved with 

noticeable improvement of sampling while still preserve a high level of accuracy for theoretical 
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prediction in ab initio protein folding simulations. This study motivates us to develop more 

simplified protein models to further enhance conformational sampling while still maintain 

sufficient accuracy in ab initio protein folding simulations. 
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Tables 

 
Table 1. Sequences of the two tested β-hairpin model molecules HP5w4 and HP5F for folding 

simulations. 

Molecule Sequence 

HP5w4 KKWTWNPATGKWTWQE 

HP5F KKYTWNPATGKFTVQE 
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Table 2. Folded percentages of two simulated β-hairpins. Folded percentages are either 

measured in the NMR experiments or estimated from the molecular simulations of both united-

atom models and all-atom models 

 %folded 
(UA) 

%folded 
(AA) 

% folded 
(Fesinmeyer et al.) 

HP5w4 94% >99% >96% 
HP5F 83% 89% 82±4% 
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Table 3. Comparison of first pass ab initio folding times (ns) between united-atom and all-atom 

models. A total of 20 independent trajectories for each system in each model were simulated. 

The mean of the tenth and eleventh first pass times of the folding set is defined as the median 

folding times. 

Molecule 1 2 3 4 5 6 7 8 9 10 11 

HP5w4 UA 21.8 44.8 59.4 62.5 64.7 73.6 163.4 165.1 172.6 182.0 186.3 

HP5w4 AA 25.2 38.9 60.5 94.7 125.7 171.6 181.3 185.1 190.0 365.7 518.9 

HP5F UA 4.0 8.5 37.0 38.2 38.2 46.8 69.3 89.9 95.0 102.8 139.1 

HP5F AA 8.7 9.0 39.3 44.4 58.2 79.4 143.5 146.6 244.0 431.3 531.9 
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 Figures 

 

Figure 1. Time evolutions of CSD estimated in the 280K simulations. Gray line denotes the 

united-atom HP5w4 simulation, purple the all-atom HP5w4, orange the united-atom HP5F, and 

green the all-atom HP5F. 
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Figure 2. φ/ψ distributions of β residues during the last 10 ns of native equilibrium simulated at 

300K. The secondary structure definitions are from Hu et.al.84 
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Figure 3. Distribution of native β fractions from the united-atom simulations. 
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Figure 4. Distribution of native tertiary contact fractions from the united-atom simulations. 
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Figure 5. Distribution of salt bridges in the united-atom simulations. 
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Figure 6. Potential energy and RMSD running averages verses simulation time for ab initio 

simulations of HP5w4 (in both united-atom and all-atom). In the potential energy plot, magenta 

lines indicate the averages of the reference simulations, and cyan lines indicate the standard 

deviations. Magenta lines in the RMSD plot represent the RMSD cutoff for folding events. 
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Figure 7. Same as Figure 6, but for HP5F. 
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Figure 8. Representative snapshots for the average folded conformations in ab initio folding 

simulations in united-atom (left) and all-atom (right): (a) and (b) are for HP5w4 and  (c) and (d) 

are for HP5F. A representative snapshot is defined as the closest frame to the average folded 

conformation in the ab initio folding trajectories. 
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Figure 9. Potential energy distribution and RMSD distribution (binned over 20 windows) for the 

united-atom simulations. The solid curves are the distributions from the ab initio set of 20 

simulations and the dashed curves are the distributions from the convergence set of 20 

simulations. 
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Figure 10. Potential energy distribution and RMSD distribution (binned over 20 windows) for 

the all-atom simulations. The solid curves are the distributions from the ab initio set of 20 

trajectories and the dashed curves are the distribution from the convergence set of 20 trajectories. 
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