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ABSTRACT 

One of the strategies of peptide–protein docking is to pregenerate an ensemble of peptide 

conformations in the absence of the receptor, and then dock them as rigid bodies onto its surface. 

Success of this strategy requires that the scoring function that drives the pregeneration step be able 

to discriminate in favor of conformations that resemble the native bound conformation. Here we 

mailto:alessandro.contini@unimi.it
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present a study on the discrimination of peptide native bound conformations as achieved without 

receptor by the “cen_std+score4L” Rosetta energy function, a low-resolution scoring function 

equivalent to one chosen for other tasks where the modeling of solvent effects is of special 

importance. The cen_std+score4L function was able to assign, on average, lower energies to 

native-like than to non-native decoy conformations for only 3 of our 18 test peptides; it also ranked 

one or more native-like decoys in the top 1% for only 2 peptides. However, by optimizing the 

weights of the energy terms that define the cen_std+score4L function, native discrimination 

improved substantially: Native-like decoys were assigned lower energies than non-native decoys 

for 16 peptides, with a discrimination signal larger than noise for 9 peptides, that is, 50% of the 

test set. And for 9 peptides, too, native-like decoys ranked in the top 1%. An ensuing energetic 

analysis of native-like versus non-native decoys suggests that native peptide conformations have 

solvation and non-local electrostatics that poorly recapitulate those of native protein 

conformations. Native peptide conformations are also characterized by few backbone–backbone 

H-bonds and by lack of compactness, presumably to optimize interaction with the receptor. 

Overall, this study lays groundwork for pregenerating dockable peptide conformations with 

Rosetta, whether the subsequent docking will be performed by Rosetta or some other software. 

 

KEYWORDS 

Peptide modeling, conformational selection, decoys, native discrimination, Rosetta, rigid-body 
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INTRODUCTION 
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Peptides are increasingly being used in pharmaceutics as inhibitors of protein–protein interactions 

(PPIs)[1]. These interactions pervade the cell, and not surprisingly a multitude of diseases are 

caused by deregulated PPIs[1, 2]. Because of their ample and shallow binding interfaces, PPIs 

have historically challenged inhibition by small molecules[3, 4]. Peptide inhibitors, on the other 

hand, by offering a larger contact area, could more easily achieve the necessary potency, an 

intuition supported by the estimate that 15–40% of PPIs are mediated by peptides[5]. Rational 

design of PPI inhibitors requires the structure of the PPI interface to be known in atomic detail. 

Presumably, however, this information is still unavailable for a large majority of the 130,000–

650,000 human PPIs[6, 7], since the number of human biological assemblies in the Protein Data 

Bank (PDB)[8] that contain two or more protein chains is just above 25,000. Nevertheless, when 

the PDB does contain the structure of one or both partners of a PPI, efforts to model the binding 

of candidate peptide inhibitors are chiefly based on peptide–protein docking[9]. Methods of this 

sort usually take as input the amino acid sequence of the peptide candidate, the structure of the 

target protein, or “receptor”, and any available information on the position of the binding site. 

Their goal is then to predict, often on energetic grounds, the most likely structure of the peptide–

protein complex. 

Peptide–protein docking is typically a two-step process in which a coarse-grained exploration 

of the possible binding modes is followed by high-resolution refinement of those having lower 

energies[10–19]. During the exploratory step, the peptide may be forced to adopt a limited number 

of pregenerated conformations, which are docked as rigid bodies at the binding site (local docking) 

or, when that is unknown, around the entire surface of the receptor (global docking). These 

methods assume that at least one of those conformations is sufficiently similar to the native bound 

conformation. In some cases, conformations are pregenerated by assemblying fragments extracted 
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from the PDB. The source of fragments are bound peptides[19] or even protein chains[15, 17], in 

accordance with the observation that peptide–protein interfaces are often structurally similar to 

interactions within monomeric proteins[20]. Other methods[11, 12] pregenerate only three 

idealized conformations (extended, α-helical, and polyproline-II) whose secondary structure was 

found to represent most bound peptides in the PDB[21, 22]. Their approach was inspired by the 

principle of “conformational selection”[23, 24] as applied to peptide binding, whereby receptors 

select bound peptide conformations that are at least partially stable in solution. As a more thorough 

implementation of this principle, the AnchorDock[13] method simulates the peptide alone in 

implicit solvent, and then selects one dockable conformation from one of the trajectory’s low-

energy clusters. While generally successful, these docking methods based on conformational 

selection have failed on 20–30% of test cases[11–13], a shortcoming that can be immediately 

ascribed to the incompleteness of their initial ensemble of conformations. Therefore, the ability to 

pregenerate peptide conformations that are metastable in solution—and hence likely to resemble, 

in part or in full, the native bound conformation—may substantially improve this class of docking 

methods. 

A conformational generator with that ability requires a scoring function that can discriminate in 

favor of the native bound conformation. In general, the discriminatory power of a scoring function 

is assessed outside of any search method, on a cleverly constructed set of so-called “decoy” 

conformations, where native-like conformations are interspersed among many more, deliberately 

challenging, non-native conformations[25–27]. Once native-like decoys get scored consistently 

better than non-native decoys, the scoring function may be confidently integrated into a 

conformational search method. At that point, failure to produce native-like conformations will 

suggest a need for improvement not of the scoring function but of the sampling mechanism that is 
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coupled to it. However, scoring function and sampling mechanism are both dictated by model 

resolution. Peptide modeling at full atomic resolution achieved a fairly exhaustive exploration of 

metastable states when coupled to techniques of enhanced sampling[28–30]. The computational 

cost of full atomic resolution is nonetheless still prohibitive for what is intended to be a few-hour-

long preliminary step to docking. For this reason, pregeneration of peptide conformations to cover 

sufficiently well the native bound conformation may only be feasible at low resolution. And that 

is the resolution at which to assess native discrimination by the underlying scoring function. 

In the Rosetta macromolecular modeling software suite[31], a scoring, or “energy”, function is 

a linear combination of terms that capture energetic contributions of different physical nature. This 

functional form is used under both of Rosetta’s resolution modes, namely, the “fullatom” mode, 

where all atoms of the biomolecule are explicitly represented[32], and the “centroid” mode, where 

nonpolar hydrogens are neglected and side-chain atoms beyond Cβ are represented by a single 

pseudo-atom (the centroid) located in an idealized center of mass[33]. With its low number of 

conformational degrees of freedom, centroid mode is to be chosen when coarse exploration of 

conformational space pays off better than exploitation of current solutions, such as in the early 

stages of ab initio structure prediction[34, 35]. A basic energy function in centroid mode is called 

cen_std and consists of four energy terms—vdw, cbeta, env, and pair—all of which are assigned 

a weight of 1.0 in the linear combination, as listed in Table 1. The table also presents five other 

energy terms—hbond_lr_bb, hbond_sr_bb, rama, rg, and chainbreak—as part of another energy 

function, called score4L. The cen_std and score4L functions were previously coupled in the low-

resolution stages of two Rosetta protocols, namely, NGK[36], used for loop modeling, and 

FlexPepDock[10], used for peptide–protein docking. Loop modeling deals with residues that have, 

expectedly, higher solvent exposure than those in the protein structural databases from which most 
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of the cen_std and score4L terms were statistically derived[33, 37–40]. Likewise, even though 

FlexPepDock keeps the peptide close to the receptor, approximately 50% of the peptide surface is 

always facing the solvent. In light of the success of both NGK and FlexPepDock under those 

partially solvated conditions, it is worth taking it one step further and exploring whether the 

predictive power of centroid-mode Rosetta under cen_std and score4L still holds at the even higher 

solvent exposures of fully solvated peptides. 

Here we report on the ability of the “cen_std+score4L” Rosetta energy function to discriminate 

native-like versus non-native bound peptide conformations in the absence of the cognate receptor. 

For brevity, we will refer to such peptide conformations as “native-like” and “non-native”, 

respectively, taking the “bound” qualifier for granted. Discrimination by the default set of weights 

will be evaluated on a test set of 18 peptides over ensembles of ~7,000 decoy conformations per 

peptide. That performance will then be compared, over the same decoy ensembles, against the 

performance of an optimized weight set obtained by training on a separate set of 9 peptides. Weight 

optimization was driven by a native discrimination function that measured the ability of the Rosetta 

energy function to assign lower energies to native-like decoys than to non-native decoys. We 

actually considered only eight of the nine energy terms, discarding the chainbreak term, because 

the chainbreak energy was always zero for our decoys (that is, each decoy was a fully connected 

polymeric chain) and hence no optimized weight for this energy term would have reflected an 

actual improvement in native discrimination. The presence of optimized weights with a negative 

sign led us to investigate whether the corresponding energy terms tend to favor non-native over 

native-like conformations, contrary to the spirit in which such terms were originally conceived. 

The results of that analysis will be presented here, with special attention to the different occurrence 

of intramolecular hydrogen bonds in native-like versus non-native conformations.  
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METHODS 

Benchmark peptide set 

The benchmark set chosen for this study is the same set of 27 peptides that was used to benchmark 

the PIPER-FlexPepDock peptide–protein docking method[17]. The set, listed in Table 2, is 

nonredundant with respect to the receptor domain. Although no known receptor was directly used 

to optimize the set of weights here published, it is important that these weights should be robust 

with respect to the receptor, because their intended use is for generating native-like peptide 

conformations for effective docking onto any type of receptor. 
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Nonetheless, among these 27 nonredundant peptides, the energy weights were optimized on a 

slightly different training set than that chosen for the PIPER-FlexPepDock study. In particular, 

since the original training set contained only one mostly-helical peptide (2a3i), we decided to 

substitute a second mostly-helical peptide (2fmf) for one of the seven mostly-coiled peptides 

(1jwg). Given the 9 training peptides, the remaining 18 peptides constituted the test set (Table 2). 

 

Generation of decoy conformations 

Table 1. Rosetta energy terms whose weights were optimized in the present work 

energy function energy term 
physical origin of 
the energy term 

default 
weighta 

optimized 
weightb references 

cen_std 

env solvation 1.0000   -1.0000   [[33], [38]] 
cbeta solvation 1.0000   -0.3028   [[33], [38]] 

pair 
electrostatic/disulfide 
interactions with 
sequence separation ≥ 9 

1.0000   -3.5681   [[33], [38]] 

vdw 
repulsive van der Waals 
interactions 

1.0000   0.7553   [[33], [38]] 

score4L 

hbond_lr_bb 
backbone–backbone H-
bonds with sequence 
separation ≥ 5 

 1.0000   0.8295   [[32], [39], 
[41]] 

hbond_sr_bb 
backbone–backbone H-
bonds with sequence 
separation < 5 

1.0000   -0.8092   [[32], [39], 
[41]]  

rama 
backbone torsional angle 
preferences 0.1000   0.0728   [[33]] 

rg 
attractive van der Waals 
interactions; solvation 2.0000   -0.3074   [[33], [38]] 

chainbreakc polymeric chain 
connectivity 

1.0000   - [[42]] 

aDefault weight in the cen_std and score4L functions. bOptimized weight in the cen_std+score4L 
function. cThough contributing to the score4L function, the chainbreak term was excluded from our 
weight optimization. 
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For each peptide of the benchmark we generated one ensemble of decoy conformations for 

subsequent scoring by both the default weights and the optimized weights. Each ensemble 

consisted of 7,054 decoy conformations. These were divided into 54 decoys that served as starting 

conformations of stochastic local-search simulations, plus 7,000 decoys produced in those 

simulations. One starting decoy was the native conformation. Three others were schematic helical, 

extended, and hairpin conformations, respectively, that were meant to represent non-native 

conformations with regular secondary structure (Figures S1A–D). From each of these four starting 

decoys, 20 simulations were launched, each producing 50 decoys, for a total of 1,000 decoys per 

starting decoy. The remaining 50 starting decoys were aimed at sampling less regular instances of 

the non-native state (Figure S1E). They were generated by fragment assembly using Rosetta's 

FlexPepDock[10], where the receptor, required by the program, was set to be a fictitious, 12-

residue receptor, and was placed hundreds of angstroms away from the initial peptide position in 

order to limit its effect on the assembly. Fragments were picked by FragmentPicker[43] based on 

the secondary structure predicted by the PSIPRED server[44]. Those 50 fragment-assembled 

decoys were the starting points of additional simulations that produced 60 decoys each, for a total 

of 3,000 decoys. All simulations were done in centroid mode[33]  under combined cen_std and 

score4L energy terms with default weights; the rama weight was set to be 4-fold higher than its 

default value to more strongly favor naturally occurring (φ, ψ) pairs. Simulations were of the 

Monte Carlo[45] type: At each step a backbone dihedral angle was selected at random and then 

randomly perturbed, for at most 5,000 attempts per step, until the energy of the new conformation 

met a Boltzmann acceptance criterion, upon which the new conformation was added to the decoy 

set. The Boltzmann temperature was such that an energy increase of 1 (arbitrary units) was 

accepted with a probability of 0.02. Dihedral perturbations per attempt were of at most 20° for φ 
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and ψ angles; ω angles could only flip by 180° and only for proline residues, with a 0.9 probability 

for the cis-to-trans flip and a 0.1 probability for the trans-to-cis flip. The accumulation of dihedral 

perturbations over successive steps produced decoys that tended to have a progressively higher 

root mean square displacement (RMSD) from the starting conformation, as concluded from the 

visual inspection of ~20 RMSD profiles over time. The resulting decoys were quite heterogeneous 

in the way they differed from the native conformation (Table S1). We therefore judged that the 

decoy sets were sufficiently representative samples of conformational space on which to train or 

test the native discrimination power of the energy function. To this end, decoys were classified 

into “native-like” and “non-native”, according to whether their Cα-RMSD from the native 

conformation was ≤ 1 Å or > 1 Å, respectively. 
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Table 2. Benchmark results 

  
peptideb 

sequence / secondary 
structurec 

top-1 RMSD (Å)d top-1% RMSD (Å)e native rankf 

  defg opth def opt def opt 

training 
seta 

  

1czy PQQATDD 3.1 2.4 3.0 2.1 5097 1031 
 CEECCCC             

1er8 HPFHLLVY 3.6 1.1 3.6 0.8 4815 57 
 CCCBCCBC             

1jd5 AIAYFIPD 3.7 0.7 3.6 0.3 5099 1 
 CEEEETCC             

2fmf QDQVDDLLDSLGF 2.3 6.8 0.5 6.4 32 1505 
 HHHHHHHHHHHCC             

1mfg EYLGLDVPV 4.1 5.1 3.9 0.5 4996 9 
 CCCCCCEEC             

2a3i QQKSLLQQLLTE 4.4 7.7 3.5 7.1 3903 1023 
 CCCCHHHHHHHC             

2cch HTLKGRRLVFDN 5.4 5.5 5.3 0.1 5171 39 
 TTTTCCCCCCCC             

2ds8 ALRVVK 2.9 1.0 2.5 0.9 3695 66 
 CCEECC             

2hpl DDLYG 2.5 2.2 1.7 1.8 4707 1002 
 CCCCC             

average   3.5 3.6 3.1 2.2 4168 526 

test set 

1awr HAGPIA 3.3 0.8 3.1 0.5 5187 1 
 CCCCCC             

1eg4 NMTPYRSPPPYVP 8.3 3.4 7.4 2.7 5289 592 
 TTTTTTCCCCCCC             

1elw GPTIEEVD 4.3 0.5 4.2 0.0 5074 1 
 CCCCCCCC             

1jwg DEDLLHI 4.3 0.6 3.4 0.0 4981 1 
 CCCCCCC             

1lvm ENLYFQ 3.1 0.2 3.1 0.0 4528 1 

 CCEEEC             

1ntv NFDNPVYRKT 4.3 3.0 4.1 2.7 4750 1093 

 CEETTTTCCC             

1nvr ASVSA 3.4 0.5 3.3 0.2 5020 1 

 CEEEC             

1nx1 DAIDALSSDFT 1.0 6.0 0.8 5.8 1 2623 

 HHHHHHHHHCC             

1ou8 GAANDENY 3.4 3.6 3.3 3.3 4811 968 

 CCCCCCCC             

1rxz KSTQATLERWF 4.1 7.0 3.8 3.0 4246 1130 

 CEEECTTTTTC             

continued 
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aTraining and test sets are the same as published by Alam et al.[17] except for the swapping of 
peptides 2fmf and 1jwg. bPDB ID of the peptide’s native conformation in complex with a cognate 
receptor. cSecondary structures computed with STRIDE[46] as published by Alam et al. dRMSD 
between the native conformation and the lowest-energy decoy. eLowest RMSD between the native 
conformation and any decoy whose energy is in the lowest 1%. fRank of the lowest-energy decoy 
having an RMSD ≤ 1 Å from the native conformation. gDefault weights. hOptimized weights. 
RMSD values ≤ 1 Å are highlighted in bold; that shown to be equal to 1.0 but not in bold is really 
> 1 at the precision level chosen for the RMSD calculations (i.e., three decimal places). RMSD 
was computed over atoms Cα. 

 

Native discrimination function 

Drawing from our previous experience with this matter[47], we first extracted the unweighted 

values of the eight cen_std+score4L energy terms for all decoy conformations of all benchmark 

peptides. We then looked for a new set of weights w* = (w1
*,…,w8

*) that minimized a native 

discrimination function fntv defined as 

 𝑓𝑛𝑡𝑣(𝒘) = ∑ 𝑍𝑝(𝒘)𝑝 ∈ 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑠𝑒𝑡  , (1) 

  

                                                                                                                

 1ssh GPPPAMPARPT 7.4 0.2 7.2 0.1 5331 1 

  CCCCCCCCCCC             

 1u00 ELPPVKIHC 4.3 4.2 4.1 0.2 5067 9 

  CCCCEECCC             

 1x2r LDEETGEFL 4.8 0.4 3.5 0.3 3461 1 

  CTTTTTCCC             

 2b9h RRNLKGLNLNLH 4.6 6.5 4.5 4.3 4976 329 

test set  CCTTTTCCCCCC             

 2c3i KRRRHPSG 4.6 0.9 4.0 0.3 5125 1 

  CCCCCCCC             

 2h9m ARTKQ 0.7 2.4 0.6 2.2 1 767 

  TTTTC             

 2o02 GLLDALDLAS 3.4 2.0 2.7 1.2 4265 883 

  THHHHHCCCC             

 3d1e GQLGLF 3.4 2.3 3.0 2.1 4930 72 

  CBCCCC             

 average  4.0 2.5 3.7 1.6 4280 471 
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where Zp(w) is the “native discrimination z-score” for peptide p under weight set w, analogous 

to a statistical metric that proved effective in the field of microarray data analysis[48]: 

 𝑍𝑝(𝒘) =  𝜇𝑝,𝑛𝑡𝑣(𝒘) − 𝜇𝑝,𝑜𝑡ℎ𝑒𝑟(𝒘) 𝜎𝑝,𝑛𝑡𝑣(𝒘) + 𝜎𝑝,𝑜𝑡ℎ𝑒𝑟(𝒘)  . (2) 

 

                                                                                     

In this equation, considering all decoy conformations generated for peptide p, μp,ntv (w) and 

μp,other (w) are the average energies of native-like and non-native decoys, respectively, as obtained 

from weight set w, while σp,ntv (w) and σp,other (w) are the corresponding standard deviations. As 

stated above, native-like decoys are defined to be those with Cα-RMSD ≤ 1Å from the native 

conformation, whereas non-native decoys are all other decoys. The energy of decoy d has the usual 

Rosetta form, 

 

𝐸(𝑑, 𝒘) =  ∑ 𝑤𝑖8
𝑖=1 𝑒𝑖(𝑑), (3) 

  
                                                                                                                   
where wi is the weight of the ith energy term and ei(d) is the unweighted value of the ith energy 

term for decoy d. By minimizing fntv, therefore, we aimed at a weight set that tended to assign 

much lower energies to native-like than to non-native conformations. We also expected that the 

capability of the optimized weights to discriminate native-like conformations should hold in 

general, as the training set was chosen to be representative of various types of amino acid sequence 

and secondary structure (Table 2).  

 

Rosetta version 
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All calculations were performed with Rosetta 2018.12. 

 

RESULTS 

Rosetta energy weight optimization 

Energy weights were optimized using the Nelder–Mead simplex algorithm[49]  as implemented in 

the GNU Scientific Library (http://www.gnu.org/software/gsl/). Because this is a local 

optimization algorithm, we ran it multiple times from different initial weight sets and then selected 

the optimized weight set that produced the lowest value of fntv over all runs. We chose ten initial 

weight sets: Eight of them had one weight equal to 1.0 and all other weights equal to 0.1; the other 

two initial weight sets were the default weights of the cen_std and score4L functions and a uniform 

weight set where all weights were equal to 1.0, respectively. The 10 runs converged on similar 

weight sets as to the sign and relative magnitude of each weight (Table S2). The final values of fntv 

were between –8.54 and –8.11, with clear improvement relative to the initial fntv values, all between 

–0.12 and +6.81 (Figure 1). The minimal value of fntv, –8.54, was obtained in two different runs. 

As the optimized weight sets of these two runs also showed an essentially identical native 

discrimination over all 18 test peptides (Figure S2), we arbitrarily chose one to report on, namely, 

that produced from the initial weights labeled cbeta_10x. Prior to testing, the set was normalized 

with respect to the env weight, an operation made possible by the invariance of fntv to multiplication 

of the weight set by a constant. Such normalized weights are listed in Table 1, and their improved 

discrimination of native-like conformations is the subject of the next section. 

http://www.gnu.org/software/gsl/
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Figure 1. Convergence of the native discrimination function in the ten weight optimizations. The 

value of the native discrimination function (fntv) is plotted as a function of step number for the ten 

different runs of the Nelder–Mead optimization algorithm. Each run started from a different weight 

set. For each energy term eterm, the set of initial weights labeled eterm_10x assigned a weight of 

1.0 to eterm and a weight of 0.1 to all other energy terms. The default initial set assigned energy 

terms their default weights in the cen_std and score4L energy functions. The uniform initial set 

assigned all energy terms a weight of 1.0. The optimal fntv value of –8.54 was achieved by two 

runs, started from weight sets cbeta_10x and uniform, respectively. 

 

Discrimination of native-like peptide conformations 

As shown in Figure 2B, native discrimination under the optimized weights improved for 8 training 

peptides out of 9 (triangles below the diagonal). More importantly, assessment on the 18 peptides 

of the test set revealed that native discrimination improved for 16 peptides (Figures 2A, 2C). Here, 

while default weights discriminate in favor of native-like decoys (i.e., Zp is negative) for 3 peptides, 

optimized weights do so for 16 peptides. In these favorable cases, the discrimination signal is 
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larger than noise (i.e., Zp < –1) for no peptide under default weights and for 9 peptides under 

optimized weights. Thus, not only did weight optimization produce an energy function that better 

discriminates native-like conformations; it also turned an energy function that is rarely effective 

at discriminating native-like conformations into one that is effective half of the time. The 

improvement in native discrimination is comparable to that obtained by optimizing weights on the 

original training set of this benchmark (Figure S3), which indicates that our weight optimization 

procedure was also robust to the swapping of a pair of peptides between training and test set. 

 

 

Figure 2. Weight optimization improved discrimination of native-like peptide conformations. (A) 

Example of the improvement in native discrimination z-score (Zp) caused by weight optimization. 

For all 7,054 decoy conformations of test peptide 1eg4, energy (arbitrary units) was computed 

with the cen_std+score4L function under default (left) or optimized (right) weights. Clearly, 
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weight optimization turned native-like decoys (points to the left of the 1-Å RMSD line) from 

energetically unfavorable to favorable compared to non-native decoys (points to the right). (B–C) 

Native discrimination z-scores of the cen_std+score4L energy function under optimized versus 

default weights, for the 9 training peptides (B) and the 18 test peptides (C). Negative z-scores 

indicate discrimination in favor of native-like conformations, as defined in eq 2. If z-scores are < 

–1, the discrimination signal is larger than noise. The diagonal line denotes equal performance. 

The filled triangle in (C) represents peptide 1eg4. Here note, too, that only 17 triangles are visible 

because those of peptides 1eg4 and 1awr are perfectly overlapping. 

 

Figure 3. Optimized weights often define a better classifier of native-like decoys than default 

weights. (A) ROC curves for the discrimination of native-like decoys (RMSD from native ≤ 1 Å) 

by default and optimized weights, respectively, as plotted over all 126,972 decoys of the test 

peptides with discrimination thresholds given by the energy ranks ( {1,…,7054}). The diagonal 

line denotes random classification. The plot was made with the ROCR package[50]. (B) For each 

test peptide, area under the ROC curve (AUC) for the default weights versus that for the optimized 

weights, where both curves were plotted as in (A) over the peptide’s 7,054 decoys. 
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Optimized weights perform better than default weights even if the discrimination of native-like 

versus non-native decoys is evaluated in terms of binary classification. Receiver operating 

characteristics (ROC) analysis over all decoys of the test set (Figure 3A) shows that decoy 

classification as a function of energy rank produces a larger area under the curve (AUC) with 

optimized weights (AUC=0.73) than with default weights (AUC=0.32). Accordingly, AUC values 

are 2–130-fold higher for optimized weights than for default weights on 16 of the 18 test peptides 

(Figure 3B and Figure S4). For these 16 peptides, which are the same 16 for which Zp also 

improved (Figure 2C), classification by default weights is always worse than random (AUC ≤ 

0.35), whereas classification by optimized weights is always better than it (AUC ≥ 0.67). Because 

the fraction of native-like decoys for these 16 peptides is between 7% and 23% (Table S1), one 

would conclude that the observed improvement in the discrimination of native-like decoys is 

independent of the precise mixture of native-like and non-native decoys. However, evidence to the 

contrary is provided by peptides 1nx1 and 2h9m, which have the highest fractions of native-like 

decoys (37% and 33%, respectively) and are the only two peptides for which performance after 

weight optimization became worse. 

Native discrimination z-score (eq. 2) and AUC are both measures of separation between two 

energy distributions: that of native-like decoys versus that of non-native decoys. A related 

information that is also useful in practice is whether, among a small group of top-ranking (i.e., 

lowest-energy) decoys, at least some are native-like. In particular, for rigid-body docking tasks, 

this information helps one figure out what fraction of top-ranking, pregenerated peptide 

conformations should be destined to docking with some guarantee that native-like conformations, 

if any, will be represented. We therefore compared default and optimized weights in terms of three 
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additional metrics that verify the presence of native-like decoys among those that are top-ranking, 

as summarized in Table 2. Considering the test set first, the lowest energy decoy is native-like for 

2 peptides under default weights and for 8 peptides under optimized weights (column “top-1 

RMSD”). A similarly substantial increase, from 2 to 9 peptides, is observed when native-like 

decoys are sought in the lowest 1% of the energy distribution (“top-1% RMSD”). Moreover, the 

lowest rank of a native-like decoy is, on average, 9 times better under optimized than under default 

weights (“native rank”). Nevertheless, despite weight optimization there are still 6 peptides for 

which native-like decoys are not even ranked in the top 10%. These results are consistent with 

those on the training set, even though in the “top-1 RMSD” category the optimized weights 

outperformed the default weights only on 5 of the 9 training peptides. We therefore expect that 

given an ensemble of peptide conformations of which some are native-like, rescoring them with 

the optimized weights will make it ~4 times more likely for a native-like conformation to be 

included among the tiny fraction selected for rigid-body docking. 
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Figure 4. Negative optimized weights often correspond to unfavorable energies of native-like 

conformations. Average unweighted energies (arbitrary units) over native-like and non-native 

(other) decoy conformations of the benchmark peptides are reported for each of the eight energy 

terms of the cen_std+score4L function. Error bars represent standard deviations. Energy terms 

whose optimized weights are negative are printed in bold. Asterisks mark peptides for which the 

discrimination against native-like conformations (ntv) by the energy term has a signal that is larger 

than noise, namely, μntv – μother > σntv + σother, where μD and σD represent, respectively, average 

and standard deviation of the energy term over decoy set D. 
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Optimized weights reflect the relative energies of native-like versus non-native 

conformations 

The optimized weights are listed in Table 1. For five energy terms (env, cbeta, pair, hbond_sr_bb, 

and rg) the optimized weight is negative. Because a negative weight favors conformations with 

higher values of its corresponding energy term, we expected those five energy terms to frequently 

have higher values for native-like decoys than for non-native decoys, at least in the training set. 

To test this hypothesis, we compared for each energy term the distribution of energy values over 

native-like decoys with the distribution of energy values over non-native decoys. The results for 

all peptides of the benchmark are illustrated in Figure 4 and summarized in Table S3. For four of 

the five energy terms with a negative weight (env, cbeta, hbond_sr_bb, and rg), native-like decoys 

have a higher average energy than non-native decoys (μntv > μother) for 78% or more of the training 

set. Also, the pair term has μntv > μother for two of the three training peptides on which it is defined 

(i.e., peptides longer than 9 residues[33]; for shorter peptides, pair energies are always zero). By 

contrast, the vdw and rama terms have μntv > μother for at most 33% of the training set, in 

accordance with their positive weight. Unexpected results were instead obtained from the 

hbond_lr_bb term, which has a positive weight but μntv > μother for the majority (88%) of the 

training set. Optimization of this weight, however, might have been dominated by peptide 2fmf, 

whose value of μntv – μother for the hbond_lr_bb term is negative and has a magnitude at least 4-

fold larger than all others. Similar trends of native versus non-native energy distributions were 

observed in the test set (Figure 4 and Table S3). Hence, if the energy terms of the cen_std+score4L 

function retained their modeling power even for peptides in solution, one would expect peptide 

native-like conformations to be less energetically favorable than non-native conformations in 
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terms of solvation (env, cbeta, rg), non-local electrostatics (pair, hbond_lr_bb, hbond_sr_bb), and 

non-local attractive van der Waals interactions (rg); by contrast, their repulsive van der Waals 

interactions (vdw, rama) and their local electrostatic and attractive van der Waals interactions 

(rama) should be more favorable. 

 

Understanding why native-like conformations have higher H-bond energies 

The energetic differences observed in Figure 4 between native-like and non-native conformations 

can be better understood by decomposing each energy term into its elementary energetic 

contributions, as specified in the term’s own definition[32, 33, 39]. Such a deeper level of analysis 

was of especially clear interpretation in the case of the hbond_lr_bb and hbond_sr_bb terms, 

revealing that native-like conformations differ from non-native conformations in the number of 

intramolecular hydrogen bonds. The results of that analysis are presented here below. 

 The hbond_lr_bb and hbond_sr_bb terms evaluate the energy of backbone–backbone H-

bonds at sequence separations ≥ 5 and < 5 residues, respectively[32, 41]. A peptide’s unweighted 

H-bond energy is defined for both terms as 

  𝐸𝐻𝑏𝑜𝑛𝑑 = ∑ 𝑤𝐻𝑤𝐴𝐸𝐻𝐴 𝐻,𝐴: 𝐸𝐻𝐴<0 
 , 

(4) 

 
where EHA, the energy of a single H-bond, is computed with the same orientation-dependent 

formula used in Rosetta’s fullatom mode[32, 39]: 

 𝐸𝐻𝐴 = 𝑓(𝐸1(𝑑𝐻𝐴) + 𝐸2(𝜃𝐴𝐻𝐷 ) + 𝐸3(𝜃𝐵𝐴𝐻) + 𝐸4(𝜌, 𝜃𝐵𝐴𝐻 , 𝜒𝐵𝐴)) . (5) 
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In these equations, H and A denote a donor hydrogen atom and an acceptor atom, respectively; wH 

and wA are scaling factors that depend on the atom types of H and A, respectively; f is a function 

that smooths out the transition between favorable (< 0) and unfavorable (≥ 0) energies; dHA, θAHD, 

θBAH, and χBA are the four geometric parameters illustrated in Figure 5A; ρ represents the orbital 

hybridization of the acceptor atom; and E1–E4 are analytic functions that were fitted in order that 

protein structural models generated by Rosetta optimally recapitulated crystallographic native 

structures in terms of distributions of H-bond features. Atoms H and A are considered to be H-

bonded if and only if EHA < 0. 

 

Figure 5. Backbone–backbone H-bonds are less frequent in native-like conformations than in non-

native conformations. (A) Geometric parameters defining H-bond energy in Rosetta.  dHA: 

hydrogen–acceptor distance; θAHD: acceptor–hydrogen–donor angle;  θBAH: acceptor’s base–

acceptor–hydrogen angle; χBA: acceptor type-specific dihedral angle around the acceptor’s base–

acceptor bond. (B) Native backbone structures of peptides 2fmf and 1x2r. These are the only two 

native structures in the benchmark to have a backbone–backbone H-bond with sequence separation 

≥ 5 (cyan broken line). (C) Average number of backbone–backbone H-bonds at sequence 
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separations ≥ 5 (hbond_lr_bb) and < 5 (hbond_sr_bb) over native-like and non-native (other) 

decoys, respectively, for each peptide of the benchmark; error bars represent standard deviations. 

 

hbond_lr_bb energies are, on average, higher for native-like decoys than for non-native decoys 

(μntv > μother) for 88% of the training peptides (Figure 4 and Table S3), and yet the optimized 

weight of the hbond_lr_bb term, 0.8, is well into the positive range (Table 1). As mentioned above, 

optimization of this weight might have been dominated by the only training peptide with μntv < 

μother, namely, 2fmf, for which the value of μntv – μother (–0.97) has at least 4-fold larger magnitude 

than that of any other peptide. Peptide 2fmf is the only training peptide whose native-like decoys 

contain any backbone–backbone H-bonds that are long-ranged (i.e., with sequence separation ≥ 

5), as shown in Figure 5C. In particular, the H-bond between Phe13’s NH and Leu8’s O (Figure 

5B) is contained in 98% of 2fmf’s native-like decoys. By contrast, for all training peptides (except 

2hpl, whose hbond_lr_bb energy is always zero by definition), there always exist non-native 

decoys which contain long-ranged H-bonds, but they represent only a small minority of non-native 

decoys (7% on average). From this we gather that optimization of the hbond_lr_bb weight 

converged so decidedly on a positive value because the Phe13–Leu8 H-bond in peptide 2fmf’s 

native-like decoys outweighed the long-ranged H-bonds in all non-native decoys of the training 

set. 

Extending the analysis to all 27 peptides of the benchmark, we observe that long-ranged H-

bonds are absent in all native-like decoys of 24 peptides, whereas they are present in 0.1–19% of 

non-native decoys for 23 peptides (Figure 5C). Hence, in accordance with a previous survey of 

peptide–protein complexes[22], while long-ranged H-bonds should be accessible to a peptide in 

solution, they tend to be avoided when the peptide binds to a protein. Indeed, these intramolecular 
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backbone–backbone H-bonds may prevent the formation of peptide–protein interactions, both 

polar and hydrophobic, that are more favorable for the complex. 

The tendency of backbone–backbone H-bonds to be less frequent in native-like decoys than in 

non-native decoys is also present, though less dramatically, at sequence separations < 5. The 

average number of these short-ranged H-bonds is lower in native-like decoys for 24 of 27 peptides 

(Figure 5C). Also, short-ranged H-bonds are present in at most 22% of native-like decoys for 18 

peptides, whereas they are present in at least 42% of non-native decoys for every peptide. Such a 

disproportion helps explain why average hbond_sr_bb energies are higher for native-like decoys 

than for non-native decoys over 89% of the benchmark (Figure 4 and Table S3). The only peptides 

for which the average number of short-ranged H-bonds is higher in native-like decoys than in non-

native decoys are peptides 2fmf and 1nx1, whose native conformation is mostly helical, and the 5-

residue peptide 2h9m. However, the presence of short-ranged H-bonds in native-like decoys does 

not show any clear dependence on length or secondary structure (Table 2 and Figure 5C). A general 

conclusion that we can draw from these results is that native peptide conformations do not optimize 

the number of short-ranged H-bonds except when helical or, less likely, when very short. 

Nonetheless, short-ranged H-bonds are expected to be more accessible to native peptide 

conformations than long-ranged H-bonds. 

 

DISCUSSION 

Evidence has accumulated that peptides bind to their target proteins by “conformational 

selection”[51–55], motivating an approach to peptide–protein docking based on pregenerating 

peptide conformations that are metastable in solution[13]. In order for this pregeneration to yield 

a complete ensemble and yet occur in a reasonable time, the peptide may need to be represented 
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by a low-resolution model. The Rosetta centroid model[33] is a low-resolution model that was 

successfully used, among others, in the initial stages of loop modeling[36] and peptide–protein 

docking[10]. The low-resolution energy function chosen for both tasks is one that combines two 

functions known as cen_std and score4L, respectively (Table 1). Because both tasks arguably 

required an accurate modeling of solvent effects, we thought it worth to investigate whether this 

cen_std+score4L energy function suits as well the task of predicting peptide metastable 

conformations in solution. The present study assessed the ability of the cen_std+score4L energy 

function (not including the chainbreak term) to favor peptide native-like conformations among 

thousands of decoy conformations, all evaluated without the receptor. The study is therefore a first 

step in that ampler investigation, inspired by the conformational selection paradigm.  

With default weights, the cen_std+score4L energy function was generally unable to discriminate 

native-like from non-native conformations. Out of 18 test peptides, it assigned lower average 

energies to native-like than to non-native decoys only in 3 cases (Figure 2C), and classified decoys 

worse than a random classifier for 16 peptides (Figure 3B). Moreover, for 16 test peptides no 

native-like decoy had an energy in the lowest 1% (Table 2). These results clearly discourage from 

using the default cen_std+score4L weights for predicting peptide metastable conformations in 

solution. The same results support the notion that energy functions statistically derived from native 

protein structures, as cen_std+score4L largely is[33, 37–40], are unlikely to do well at modeling 

peptides. While this may intuitively seem obvious, the above mentioned success of combining 

cen_std and score4L to model partly solvated regions[10, 36] spoke to the contrary, so a merit of 

the present work is to provide clarifying evidence in this regard. 

Nonetheless, with optimized weights, the cen_std+score4L function was able to discriminate in 

favor of native-like decoys for 16 of the 18 test peptides, reaching effectiveness (Zp < –1) in 9 
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cases (Figure 2C). For those 16 peptides classification became better than random, with AUC ≥ 

0.67 (Figure 3B). Optimized weights also resulted in native-like decoys being ranked in the top 

1% for 9 peptides, for 8 of which a native-like decoy had the lowest energy of all (Table 2). The 

optimized cen_std+score4L energy function is therefore expected to have ~50% chance of 

effectively discriminating native-like from non-native peptide conformations in terms of energy 

distributions; and it is also expected to have ~50% chance of including one or more native-like 

conformations, if any, among a tiny pool of lowest-energy rigid-body-docking candidates. We are 

aware that these estimates of performance assume a conformational distribution similar to those 

of our decoy sets, which, in spite of their heterogeneity (Table S1), may not constitute fully 

representative samples of conformational space. We also note, however, that these are quite 

conservative estimates, since our chosen RMSD threshold for native-likeness, 1 Å, is a strict one. 

If, for instance, the threshold were increased to 2 Å, the present optimized weights would rank 

native-like decoys in the top 1% for one additional peptide (Table 2). Impressively, the described 

enhancement of discriminatory power was achieved by mere weight optimization, that is, without 

changing the functional form of any of the eight energy terms. The robustness of our optimization 

procedure to changes in the initial weights (Table S2, Figures 1 and S2) and in the set of training 

peptides (Figures 2B–C and S3, Tables 1 and S4) suggests that native discrimination, especially 

where it remained poor, such as for peptides 1ntv, 1rxz, 1ou8, and 2o02, can hardly be improved 

if these energy terms are left unchanged. Improvement may rather occur by substitution of the 

more knowledge-based terms with equivalent terms derived from structural databases that 

represent peptide–protein interactions either directly[22, 56] or indirectly[20]. 

The optimized weights of five energy terms (env, cbeta, pair, hbond_sr_bb, and rg) are negative 

(Table 1). This prompted a comparative analysis of energy-term distributions between native-like 
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and non-native decoys, which verified our initial hypothesis that negative weights should 

correspond to unfavorable energies for native-like decoys (Figure 4, Table S3). Hence, given that 

env, cbeta, and pair were derived from protein statistics[33, 37, 38], the analysis suggests that 

peptide native conformations recapitulate worse than non-native conformations the solvation 

patterns and non-local electrostatic interactions observed in protein native structures. Peptide 

native conformations are also characterized by uncompactedness, by favorable local electrostatic 

and van der Waals interactions, and by few backbone–backbone H-bonds (Figures 4 and 5). 

Having unfavorable H-bond energies could therefore be part of the price that native conformations 

pay in solution for being selected by receptors as optimal fits to their binding site. Binding may 

also impose energetic costs to solvation and non-local electrostatics, but it is quite unwarranted to 

link them to the above-discussed lower recapitulation of native protein structures, particularly at 

shorter peptide lengths, where recapitulation becomes harder. 

A natural follow-up to the present study is to test whether the optimized cen_std+score4L 

function can bias a conformational search towards native-like conformations. We anticipate that 

successful convergence of the search will depend on the type of sampling mechanism that will be 

coupled to the energy function. For example, if sampling is not based on fragment assembly, the 

current optimized rama weight may be too low in magnitude for an efficient rejection of sterically 

forbidden (φ, ψ) pairs. Also, because the optimized vdw weight has a low magnitude too, it may 

be more efficient to enforce the self-avoidance of conformations within the sampling mechanism 

itself, rather than allowing and then probabilistically discarding major atomic collisions. A 

classical way to measure the quality of conformational sampling is to compute how often the 

ensemble of selected dockable candidates contains a native-like conformation. However, the 

optimal size of that ensemble, one that affords the best trade-off between native coverage and 
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computational cost of the subsequent docking, may vary with peptide length and secondary 

structure[57]. Hence, a fair evaluation of conformational search under our optimized weights 

requires consideration of a spectrum of sampling options and selection thresholds, and so it is 

better deferred to a dedicated study. 

The past decade has seen a proliferation of methods for peptide–protein docking[9] in response 

to the emergence of peptides as a new class of inhibitors of protein–protein interactions[1]. While 

the usefulness of these methods is undisputable, all of them might greatly benefit, with little or no 

adjustment, from the possibility to start docking from a peptide conformation that resembles the 

native bound conformation. In this work we have reported on the ability of the Rosetta 

cen_std+score4L energy function to discriminate in favor of such native conformations. Rosetta 

is a popular macromolecular modeling suite[31] that has been successfully used in modeling tasks 

that range from protein structure prediction[58] to the design of high-affinity protein binders[59] 

to the docking of small molecules[60] and peptides[10]. While Rosetta has a default energy 

function for high-resolution modeling[32], each modeling task performed at low resolution must 

explicitly specify its own energy function. As described above, cen_std+score4L is a low-

resolution energy function essentially identical to that adopted in Rosetta protocols of loop 

modeling and peptide–protein docking. Moreover, Rosetta ab initio protein structure 

prediction[61] is guided in its low-resolution stages by energy functions that incorporate the env, 

pair, vdw, cbeta, and rg terms. We therefore conclude that our work has shed light on receptor-

free peptide modeling by energy terms that are central to Rosetta low-resolution modeling. Finally, 

because native discrimination under the optimized weights has improved to an encouraging 50% 

success rate, we recommend that Rosetta users attempting to pregenerate dockable peptide 

conformations should try these weights first. 
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Figures

Figure 1

Convergence of the native discrimination function in the ten weight optimizations. The value of the native
discrimination function (fntv) is plotted as a function of step number for the ten different runs of the
Nelder–Mead optimization algorithm. Each run started from a different weight set. For each energy term
eterm, the set of initial weights labeled eterm_10x assigned a weight of 1.0 to eterm and a weight of 0.1
to all other energy terms. The default initial set assigned energy terms their default weights in the cen_std
and score4L energy functions. The uniform initial set assigned all energy terms a weight of 1.0. The
optimal fntv value of –8.54 was achieved by two runs, started from weight sets cbeta_10x and uniform,
respectively.



Figure 2

Weight optimization improved discrimination of native-like peptide conformations. (A) Example of the
improvement in native discrimination z-score (Zp) caused by weight optimization. For all 7,054 decoy
conformations of test peptide 1eg4, energy (arbitrary units) was computed with the cen_std+score4L
function under default (left) or optimized (right) weights. Clearly, weight optimization turned native-like
decoys (points to the left of the 1-Å RMSD line) from energetically unfavorable to favorable compared to
non-native decoys (points to the right). (B–C) Native discrimination z-scores of the cen_std+score4L
energy function under optimized versus default weights, for the 9 training peptides (B) and the 18 test
peptides (C). Negative z-scores indicate discrimination in favor of native-like conformations, as de�ned in
eq 2. If z-scores are < –1, the discrimination signal is larger than noise. The diagonal line denotes equal
performance. The �lled triangle in (C) represents peptide 1eg4. Here note, too, that only 17 triangles are
visible because those of peptides 1eg4 and 1awr are perfectly overlapping.



Figure 3

Optimized weights often de�ne a better classi�er of native-like decoys than default weights. (A) ROC
curves for the discrimination of native-like decoys (RMSD from native ≤ 1 Å) by default and optimized
weights, respectively, as plotted over all 126,972 decoys of the test peptides with discrimination
thresholds given by the energy ranks ( {1,…,7054}). The diagonal line denotes random classi�cation. The
plot was made with the ROCR package[50]. (B) For each test peptide, area under the ROC curve (AUC) for
the default weights versus that for the optimized weights, where both curves were plotted as in (A) over
the peptide’s 7,054 decoys.

Figure 4

Negative optimized weights often correspond to unfavorable energies of native-like conformations.
Average unweighted energies (arbitrary units) over native-like and non-native (other) decoy conformations
of the benchmark peptides are reported for each of the eight energy terms of the cen_std+score4L
function. Error bars represent standard deviations. Energy terms whose optimized weights are negative
are printed in bold. Asterisks mark peptides for which the discrimination against native-like



conformations (ntv) by the energy term has a signal that is larger than noise, namely, μntv – μother > σntv
+ σother, where μD and σD represent, respectively, average and standard deviation of the energy term over
decoy set D.

Figure 5

Backbone–backbone H-bonds are less frequent in native-like conformations than in non-native
conformations. (A) Geometric parameters de�ning H-bond energy in Rosetta. dHA: hydrogen–acceptor
distance; θAHD: acceptor–hydrogen–donor angle; θBAH: acceptor’s base–acceptor–hydrogen angle;
χBA: acceptor type-speci�c dihedral angle around the acceptor’s base–acceptor bond. (B) Native
backbone structures of peptides 2fmf and 1x2r. These are the only two native structures in the
benchmark to have a backbone–backbone H-bond with sequence separation ≥ 5 (cyan broken line). (C)
Average number of backbone–backbone H-bonds at sequence separations ≥ 5 (hbond_lr_bb) and < 5
(hbond_sr_bb) over native-like and non-native (other) decoys, respectively, for each peptide of the
benchmark; error bars represent standard deviations.
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