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Abstract
Motivation: Despite many successes, de novo protein design is not yet a solved problem as its success 
rate remains low. The low success rate is largely because we do not yet have an accurate energy 
function for describing the solvent-mediated interaction between amino acid residues in a protein chain. 
Previous studies showed that an energy function based on series expansions with its parameters 
optimized for side-chain and loop conformations can lead to one of the most accurate methods for side 
chain (OSCAR) and loop prediction (LEAP). Following the same strategy, we developed an energy 
function based on series expansions with the parameters optimized in four separate stages (recovering 
single-residue types without and with orientation dependence, selecting loop decoys, and maintaining 
the composition of amino acids). We tested the energy function for de novo design by using Monte 
Carlo simulated annealing.
Results: The method for protein design (OSCAR-Design) is found to be as accurate as OSCAR and 
LEAP for side-chain and loop prediction, respectively. In de novo design, it can recover native residue 
types ranging from 38 to 43% depending on test sets, conserve hydrophobic/hydrophilic residues at 
~75%, and yield the overall similarity in amino acid compositions at more than 90%. These performance 
measures are all statistically significantly better than several protein design programs compared. 
Moreover, the largest hydrophobic patch areas in designed proteins are near or smaller than those in 
native proteins. Thus, an energy function based on series expansion can be made useful for protein 
design.
Availability: The Linux executable version is freely available for academic users at http://zhouyq-
lab.szbl.ac.cn/resources/
Contact: shideliang@hotmail.com, zhouyq@szbl.ac.cn.
Supplementary information: None.

1 Introduction 
De novo protein design searches for the sequences that can fold into a pre-
specified three-dimensional backbone structure either from an existing 

protein template scaffold or a new structure generated from modeling or 
simulations. A solution to this so-called inverse protein folding problem 
is of fundamental importance in understanding how a protein folds as well 
as the practical need for going beyond the limited structural and functional 
space explored by nature thus far. For example, the number of structural 
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folds adopted by native proteins is found to be less than 1500 with few 
new folds deposited in the last ten years according to CATH(Dawson, et 
al., 2017) and SCOP(Chandonia, et al., 2017) classifications. This number 
is far less than the number generated from numeration of secondary 
structure elements on lattices(Chitturi, et al., 2016; Taylor, et al., 2009), 
exhaustive exploration of compact conformations by a 60 amino-acid 
polypeptide chain(Cossio, et al., 2010), and permutation of multiple loops 
that connect secondary structure elements in existing protein 
structures(Dai and Zhou, 2011). The large gap between observed and 
computationally generated structural folds is somewhat expected as nature 
has neither the time nor the need to fully explore the near infinity number 
of possible sequences for proteins (20100 or 10130 for 100 amino-acid chains 
alone, compared to an estimated 1012 distinct proteins in extant 
organisms(Huang, et al., 2016)).  

Since the first de novo designed sequence was successfully folded 24 years 
ago into a zinc finger domain (Dahiyat and Mayo, 1997), many 
structures(Harbury, et al., 1998; Kortemme, et al., 1998; Walsh, et al., 
1999) including novel folds(Kuhlman, et al., 2003; Liang, et al., 2009), 
repeat proteins(Parmeggiani, et al., 2015; Shen, et al., 2018), and 
symmetric expansion(Longo, et al., 2014) targeted by de novo design were 
validated by experimental techniques (X-ray crystallography or nuclear 
magnetic resonance) (For recent reviewers, see e.g. (Huang, et al., 2016; 
Korendovych and DeGrado, 2020; Li, et al., 2013; Woolfson, et al., 
2015)). In particular, miniprotein inhibitors targeting the interaction 
between SARS-CoV-2 Spike protein and the human ACE2 receptor were 
successfully designed with affinities ranging from 100 pM to 10 nM(Cao, 
et al., 2020). However, the overall success rate remains low(Fleishman, et 
al., 2011; Schreier, et al., 2009). Direct evolution(Fleishman, et al., 2011; 
Kries, et al., 2013) and, more recently, high-throughput 
techniques(Rocklin, et al., 2017; Xiong, et al., 2014) have been used to 
improve the outcome. For example, massively parallel design and high-
throughput stability measurement(Rocklin, et al., 2017) found that a 
topology of alpha/alpha/alpha has the highest success rate (23% in the first 
round and 87% in the fourth round with improved ranking and design) 
whereas alpha/beta/beta/alpha is the most difficult to design (0% in the 
first round and 2% in the last round). This indicates room for further 
improvement in protein design. 

The low success rate described above is largely due to the lack of an 
accurate energy function(Li, et al., 2013). This happened despite that 
many knowledge-based, physical-based and empirical energy functions 
were developed (Boas and Harbury, 2007; Opuu, et al., 2020; Poole and 
Ranganathan, 2006; Vizcarra and Mayo, 2005) with newly established 
terms such as the solvent-exposure dependent potential(DeLuca, et al., 
2011; Xiong, et al., 2014)  and the structure-derived sequence profile (Dai, 
et al., 2010; Li, et al., 2014). A lipophilicity-based energy function for 
membrane-protein modeling and design was also developed (Weinstein, 
et al., 2019). The effect of improving scoring was illustrated by increasing 
buried hydrophobic areas and the similarity to known protein fragment 
structures in ranking and design in subsequent rounds of massive parallel 
protein design(Rocklin, et al., 2017). An accurate energy function is 
difficult to obtain, however, because it is challenging to capture a delicate 
balance among van der Waals interactions, electrostatic interactions and 
solvation effect achieved by nature during billions of years of evolution. 

In this study, instead of using physical or knowledge-based statistical 
energy functions and searching for optimized weights for their integration, 
we employed series expansion for atomic interactions and optimized the 
coefficients directly for protein design. This work is based on the previous 

work of such optimized scoring functions for protein sidechain modeling 
(OSCAR) (Liang, et al., 2011; Liang, et al., 2011) and loop prediction 
(LEAP) (Liang, et al., 2014; Liang, et al., 2012). Independent 
confirmation of their high accuracy in sidechain modeling(Peterson, et al., 
2014) and antibody loop prediction(Shirai, et al., 2014) provides the 
incentive to develop a corresponding energy function for protein design. 
We found that the new energy function not only remains accurate in side-
chain modeling and loop prediction but also improves over other methods 
for protein design according to sequence and structure-based analysis of 
designed proteins.

2 Methods

2.1 Energy functions by series expansions 
The scoring function employed here for de novo protein design is based 
on series expansion where the parameters are specifically optimized for 
protein design. The terms in the scoring function are identical to those 
used in side-chain and loop prediction (Liang, et al., 2014; Liang, et al., 
2011; Liang, et al., 2011; Liang, et al., 2012) except that all parameters (a, 
b, c, d, f, and t as shown below) were re-optimized. More specifically, the 
scoring function satisfies the following equations:Etotal 

Etotal = Eside + Ebb + Eref

where ,  represents side-chain, backbone interactions, and Eside Ebb, Eref,
reference energies for denatured states, respectively. Eside =

 where and∑E(rij)E(θij,φij,ψij) + ∑ERotamer(χ) E(rij), E(θij,φij,ψij), 
 are distance-dependent, orientation-dependent, and side-chain ERotamer(χ)

rotamer-torsion dependent terms, respectively, with atom distance , rij

Euler angles  between two interacting dipoles, and sidechain θij,φij, and ψij

torsion angles .  employed a power expansion series from 1/r2 to χ E(rij)
1/r8 ( ). All angle terms includingE(rij) = a1 r2

ij + a2 r4
ij + a3 r6

ij + a4 r8
ij

 were expanded in Fourier series with Ebb E(θij,φij,ψij) = b1cos2θij + b2

cos2φij + b3cos2ψij + b4cosθijcosφij + b5cosθijcosψij + b6cosφijcosψij

, + b7cosθij + b8cosφij + b9cosψij +C ERotamer(χ) = t1cosχ + t2sinχ +
 and t3cos2χ + t4sin2χ + t5cos3χ + t6sin3χ Ebb = d1cosϕ + d2sinϕ +

d3cos2ϕ + d4sin2ϕ + d5cos3ϕ + d6sin3ϕ + f1cosψ + f2sinψ + f3

. As in the previous studies, 16 cos2ψ + f4sin2ψ + f5cos3ψ + f6sin3ψ
atom types were employed for 20 amino acid residues. There are a total of
1889 adjustable parameters for side-chain and backbone energy terms plus 
20 reference values for each amino acid residue type. It should be noted
that the direction of the dipole for each atom is determined by the
directional vector between the atom and its covalently bonded atom (one 
base atom) or the geometric center of the defined base atoms (multiple 
connected atom neighbors). The list of base atoms for 20 amino acids 
could be found in the data files distributed together with the OSCAR-
design program. The dipolar dependences are considered for all atoms 
pairs. However, we only calculated interaction energy between the atoms 
separated by more than three bonds because the interaction between 
neighboring bonded atoms is accounted for by torsion angle terms in Ebb 
and Eside.

2.2 Training and test sets
We employed 30 non-homologous, high-quality monomeric proteins 
without heteroatoms from a previous sidechain modeling study (Liang and 
Grishin, 2002) as the primary test set (TS30).  Then, we obtained the 
training set previously compiled from a non-redundant set of proteins with 
sequence identity between any two pairs less than 30%, the resolution 
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better than 2.0 Å, the R-factor less than 1.0, missing atomic coordinates in 
less than 5% residues (Liang, et al., 2011). A total of 5036 protein chains 
for training (TR5036) were obtained after excluding sequence identity of 
higher than 50% with any of 30 test proteins in local alignment. A total of 
12000 residues from proteins with the highest resolution were selected for 
each of the 20 amino acids for parameter optimization. 

We further selected 100 monomeric proteins without any heteroatoms 
from the above 5036 protein chains for whole sequence design (W100). 
These 100 proteins are 1bea, 1bkr, 1chd, 1dvo, 1elk, 1eyh, 1g61, 1g8a, 
1gak, 1gmu, 1iib, 1ijb, 1jhs, 1jl1, 1kmt, 1koe, 1lki, 1lmi, 1lwb, 1ng6, 1oi7, 
1ois, 1ow1, 1q7f, 1rss, 1rwr, 1ryl, 1s21, 1sr8, 1t1j, 1t3y, 1t5i, 1tp6, 1wpa, 
1x6z, 1x91, 1xkr, 1xqo, 1xs5, 1ypy, 1ytl, 1yz1, 1zvt, 2a6z, 2ap3, 2d59, 
2dyi, 2ejx, 2erf, 2fd4, 2fj8, 2fl7, 2fzp, 2gkg, 2hp7, 2im9, 2in0, 2ixm, 2j9w, 
2lis, 2nrr, 2oeb, 2of3, 2pnd, 2ppn, 2qol, 2r2y, 2rh3, 2w0g, 2x1q, 2x4l, 
2x5y, 2y3v, 2yvq, 2zd7, 3a0y, 3a2z, 3aeh, 3bhw, 3d3m, 3dfg, 3enb, 3ffv, 
3fso, 3ftj, 3g98, 3ggy, 3h6q, 3hny, 3k1h, 3l9u, 3mh9, 3ml3, 3ne0, 3nje, 
3o7i, 3phs, 3rk6, 3rnv, and 3tss. All have a chain identification A except 
for 3hny (chain M). These structures are employed for reference value 
optimization.

In addition, we employed 40 test proteins from Xiong et al(Xiong, et al., 
2014) and 112 monomeric proteins from Li et al (Li, et al., 2013) to 
examine the dependence of designed proteins on the fraction of surface 
residues.

Furthermore, to further confirm the robustness or generality of the new 
energy function, we obtained an independent test set by searching the 
RCSB protein database (https://www.rcsb.org/) on May 17, 2021, with the 
query: Oligomeric State = "Monomer" AND Refinement R Factors < 0.25 
AND Refinement Resolution < 2 AND Release Date > 05/01/2011 AND 
Number of Protein Chains per Assembly = 1. This led to 23383 entries. 
We further remove those entries containing non-standard atoms, with 
more than 2% of residues having incomplete atomic coordinates, less than 
100 residues or more than 500 residues in the protein structure, or a 
sequence identity more than 25% and E-value better than 0.1 with any 
protein in the previous training and test sets following local alignment. 
The remaining proteins were clustered with the program kClust (Hauser, 
et al., 2013) at a 25% sequence identity cut-off value and yielded 336 
representative sequences constituting the new independent test set.

2.3 Parameter optimization
Parameters were optimized in four stages. In the first two stages, 
parameters were optimized for the recovery of single residue type without 
and with  , respectively. The third and fourth stages wereE(θij,φij,ψij)
optimization of loop selections and refinement of reference values ( ), Eref

respectively.

In stage one, we generated one sub-rotamer for each rigid backbone-
dependent rotamer from Dunbrack and Cohen(Dunbrack and Cohen, 
1997) by giving a perturbation to side-chain dihedral angles. Gly and Ala 
as well as 383 subrotamers for the other 18 residues types were generated 
at a modeled position and the coordinates and residue types of other 
positions were fixed to their native conformations. Then,  was Etotal

calculated without the orientation dependence of dipole interactions (E
). All parameters in  without   were initialized(θij,φij,ψij) Etotal E(θij,φij,ψij)

with random numbers and optimized by Monte Carlo simulation annealing 
through minimization of ∑𝑀

𝑘 = 1(∑𝑁
𝑖 = 1𝑒 ―𝐸(𝑖)/[𝑀(𝑁𝑒 ―𝐸(𝑛) +

 where E(i) is the energy of Gly, Ala, or side-chain ∑𝑁
𝑖 = 1𝑒 ―𝐸(𝑖))]

subrotamers of other residue types (i), N (=385) is the total number of 
conformers for 20 amino acids, E(n) is the energy of the native 
conformation n, and M is the number of calculated residues (20×12 
000=240 000) in the training set. This optimization procedure attempted 
to maximize the energy gap between the native conformation of the native 
residue type and other subrotamers. 55.2% positions in the training set 
reached their corresponding native residue types. 

In stage two,  with random initial parameters for  was re- Etotal E(θij,φij,ψij)
optimized by fixing  but not  The parameters wereE(rij) Ebbnor Eref.
optimized as above except that sub-rotamers were not generated by 
random perturbations. Instead, for each of the N−2 rigid rotamers (except 
Gly and Ala), we generated 60 sub-rotamers and selected only one with 
the lowest energy from  from the first-stage optimization, before the Etotal

second-stage optimization, to reduce the computational requirement. The 
overall recovery rate of native residue types increased to 60.5% for 
training proteins after optimization.

The above backbone parameters were entirely trained by native backbone 
structures. To incorporate the bias against non-native backbone structures, 
the backbone parameters in the above energy function were further 
optimized to minimize the root-mean-squared distance (RMSD) between 
selected loop decoys from native loop structures in a dataset of 23 003 
groups of 6-residue loop decoys containing non-native backbone dihedral 
angles(Liang, et al., 2012). 

It is necessary to further optimize the amino-acid reference values for de 
novo design of the whole protein because the whole-sequence design with 
the above-obtained parameters led to the compositions of amino acids 
significantly different from those of original proteins despite the high 
sequence identity (39.9% for the W100 set). To design native-like protein 
sequences, we re-optimized the reference values for 20 amino acids to 
achieve a similar composition in designed and original sequences as 
follows. 1) The number of residues in each amino acid residue type 
(fNAT(i)) was obtained for the W100 set. 2) The proteins in W100 were 
redesigned using MC simulations as described below and their sequences 
were used to calculate fDES(i). 3) The reference value for the residue type 
with the largest |fNAT(i)- fDES(i)| would increase or decrease by Δr 
depending on whether or not fNAT(i)- fDES(i)>0 or <0. The initial value of 
Δr was set to 1. 4) Step 2 and Step 3 were repeated each time with a new 
reference value until the maximum value of |fNAT(i)- fDES(i)| no longer 
decreased.  5) Back to Step 2 and Δr was reduced by half for fine-tuning 
the reference values. Step 5 was repeated four times in total (Δr=0.0625 at 
the final circle) resulting |fNAT(i)- fDES(i)|<40 for all residue types without 
changing the overall sequence identity to original sequences. Here, we 
employed the number of residues rather than the percentage to avoid 
biases toward rare residues during optimization.  

2.4 Whole sequence de novo design
Backbone structures were prepared with all side-chain atoms removed and 
all residues were changed to Ala for de novo design. We employed Monte 
Carlo simulations together with a flexible rotamer model to redesign the 
sequence of the whole protein given its fixed backbone.  Flexible rotamers 
were achieved by making random perturbations to the side-chain dihedral 
angles of each positioned rotamer. Initially, the residue types and side-
chain conformations are selected according to naturally observed 
frequencies of 20 amino acids in the statistical analysis given the backbone 
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conformation. The information of native residue type and side chain 
conformation at each position is not used explicitly or implicitly. Then, a 
residue type substitution was made at a randomly selected position.  The 
energy (Enew) of the new residue type with a flexible side-chain 
conformation was calculated.  If Enew was lower than the previous energy 
Eold, the move was accepted. Otherwise, the move was accepted with the 
probability exp[(Eold–Enew)/T]. Each cycle had 2,500L substitutions or 
250L successful substitutions, whichever came first. The initial 
temperature T was set to 100 and was multiplied by 0.8 after each cycle. 
Simulations were stopped after 30 cycles were completed (temperature 
reached about 0.1). Here, L is the length of the designed sequence. It took 
about half an hour to design a 200-residue protein on an Intel 2.5GHz 
processor. 

2.5 Design with a penalty to buried polar atoms
To reduce the number of buried but not hydrogen-bonded polar atoms, we 
introduced an energy penalty , where SA is the 𝐸𝑝 = 10 × 𝑒 ―50 × SA

solvent accessibility (fraction of accessible surface area in all possible 
accessible surface area of a polar atom). Three sequences were designed 
concurrently with the normal . At the end of each temperature circle Etotal

of Monte Carlo simulations,  were used to evaluate three Etotal + 𝐸𝑝

designed sequences. The designed sequence with the lowest energy (Emin) 
was accepted as the sequence for the next cycle of Monte Carlo 
simulations. The other two designed sequences with energy Ei were 
accepted with the probability exp[(Emin-Ei)/10T] or substituted by the 
lowest-energy sequence. Here, T is the temperature of Monte Carlo 
simulations. The parameters for the modified Monte Carlo simulations and 
the functional form of the penalty term were determined by trial and error.    

2.6 RosettaDesign 
For comparison, the Liang-Grishin method and RosettaDesign were 
employed to design using the same backbone structures. The Liang-
Grishin method (Liang and Grishin, 2004) employed Monte Carlo 
simulated annealing to minimize an empirical scoring function based on 
various geometry-based, knowledge-based, and physical-based terms. 
RosettaDesign 3.6(Kuhlman and Baker, 2000) was downloaded from 
https://www.rosettacommons.org.  Proteins were designed on a fixed 
backbone structure with the command “fixbb.linuxgccrelease -s input.pdb 
-ex1 -ex2 -extrachi_cutoff 1 -linmem_ig 10  -ignore_unrecognized_res”.
Sampling for χ1 and χ2 dihedral angles of side-chain rotamers was
incremented by ±1 standard deviation for all residues. We further
downloaded the latest RosettaDesign3.12 for comparison using the 
additional independent test set.

2.7 Evaluation 
Several measures were utilized for method evaluation and comparison. A 
commonly used measure is the sequence identity between designed and 
wild-type sequences. We also examined the conservation of hydrophobic 
(Ile, Leu, Met, Phe, Cys, Trp, Pro, Val, Ala, and Gly) or hydrophilic (Ser, 
Thr, Asn, Gln, Asp, Glu, His, Arg, Lys, and Tyr) residue positions 
between a designed sequence and its corresponding original wild-type 
sequence. We further calculated the similarity in amino-acid compositions 
by  where  and  are the number of (1 ― ∑20

𝑖 = 1|𝑎𝑖 ― 𝑏𝑖|/∑20
𝑖 = 1𝑎𝑖) × 100, 𝑎𝑖 𝑏𝑖

residues in residue type i in designed and wild-type sequences, 
respectively. In addition, ProteinVolume with default parameters was used 
to calculate protein packing density (Chen and Makhatadze, 2015). 
Atomic clashes were counted if the distance between any two non-bonded 

heavy atoms is less than the sum of their Van der Waals radii subtracted 
by 0.6 Å. The radii were set to 1.8 Å, 1.65 Å, 1.4 Å, and 1.85Å for carbon, 
nitrogen, oxygen, and sulfur atoms, respectively. We included polar 
hydrogen atoms in the solvent accessibility calculation. The radii of polar 
hydrogen atoms and the solvent probe were set to 1.0 Å and 1.4 Å, 
respectively. Polar hydrogen atoms and atoms that could be the acceptor 
of a hydrogen bond were considered polar atoms. Other atoms were 
considered hydrophobic atoms. The ratio of the hydrophobic portion of 
the solvent-accessible surface was calculated as the solvent-accessible 
surface area of hydrophobic atoms divided by the total solvent accessible 
surface area of a protein structure. The number of buried polar atoms with 
a zero solvent accessible surface area and not forming any hydrogen bonds 
was calculated and divided by the number of completely buried polar 
atoms(Liang and Grishin, 2004). 

3 Results

3.1 Single residue recovery and loop prediction
To examine if the parameters in series expansions optimized from training 
proteins are applicable to other proteins (i.e. without overtraining), we first 
examined the recovery rate of single-residue types for the independent test 
set TS30. We found that the recovery rate is 64.0%, higher than 60.5% for 
the training set. This difference is largely due to different factions of core 
residues (defined as those residues with <20% solvent accessibility) in 
different datasets. For core residues, the difference in recovery rates is 
smaller (79.6% for TR5036 and 77.3% for TS30). Slightly better results 
for the training set could be due to the priority usage of extremely high-
resolution proteins (see Methods). We also examined the accuracy of loop 
prediction. For independent 1456 six-residue test loops, the average 
RMSD value of predicted loops is 0.68 Å, essentially the same as that 
(0.67 Å) for the training loops (Liang, et al., 2012).

3.2 Sidechain modeling 
A good design program should also be a good program for side-chain 
modeling because given a fixed backbone structure, near-native-like side-
chains are required for successful design. Previously, OSCAR-o was 
developed specifically for side-chain prediction. We found that the 
accuracy of OSCAR-o is 88.8% for χ1 and 79.7% for χ1 and χ2 (χ1+2) for 
218 independent test proteins (Table 1). By comparison, the energy 
function optimized for protein design in this work achieved essentially the 
same accuracy (88.9% and 79.7% for χ1 and χ1+2, respectively). It should 
be mentioned that these 218 test proteins are non-homologous to any of 
the training proteins used in this study. On the other hand, RosettaDesign 
3.6 for side-chain modeling yields a 2-3% lower accuracy at 86.6% for χ1 
and 76.4% for χ1+2, respectively. SCWRL4, a commonly used side-chain 
prediction package, is about 3-5% lower in accuracy at 85.1% for χ1 and 
74.0% for χ1+2, respectively(Krivov, et al., 2009). Improved accuracy in 
side-chain modeling is also observed for core residues (Table 1). Here, 
symmetric side-chains of amino acids, such as Asp, Val, Leu, Tyr, and 
Phe were taken into account for method comparisons. χ1 angle of a residue 
is considered correctly predicted if it is within 40° of the experimental 
value. χ1 and χ2 angles are considered as correctly predicted when both χ1 
and χ2 are within 40° of their experimental values, respectively.

Table 1. Accuracy of side-chain modeling for 218 independent test 
proteins by various methods.
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Protein design by an optimized energy function

Methods χ1(Alla) χ1+2(Alla) χ1(Corea) χ1+2(Corea)

SCWRL4 85.1% 74.0% 93.0% 86.9%
RosettaDesign 3.6 86.6% 76.4% 94.0% 89.2%
OSCAR-o 88.8% 79.7% 95.9% 91.9%
This work 88.9% 79.7% 96.3% 92.6%
aFor all or core residues only. 

3.3 Whole sequence design: sequence analysis

Table 2. Performance of whole sequence design by various methods 
according to sequence-based analysis.

Method Sequence 
Identitya

Hydrophobicity 
Conservationa

Composition 
Similaritya

100 proteins in the training set (Median size: 158 residues)
Liang-Grishin 32.3% 71.7%

85.9%
RosettaDesign3.6 37.4% 72.7%

88.4%
This work 39.8% 75.0%

97.8%
30 proteins in the independent test set (Median size: 195 residues)

Liang-Grishin 35.8% 73.0%
87.1%

RosettaDesign3.6 39.8% 73.4%
88.9%

This work 43.3% 76.6% 92.7%
40 test proteinsb (Median size: 121 residues)

Liang-Grishin 32.1% 71.3%
84.8%

RosettaDesign3.6 35.5% 71.9%
83.7%

This work 38.0% 75.3%
92.9%

aThree sequences were designed for each protein in the data set. Mean values are 
reported. bFrom Xiong et al(Xiong, et al., 2014).

Table 2 compares the performance of the whole sequence design by 
various methods. We examined three datasets: W100, TS30, and 40 test 
proteins from Xiong et al.(Xiong, et al., 2014). To avoid potential bias, 
backbone native structures were used directly without any energy-based 
structural relaxation. In all three datasets, this work yields the highest 
sequence identity (2-3% higher than the next best), the highest 
conservation of hydrophobic/hydrophilic positions (2-3% higher) and the 
highest composition similarity (4-9% higher) when compared to Liang-
Grishin(Liang and Grishin, 2004) and RosettaDesign3.6. To our 
knowledge, 38-43% sequence identity is the highest reported sequence 
identity in de novo protein design without energy-based pre-structural 
relaxation(Li, et al., 2013). It should be mentioned that variations of 
performance at different datasets are largely due to difference in protein 
sizes and in the number of residues buried as buried residues are more 
accurately predicted. For example, the median size of TS30 is 195 
residues, compared to 158 in W100.

The conservation of hydrophobic and hydrophilic positions is also reached 
an unprecedented high of 75-77% with more than 90% in overall 
composition similarity. We found that our designed sequences sometimes, 
instead of conserving hydrophobicity at certain positions, employ 
geometrically similar residues such as changing from Phe to Tyr and from 
Thr to Val. This is illustrated in one example in Fig. 1, which compared 
native and designed sequences for human ubiquitin. 

cscscscsss sscscscsss sscssccssc ssssscssss ssccsssssc ssssscsscs cssscscscs ssssss    Position
MQIFVKTLTG KTITLEVEPS DTIENVKAKI QDKEGIPPDQ QRLIFAGKQL EDGRTLSDYN IQKESTLHLV LRLRGG    Native
NPNNNPPNPN PPNPNPNPNP PPNPPNPNPN PPPPNNNNPP PPNNNNNPPN PPNPPNPPPP NPPPPPNPNN NPNPNN    Hydrophobicity
MRIFITTQDG TQMQLMVSKS DTIKKLKEQI EQVKGIPPEH QELVYRGMTL EDDKKLADYG IEENSVLELK INLKGG    Designed
NPNNNPPPPN PPNPNNNPPP PPNPPNPPPN PPNPNNNNPP PPNNPPNNPN PPPPPNNPPN NPPPPNNPNP NPNPNN    Hydrophobicity

Figure 1.  Comparison of native and designed sequences for human 
ubiquitin. Three predictions were made. The sequence with the highest 
sequence identity (43.4%) is shown. Surface (s) and core (c) residues are 
defined using the native structure. 

Methods #Clashes per 
protein

Packing 
Density

Hydrophobic 
Accessibility

Hydrophilic 
inaccessibility

Liang-Grishin 17.2 0.725 59.9% 7.7%
RosettaDesign3.6 1.0 0.720 61.5% 9.1%
This work 1.0 0.728 61.3% 9.7%
+penaltya 1.1 0.729 61.1% 7.2%
Native structure 1.7 0.732 61.6% 7.6%
aAdded a penalty to buried, non-hydrogen bonded polar atoms. 

3.4 Whole sequence design: structure-based analysis
Table 3 compares the performance of various methods for the TS30 set 
according to the number of atomic clashes, packing density, accessibility 
to hydrophobic residues and inaccessibility to hydrophilic residues. 
Compared to native structures, both RosettaDesign 3.6 and this work have 
a lower number of atomic clashes (1.0 per protein, compared to 1.7 per 
protein in native structures). Low atomic clashes in RosettaDesign 3.6 and 
this work are due to the allowance of the deviation from rotamer states by 
± 1 standard deviation for χ1 and χ2 in RosettaDesign 3.6 and the adoption 
of a completely flexible side-chain rotamer model in this work.

Figure 2 Packing densities of native structures (Open circles) compared to those 
given by RosettaDesign 3.6 (Open triangles) and this work (Filled circles). 

Table 3.  Performance of whole sequence design by various methods according 
to structure-based analysis for the TS30 set.
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However, the packing densities of proteins designed by all methods are 
close to each other (0.720-0.728) and statistically lower than that of native 
structures (0.732) according to pairwise Student’s t-test (p-value <0.05).  
For individual proteins, there are only 2 proteins designed by 
RosettaDesign with higher packing densities than native proteins, 
compared to 7 designed proteins by our method (Figure 2). That is, our 
method achieved the highest density among all methods compared. The 
difference between our method and either Liang-Grishin or 
RosettaDesign3.6 is statistically significant. 

To confirm the consistency between backbone structures and their 
designed sequences, we employed SPIDER3 (Heffernan, et al., 2017) to 
predict the secondary structures of the native sequences, the sequences 
designed by OSCAR-Design and the sequences designed by 
RosettaDesign 3.12. We selected 55 single-domain proteins (100-130 
residues) in the new independent set of 336 proteins. The 55 proteins 
were divided into three groups, mainly alpha (10), mainly beta (25), and 
mixed alpha and beta (20) according to CATH classifications or visual 
inspection if the CATH annotation is not available. The prediction 
accuracies are 92.7%, 88.6%, and 89.9%, respectively, for 10 alpha 
proteins, 76.9%, 77.7%, and 78.1%, respectively, for 25 beta proteins, 
and 81.0%, 80.5%, and 80.5%, respectively, for 20 mixed alpha and beta 
proteins. Thus, OSCAR-Design and RosettaDesign can recover the 
secondary structure at the same level of accuracy.

It is necessary to examine the amount of hydrophobic surface exposed 
because too much exposed hydrophobic surface would lead to protein 
aggregation. Table 3 compares the fractions of solvent-accessible 
hydrophobic surface in the total available accessible area given by 
different methods to that of native structures. RosettaDesign and this study 
gave essentially the same exposed hydrophobic area (~61.5%) as the 
native structures and the differences among them are not statistically 
significant (p-value>0.05).  

Another important measure is to examine the existence of unfavorable 
buried but non-hydrogen-bonded polar atoms. As shown in Table 3, the 
native structures have the smallest fraction of buried but non-hydrogen-
bonded polar atoms (7.6%), compared to 9.1% by RosettaDesign 3.6 and 
9.7% by this study. The Liang-Grishin method yields the closest fraction 
of buried but non-hydrogen-bonded polar atoms (7.7%) largely because 
its empirical energy function contains a multi-body term to penalize buried 
and non-hydrogen-bonded polar atoms explicitly. Such a term is 

computationally expensive. Both RosettaDesign and our optimized energy 
functions are based on pairwise interactions only. 

We introduced a penalty for buried non-hydrogen-bonded polar atoms at 
each temperature circle (see Methods). The percentage of buried but non-
hydrogen-bonded polar atoms decreased to 7.2%, similar to native 
structures (Table 3). This increased the calculation time by about three 
times without changing the overall sequence identity, the conservation of 
hydrophobic/hydrophilic positions, and the similarity of the amino acid 
composition to the wild-type sequence. The average sequence identity 
between the designed sequences and wild-type sequences changed from 

43.3% to 43.6%, the conservation of hydrophobic/hydrophilic positions 
from 76.6% to 76.8%, and the similarity of the amino acid composition 
from 92.7% to 92.2% for the TS30 set.

3.5 Whole sequence design: dependence on surface size
Because different proteins have different fractions of core residues (or 
surface residues) and core residues are recovered more accurately, it is 
necessary to examine whether improved performance is consistent across 
proteins with different portions of buried residues. We employed 112 
proteins from Li et al (Li, et al., 2013) that are binned according to the 
fraction of surface residues.

Figure 3 shows sequence recovery of native residues in term of sequence 
identity given by RosettaDesign3.6 and this work with a penalty to buried 
and non-hydrogen-bonded polar atoms. Both methods have higher 
sequence identities for proteins with fewer fractions of surface residues as 
expected whereas sequences designed by this work have consistently 
higher sequence identities than those by RosettaDesign3.6 by a few 
percentages, in agreement with the results reported in Table 2.

Figure 4 compares the largest hydrophobic patch areas given by native 
proteins to those by designed proteins. The hydrophobic surface patch area 
was generated by the program QUILT (Lijnzaad, et al., 1996). 
RosettaDesign3.6 usually has higher values for the largest hydrophobic 
patch areas than native proteins whereas the current method has slightly 
larger values only for proteins with a low fraction of surface residues. For 
proteins with a high fraction of surface residues, designed proteins from 
the current method have even smaller values for the largest hydrophobic 
patch areas than native structures. Because the largest hydrophobic area is 
likely more relevant to protein aggregation than the fraction of exposed 

Figure 3. Sequence identity to native sequences for proteins designed by 
RosettaDesign3.6 and this work as a function of the fraction of surface 
residues for 112 proteins from Li et al.

Figure 4. The largest hydrophobic patch area for proteins designed by 
RosettaDesign3.6 and this work as compared to those native structures as a 
function of the fraction of surface residues for 112 proteins from Li et al.
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hydrophobic surfaces, this suggests that the proteins designed by the 
proposed method are less likely to aggregate than the proteins designed by 
RosettaDesign3.6.

3.6 Additional Independent Test Set

To further examine the robustness of our method, we obtained an 
additional independent test set on May 17, 2021, from the structures 
deposited after May 11, 2011, that have sequence identity <25% to those 
training and test sets and among themselves (See the method). Table 4 
compares with the latest Rosetta3.12 on sidechain modeling, sequence 
recovery, hydrophobicity conservation, and composition similarity. 
Rosetta3.12 improves over RosettaDesign 3.6 in sidechain modeling, 
sequence identity and hydrophobicity recovery but worse in composition 
similarity. Especially, some amino acids rich in the native proteins, such 
as Leu and Ala, were predicted 20% and 15% more, respectively, in the 
sequences designed by Rosetta3.12, which was not observed in sequences 
designed by Rosetta3.6 or OSCAR-Design. Here, the composition 
similarity scores were derived from the numbers of 20 amino acids in all 
analysed proteins, similar to the training procedure to optimize the 
reference values. We also calculated the composition similarity scores for 
a single protein and averaged for all proteins in the test set.  As a result, 
the calculated values were 64.2%, 63.7%, and 66.8% for sequences 
designed by Rosetta3.6, Rosetta3.12, and OSCAR-Design, respectively. 
We used T30 to determine the parameters for the penalty value for buried 
and non-hydrogen-bonded polar atoms.  For the new test set, the 
percentages of buried and non-hydrogen-bonded polar atoms are 8.4%, 
7.9%, 6.6%, and 6.5%, respectively, for proteins designed by Rosetta3.6, 
Rosetta3.12, OSCAR-design, and observed structures. Thus, OSCAR-
Design remains the best for all measures including 1% improvement in 
sequence identity, 2% improvement in hydrophobicity recovery and 3% 
in composition similarity. These improvements have resulted from 
improvement in sidechain modelling as shown.

Table 4 Performance comparison between this work, Rosetta3.6 and the 
latest Rosetta3.12 on sidechain modeling, sequence recovery, 
hydrophobicity conservation, and composition similarity. 

 Side-chain modeling (all) Protein design

RMSD(Å) χ1 χ1+2 IDa HPb COMPc

Rosetta3.6 1.36 86.4% 76.1% 37.9% 72.7% 90.1%

Rosetta3.12 1.32 87.0% 77.0% 39.9% 73.5% 82.9%

This work 1.23 88.4% 79.4% 40.9% 75.4% 93.2%

aSequence identity to the native. bhydrophobicity conservation. ccomposition similarity.

4 Discussion
In this study, we have re-optimized the energy function based on series 
expansions with multi-objective functions at different stages of 
optimization. These objective functions include the maximization of the 
energy gap between native and other rotamers, the minimization of RMSD 
between selected loop decoys from native loop structures, the 
maximization of similarity of amino-acid compositions to native 
sequences and finally the penalty for buried non-hydrogen-bonded polar 
atoms. The resulting method not only has a similar state-of-the-art 
accuracy in side-chain modeling and loop prediction to previous methods 
dedicated to side-chain modeling (Liang, et al., 2011; Liang, et al., 2011) 
and loop prediction (Liang, et al., 2014; Liang, et al., 2012), respectively, 

but also yields the comparable or better performance in whole sequence 
design according to multiple different measures in sequence and structure-
based analysis.

Re-optimization of the coefficients in series expansions is necessary 
because previous energy function based on series expansion was 
optimized for side-chain conformations of native residue types 
only(Liang, et al., 2011; Liang, et al., 2011). Adding backbone terms from 
loop prediction(Liang, et al., 2014; Liang, et al., 2012) and reference 
energy terms of amino acids to the above side-chain based terms can only 
achieve 57% recovery of native residue types of single residues for TS30, 
compared to 64% in this work. This perhaps is due to insufficient 
accounting of long-range electrostatic interactions and desolvation energy 
without sidechain replacement as replacing side-chain conformations in 
the same residue type only involves short-range changes in distances 
during parameter optimization. It should be mentioned that it is difficult 
to directly compare the individual parameters before and after 
optimization because these parameters are working together in a 
compensatory manner. For example, the interaction energy scores 
between CH3 and CH3 at 4Å by OSCAR-design and OSCAR-o are very 
similar, -0.425 and -0.414, respectively, although the corresponding four 
parameters for the distance-dependent energy functions are 0.899145, -
223.323, -957.96, and 40958.4 in OSCAR-design, quite different from -
5.13902, -260.7, 1192.61, and 41567.8 in OSCAR-o. This is why no direct 
comparison is made for individual parameters before and after 
optimization. 

How does this optimized energy function compare against other energy 
functions for protein design? To address this question, we have calculated 
a unitless gap score: the normalized difference between the energy of the 
native sequence and that of the designed sequence, (Edesign-Enative)/|E_native|. 
This measures the relative gap between the native energy and the energy 
of designed sequences. For the 336 independent test proteins, we applied 
OSCAR-Design energy to the sequences designed by OSCAR-Design and 
the sequences designed by RosettaDesign 3.12 after sidechains were 
optimized by OSCAR-Design. We obtained the corresponding gap scores 
of -0.051 ± 0.011 and -0.005 ± 0.011, respectively. Similarly, we can use 
RosettaDesign to score the sequences designed by OSCAR-Design and 
the sequences designed by RosettaDesign 3.12 after the protein structures 
were relaxed by RosettaDesign. The corresponding gap scores are -0.074
± 0.055 and -0.132 ± 0.047, respectively. Thus, both RosettaDesign and 
OSCAR-Design found the sequences designed by OSCAR-Design have 
energy values statistically lower than their corresponding native 
sequences. However, OSCAR-Design cannot say the same thing for the 
sequences designed by RosettaDesign with a gap of nearly zero (-0.005 ± 
0.011). This result confirms the robustness of the sequences designed by 
OSCAR-Design.

One interesting question is how the method performs for different protein 
structural folds. For the 55 single-domain proteins with CATH 
classifications or visual inspection, we found that the sequence identities 
between predicted and native sequences are 33.3%, 42.0%, and 39.8% for 
all-alpha, all-beta and mixed alpha and beta proteins, respectively. By 
comparison, the corresponding sequence identities between sequences 
designed by RosettaDesign 3.12 and native sequences are 35.7%, 39.6%, 
and 40.1%, respectively. Thus, our algorithm achieves a better sequence 
recovery than RosettaDesign for proteins enriched with nonlocal 
interactions (i.e. beta strand conformations). This suggests that there is 
room for further improvement in capturing local interactions by the 
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current optimized energy function. It also suggests that OSCAR-Design 
may have a higher success rate in designing beta proteins, which is the 
most difficult to design. 

We compared this work with RosettaDesign 3.6 using the talaris2014 
energy function for its outstanding performance in de novo protein design 
experiments(Bhardwaj, et al., 2016; Chevalier, et al., 2017; Rocklin, et al., 
2017). The RosettaDesign energy function changed from time to time. It 
was reported that an updated Rosetta score function called opt-nov15 
achieved a success rate higher (1.7%) than that of talaris2014(Park, et al., 
2016). More recently, Xiong et al. developed a new version of the protein 
design program ABACUS2 and the success rate was improved from 
32.7% of ABACUS1 to 37.7% for the 40 test proteins(Xiong, et al., 2020). 
Interestingly, the success rate of this work was also improved from 38.0% 
to 39.0% by adding the penalty term to buried and non-hydrogen-bonded 
polar atoms. In another study, Huang et al. developed an extended energy 
function, EvoEF2, for protein sequence design and recovered 32.5% 
residues for 148 test monomers(Huang, et al., 2020).  The recovery rate of 
our final method is 40.2% for the same test proteins. RosettaDesign 3.12, 
on the other hand, significantly improved over RosettaDesign 3.6 in 
sequence identity. Our method remains about 1% higher.  

The method developed here has only been measured by comparing against 
native proteins in sequence and structural properties such as sequence 
composition, sequence recovery, exposed hydrophobic surface, and buried 
non-hydrogen-bonded atoms. It should be advised whether or not 
improving these measurements would lead to an improved program for 
protein design can only be determined by experimental validations. Work 
in experimental validations for designed proteins is currently in progress.

Acknowledgements
 We gratefully acknowledge that the High Performance Computing Cluster at 
Shenzhen Bay Laboratory was partially involved in completing this research.

Funding
The support of Shenzhen Science and Technology Program (Grant No. 
KQTD20170330155106581) and the Major Program of Shenzhen Bay Laboratory 
S201101001 is also acknowledged.

Conflict of Interest: Bio-thera Solutions owns the software and underlining 
algorithm described in this manuscript.

References

Bhardwaj, G., et al. Accurate de novo design of hyperstable constrained peptides. 
Nature 2016;538(7625):329-335.
Boas, F.E. and Harbury, P.B. Potential energy functions for protein design. Curr 
Opin Struc Biol 2007;17(2):199-204.
Cao, L., et al. De novo design of picomolar SARS-CoV-2 miniprotein inhibitors. 
Science 2020;370(6515):426-431.
Chandonia, J.M., Fox, N.K. and Brenner, S.E. SCOPe: Manual Curation and Artifact 
Removal in the Structural Classification of Proteins - extended Database. J Mol Biol 
2017;429(3):348-355.
Chen, C.R. and Makhatadze, G.I. ProteinVolume: calculating molecular van der 
Waals and void volumes in proteins. BMC Bioinformatics 2015;16:101.
Chevalier, A., et al. Massively parallel de novo protein design for targeted 
therapeutics. Nature 2017;550(7674):74-79.
Chitturi, B., et al. Compact Structure Patterns in Proteins. J Mol Biol 
2016;428(21):4392-4412.

Cossio, P., et al. Exploring the Universe of Protein Structures beyond the Protein 
Data Bank. Plos Computational Biology 2010;6(11):E1000957.
Dahiyat, B.I. and Mayo, S.L. De novo protein design: fully automated sequence 
selection. Science 1997;278(5335):82-87.
Dai, L., et al. Improving computational protein design by using structure-derived 
sequence profile. Proteins 2010;78(10):2338 - 2348.
Dai, L. and Zhou, Y. Characterizing the Existing and Potential Structural Space of 
Proteins by Large-Scale Multiple Loop Permutations. J Mol Biol 2011;408:585-595.
Dawson, N.L., et al. CATH: an expanded resource to predict protein function 
through structure and sequence. Nucleic Acids Research 2017;45(D1):D289-D295.
DeLuca, S., Dorr, B. and Meiler, J. Design of Native-like Proteins through an 
Exposure-Dependent Environment Potential. Biochemistry-Us 2011;50(40):8521-
8528.
Dunbrack, R.L., Jr. and Cohen, F.E. Bayesian statistical analysis of protein side-
chain rotamer preferences. Protein Sci 1997;6(8):1661-1681.
Fleishman, S.J., et al. Computational Design of Proteins Targeting the Conserved 
Stem Region of Influenza Hemagglutinin. Science 2011;332(6031):816-821.
Harbury, P.B., et al. High-resolution protein design with backbone freedom. Science 
1998;282(5393):1462-1467.
Hauser, M., Mayer, C.E. and Soding, J. kClust: fast and sensitive clustering of large 
protein sequence databases. BMC Bioinformatics 2013;14:248.
Heffernan, R., et al. Capturing non-local interactions by long short term memory 
bidirectional recurrent neural networks for improving prediction of protein 
secondary structure, backbone angles, contact numbers, and solvent accessibility. 
Bioinformatics 2017;33:2842-2849.
Huang, P.S., Boyken, S.E. and Baker, D. The coming of age of de novo protein 
design. Nature 2016;537(7620):320-327.
Huang, X., Pearce, R. and Zhang, Y. EvoEF2: accurate and fast energy function for 
computational protein design. Bioinformatics 2020;36(4):1135-1142.
Korendovych, I.V. and DeGrado, W.F. De novo protein design, a retrospective. Q 
Rev Biophys 2020;53:e3.
Kortemme, T., Ramirez-Alvarado, M. and Serrano, L. Design of a 20-amino acid, 
three-stranded beta-sheet protein. Science 1998;281(5374):253-256.
Kries, H., Blomberg, R. and Hilvert, D. De novo enzymes by computational design. 
Curr Opin Chem Biol 2013;17(2):221-228.
Krivov, G.G., Shapovalov, M.V. and Dunbrack, R.L. Improved prediction of protein 
side-chain conformations with SCWRL4. Proteins 2009;77(4):778-795.
Kuhlman, B. and Baker, D. Native protein sequences are close to optimal for their 
structures. P Natl Acad Sci USA 2000;97(24):13383-13388.
Kuhlman, B., et al. Design of a novel globular protein fold with atomic-level 
accuracy. Science 2003;302(5649):1364-1368.
Li, Z.X., et al. Direct prediction of profiles of sequences compatible with a protein 
structure by neural networks with fragment-based local and energy-based nonlocal 
profiles. Proteins 2014;82(10):2565-2573.
Li, Z.X., et al. Energy Functions in De Novo Protein Design: Current Challenges and 
Future Prospects. Annu Rev Biophys 2013;42:315-335.
Liang, H., et al. De novo design of a beta alpha beta motif. Angewandte Chemie 
2009;48(18):3301-3303.
Liang, S. and Grishin, N.V. Effective scoring function for protein sequence design. 
Proteins 2004;54(2):271-281.
Liang, S., Zhang, C. and Zhou, Y. LEAP: highly accurate prediction of protein loop 
conformations by integrating coarse-grained sampling and optimized energy scores 
with all-atom refinement of backbone and side chains. J Comput Chem 
2014;35(4):335-341.
Liang, S., et al. Fast and accurate prediction of protein side-chain conformations. 
Bioinformatics 2011;27(20):2913-2914.
Liang, S., et al. Protein side chain modeling with orientation-dependent atomic force 
fields derived by series expansions. J Comput Chem 2011;32(8):1680-1686.
Liang, S.D. and Grishin, N.V. Side-chain modeling with an optimized scoring 
function. Protein Sci 2002;11(2):322-331.
Liang, S.D., et al. Protein Loop Modeling with Optimized Backbone Potential 
Functions. J Chem Theory Comput 2012;8(5):1820-1827.
Lijnzaad, P., Berendsen, H.J. and Argos, P. A method for detecting hydrophobic 
patches on protein surfaces. Proteins 1996;26(2):192-203.
Longo, L.M., et al. Evolution and design of protein structure by folding nucleus 
symmetric expansion. Structure 2014;22(10):1377-1384.
Opuu, V., et al. A physics-based energy function allows the computational redesign 
of a PDZ domain. Sci Rep 2020;10(1):11150.
Park, H., et al. Simultaneous Optimization of Biomolecular Energy Functions on 
Features from Small Molecules and Macromolecules. J Chem Theory Comput 
2016;12(12):6201-6212.
Parmeggiani, F., et al. A general computational approach for repeat protein design. 
J Mol Biol 2015;427(2):563-575.
Peterson, L.X., Kang, X.J. and Kihara, D. Assessment of protein side-chain 
conformation prediction methods in different residue environments. Proteins 
2014;82(9):1971-1984.
Poole, A.M. and Ranganathan, R. Knowledge-based potentials in protein design. 
Curr Opin Struc Biol 2006;16(4):508-513.
Rocklin, G.J., et al. Global analysis of protein folding using massively parallel design, 
synthesis, and testing. Science 2017;357(6347):168-174.
Schreier, B., et al. Computational design of ligand binding is not a solved problem. 
P Natl Acad Sci USA 2009;106(44):18491-18496.

Page 8 of 9Bioinformatics

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



Protein design by an optimized energy function

Shen, H., et al. De novo design of self-assembling helical protein filaments. Science 
2018;362(6415):705-709.
Shirai, H., et al. High-resolution modeling of antibody structures by a combination 
of bioinformatics, expert knowledge, and molecular simulations. Proteins 
2014;82(8):1624-1635.
Taylor, W.R., et al. Probing the "Dark Matter" of Protein Fold Space. Structure 
2009;17(9):1244-1252.
Vizcarra, C.L. and Mayo, S.L. Electrostatics in computational protein design. Curr 
Opin Chem Biol 2005;9(6):622-626.
Walsh, S.T., et al. Solution structure and dynamics of a de novo designed three-helix 
bundle protein. P Natl Acad Sci USA 1999;96(10):5486-5491.
Weinstein, J.Y., Elazar, A. and Fleishman, S.J. A lipophilicity-based energy function 
for membrane-protein modelling and design. PLoS Comput Biol 
2019;15(8):e1007318.
Woolfson, D.N., et al. De novo protein design: how do we expand into the universe 
of possible protein structures? Curr Opin Struc Biol 2015;33:16-26.
Xiong, P., et al. Increasing the efficiency and accuracy of the ABACUS protein 
sequence design method. Bioinformatics 2020;36(1):136-144.
Xiong, P., et al. Protein design with a comprehensive statistical energy function and 
boosted by experimental selection for foldability. Nature communications 2014;5.

Page 9 of 9 Bioinformatics

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60




