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Significance

Despite the vast sequence space, 
only a tiny fraction of possible 
folds and functions achievable by 
proteins have been realized in 
nature, probably due to the 
selective pressures by 
environmental constraints during 
evolution. There is considerable 
interest in de novo protein 
design to engineer artificial 
proteins with novel structures 
and functions beyond those 
created by nature. However, the 
success rate of computational de 
novo design remains low and 
frequently requires extensive 
user intervention and large-scale 
experimental optimization. To 
address this issue, we developed 
an automated open-source 
program, FoldDesign, which 
shows improved performance in 
creating high-fidelity stable folds 
compared to other state-of-the-
art methods. The success of 
FoldDesign should enable the 
creation of desired protein 
structures with promising clinical 
and industrial potential.
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De novo protein design generally consists of two steps, including structure and sequence 
design. Many protein design studies have focused on sequence design with scaffolds 
adapted from native structures in the PDB, which renders novel areas of protein struc-
ture and function space unexplored. We developed FoldDesign to create novel protein 
folds from specific secondary structure (SS) assignments through sequence-independent 
replica-exchange Monte Carlo (REMC) simulations. The method was tested on 354 
non-redundant topologies, where FoldDesign consistently created stable structural folds, 
while recapitulating on average 87.7% of the SS elements. Meanwhile, the FoldDesign 
scaffolds had well-formed structures with buried residues and solvent-exposed areas 
closely matching their native counterparts. Despite the high fidelity to the input SS 
restraints and local structural characteristics of native proteins, a large portion of the 
designed scaffolds possessed global folds completely different from natural proteins in the 
PDB, highlighting the ability of FoldDesign to explore novel areas of protein fold space. 
Detailed data analyses revealed that the major contributions to the successful structure 
design lay in the optimal energy force field, which contains a balanced set of SS packing 
terms, and REMC simulations, which were coupled with multiple auxiliary movements 
to efficiently search the conformational space. Additionally, the ability to recognize 
and assemble uncommon super-SS geometries, rather than the unique arrangement of 
common SS motifs, was the key to generating novel folds. These results demonstrate a 
strong potential to explore both structural and functional spaces through computational 
design simulations that natural proteins have not reached through evolution.

de novo protein design | structural design | novel fold of protein | structural motif |  
replica-exchange Monte Carlo simulation

Proteins are important biological molecules that perform the majority of cellular functions 
in living organisms. Their unique and varied functions are made possible by the diverse 
structural folds adopted by different protein molecules. However, despite the enormous 
conformational space available, only a tiny portion appears in nature following billions 
of years of evolution, probably due to the selective pressures exerted by environmental 
constraints upon organisms (1). For example, there have been just under 1,500 protein 
folds classified in the SCOPe database (2), and studies have indicated that the current 
PDB is nearly complete, representing the vast majority of natural folds (3, 4). Given the 
vital importance of proteins to living organisms, there has been growing interest in design-
ing artificial proteins with enhanced functionality beyond their native counterparts. 
However, many of the attempts have focused on generating new protein sequences starting 
from the structures of experimentally solved proteins (5–8). While this may be effective 
in certain cases, protein design starting from solved structures is severely limited as nature 
has essentially sampled from an insignificant portion of the possible structure and function 
space, thereby greatly limiting the number of design applications.

Given these limitations, de novo protein design, which aims to create not only artificial 
protein sequences, but also novel structures tailored to specific design applications, e.g., 
with specific fold types or binding pockets, has gained considerable traction in recent 
years. For instance, approaches such as Rosetta have been applied to design proteins with 
promising therapeutic potential (9–11), novel ligand-binding activity (12, 13), and com-
plex logical interactions (14). The core protocol that has enabled Rosetta to design new 
protein folds is fragment assembly, which involves the identification of small structural 
fragments from experimentally solved structures that match a desired fold definition and 
the assembly of the identified fragments to produce full-length structural folds (15–17). 
Notably, fragment assembly was adapted from the related field of protein structure pre-
diction, where it has been among the most successful classical approaches to template-free 
structure modeling (17–20). Despite the successes, de novo protein design remains some-
what of an art form, where large-scale experimental optimization is often required to 
generate successful designs (9, 11). In particular, extensive user intervention during scaffold D
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creation and selection is frequently necessary (12, 21). Nevertheless, 
automated fold design tailored to specific applications is highly 
non-trivial because traditional homologous structure assembly 
programs often create folds that are similar to the template struc-
tures even when distracted with strong external spatial restraints 
(22, 23). Although ab initio fragment assembly approaches, such 
as QUARK (19) and Rosetta (17), can create template-free mod-
els, they need to start from specific natural sequences and often 
create conformations that either converge to specific folding clus-
ters or are not protein-like (24).

Most recently, Anishchenko et al. performed an interesting 
study that combined deep neural-network training with structural 
refinement simulations to “hallucinate” proteins; it could create 
novel protein sequences but the structural folds were generally 
close to PDB structures (with an average TM-score = 0.78) (25). 
Meanwhile, the resulting protein folds were largely randomized 
depending on the stochastic process of the design iterations, where 
the method was further extended to allow for the incorporation 
of specific functional sites or structural motifs (Smotifs) (26). In 
another recent approach, Huang et al. combined a neural net-
work-derived, sidechain-independent potential (SCUBA) with 
stochastic dynamics simulations and demonstrated an impressive 
ability to generate successfully folded designs (27). Notably, the 
method should be used in tandem with 3D backbone sketches 
adapted from a ‘periodic table’ of protein structures (28) through 
manual manipulation and thus the conformational space of the 
final structures is limited to the topological area defined by the 
initial backbone sketches. Similarly, extensions of the Rosetta 
fragment assembly protocol such as TopoBuilder require pre-defi-
nition of a target fold in the form of sketches that specify the 3D 
arrangement of the desired secondary structure (SS) elements, 
where the sketches are first parametrically optimized based on 
matching the desired fold with analogous structures in the PDB 
and then assembled from fragments that match the fold definition 
using Rosetta (29). Other methods like SEWING (30) have been 
successful at producing stable designs by reassembling relatively 
large helical substructures identified from the PDB; however, the 
approach is limited to the conformations adopted by large sub-
structures present in the PDB and has been benchmarked only 
on helical folds (30, 31). Additionally, most of the successful de 
novo designs have highly idealized structural folds with optimized 
SS compositions that lack the complex irregularities often present 
in native proteins, where a significant portion of the designed folds 
are well represented in nature or may be described through ideal 
parametric geometries (32–36). Thus, the development of auto-
mated algorithms capable of precisely designing any required fold 
type, including those without structure analogs in the PDB or 
idealized SS compositions, with limited human intervention is 
critical to improve the scope and success rate of de novo protein 
design.

Toward this goal, we proposed an automated pipeline, 
FoldDesign, to create desired protein folds starting from user-spec-
ified restraints, such as the SS topology and/or inter-residue con-
tact and distance maps, through sequence-independent 
replica-exchange Monte Carlo (REMC) simulations. Since the 
designed folds do not necessarily have experimental counterparts, 
we designed several objective assessment criteria based on the 
satisfaction rate of the input requirements and the folding stability 
of the designs, as outlined in SI Appendix, Fig. S1. The results 
showed that FoldDesign is capable of producing protein-like 
structural folds that closely recapitulate the input features with 
enhanced folding stability, significantly outperforming other start-
of-the-art approaches on the large-scale benchmark tests. 
Importantly, this was demonstrated on a set of non-idealized, 

complex SS topologies and roughly 1/4 of the designs possessed 
novel folds that were not represented in the PDB, illustrating an 
important ability of the program to explore the areas of protein 
fold space unexplored by natural evolution. The online server, 
which presently supports fold design targets up to 1,500 residues 
long, and the standalone package for FoldDesign are freely avail-
able to the community at https://zhanggroup.org/FoldDesign/ 
and https://github.com/robpearc/FoldDesign, respectively.

Results and Discussion

FoldDesign is an automated algorithm for sequence-independ-
ent, de novo protein fold design, where the flowchart is outlined 
in Fig. 1. The program takes as input the SS topology for a 
designed structure scaffold, which includes the length, order, 
and composition of the SS elements. A set of structural frag-
ments with lengths between 1 and 20 residues is then collected 
from the PDB library by scoring the similarity between the input 
SS and the SS of the PDB fragments. These fragments are finally 
reassembled by REMC folding simulations to generate pro-
tein-like structural scaffolds that satisfy the input constraints, 
where the lowest energy structure is subjected to further atom-
ic-level refinement to produce the final structural design (see 
Methods).

Auxiliary Movements Improve the Folding Simulation Efficiency 
and Ability to Identify Low-Energy States. Fragment substitution 
is the predominant movement used by FoldDesign, which involves 
the replacement of a selected region of a decoy structure with 
the structure from one of the identified fragments collected 
from the PDB. However, fragment substitution may cause large 
conformational changes that prevent the movement from being 
accepted. To improve the simulation efficiency, FoldDesign 
introduces 10 auxiliary movements, including bond length and 
angle perturbations, segment rotations, torsion angle substitutions, 
and those that form packing interactions between specific SS 
elements (SI Appendix, Text S1 and Fig. S2).

Fig. 2A displays the FoldDesign energies of the lowest energy 
structures produced for each of the 354 test SS topologies (see 
Methods), either using the full set of 11 conformational movements 
or only using fragment substitution. Of note, the 354 test SS 
sequences were derived from native proteins, which include irreg-
ularities and non-ideal compositions, making it a rigorous test set 
to determine if a method can design stable structures given non-
ideal SS definitions. It can be observed that the auxiliary move-
ments enabled the simulations to find structures with significantly 
lower energies than those found using fragment substitution alone. 
Overall, the average FoldDesign energy of the best structures pro-
duced using the full movement set was −529.5 kBT  compared to 
−449.7 kBT  when using only fragment substitution, where the 
difference was statistically significant with a P-value of 2.1E-66 
as determined by a paired two-sided Student’s t test. In addition 
to the improved ability to sample low-energy states, the auxiliary 
movements reduced the simulation times required to fold the 
proteins. Fig. 2B plots the simulation time versus the protein 
length for each of the test topologies. From the figure, a clear 
reduction in the simulation time required can be seen across all 
protein lengths, where the average time for the simulations with 
the full movement set was 9.6 h compared to 22.8 h for the sim-
ulations that used only fragment substitution. This reduction in 
simulation time is due to the fact that fragment substitution is 
computationally expensive and requires additional loop closure 
to ensure that it does not cause large downstream perturbations, 
while the auxiliary movements are comparatively fast.D
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In Fig. 2 C and D, we further present a representative case study 
for the topology from the PDB protein 1ec6A, which adopts an 
α/β fold. Fig. 2C shows the conformational dynamics of the 
decoys produced during the lowest-temperature replica of the 
simulations using only the fragment substitution movement, while 
Fig. 2D uses the full movement set. Specifically, the figures plot 
the TM-score between the decoy at REMC cycle i compared to 
cycle i-1 from cycles 50 to 100. In Fig. 2C, there are several pla-
teaus where no movement could be accepted, leading to identical 
conformations between a number of cycles, where the most nota-
ble plateau lasted for 12 cycles (cycles 59 through 70). On the 
other hand, with the full movement set in Fig. 2D, no such pla-
teaus were observed. Although several cycles had very similar folds, 
which may be caused by subtle conformational refinements such 
as bond length perturbation, none of the cycles had identical 
structures. As a result, the simulations using the full movement 
set generated a structure with an energy of −346.2 kBT  in 4.7 h 
compared to a structure with an energy of −224.3 kBT  in 14.2 h 
using only fragment substitution.

As a comparison, SI Appendix, Fig. S3 depicts the native 1ec6A 
structure, which had a higher FoldDesign energy (−145.5 kBT ) than 
either of the simulated designs in Fig. 2 C and D. This is expected 
as de novo protein design methods optimize the structure of a design 
with respect to their own energy functions and the native proteins 
from which an SS topology was derived will most likely never be 
the lowest energy conformation that the sampling procedures could/
should achieve. Moreover, since many natural proteins with diver-
gent global folds may adopt similar SS types, a given natural protein, 
such as 1ec6A, may not necessarily represent the most optimal fold 
or the lowest energy structure for a given SS composition, even with 
a perfect energy force field. In fact, it has been shown that many de 

novo designed proteins have increased stability compared to their 
native counterparts (35, 36). This is a departure from the scenario 
of protein structure prediction, in which the native structure, with 
some caveats, should lie at the global free energy minimum for a 
given protein sequence following Anfinsen’s thermodynamic hypoth-
esis (37); however, the same is not necessarily true for protein struc-
ture design given just the SS composition.

FoldDesign Scaffolds Closely Match the Input Constraints. To 
assess its ability to design structural folds that possess the desired 
SS topologies, we list in Table 1 a summary of the FoldDesign 
results in terms of the average Q3 scores on the 354 test topologies. 
As a comparison, we also list the results from the state-of-the-art 
Rosetta method (32), which similarly starts from the desired SS of 
a designed scaffold, where a detailed description of the procedures 
used to run Rosetta is given in SI Appendix, Text S3. Here, the 
Q3 score is defined as the fraction of positions with SS elements 
that are identical to that of the input topology. Following fold 
generation, the SSs of the designed scaffolds for both FoldDesign 
and Rosetta were assigned using DSSP (38) and compared to the 
input for each protein.

Overall, FoldDesign achieved an average Q3 score of 0.877 
compared to 0.833 for Rosetta with a P-value of 1.7E-08. When 
considering the Q3 scores for α-proteins, β-proteins, and α/β-pro-
teins separately, FoldDesign achieved Q3 scores of 0.934, 0.863, 
and 0.875, compared to 0.828, 0.829, and 0.835, respectively, for 
Rosetta. Thus, across all fold types, FoldDesign was able to gen-
erate structures that more closely matched the input topologies 
than Rosetta. This partially reflects the advanced dynamics of the 
folding simulations as well as the effectiveness of the optimized 
energy function in FoldDesign.

Fig. 1. Overview of the FoldDesign pipeline. Starting from a user-defined SS topology as well as any further design constraints such as inter-residue contacts 
or distances, FoldDesign identifies 1 to 20 residue structural fragments from the PDB with SSs that match the input constraints. These fragments are then 
assembled together along with 10 other conformational movements during the REMC folding simulations under the guidance of a sequence-independent energy 
function that accounts for the fundamental forces that underlie protein folding. The lowest energy structure produced during the folding simulations is selected 
for further atomic-level refinement by ModRefiner to produce the final designed structure.
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Although no user-defined distance restraints were included in 
the above tests, these are still important in many design cases where 
recapitulation of specific folds is desired. In SI Appendix, Table S1, 
we extracted the pairwise Cα distances from the native structures 
in the test set and used them as restraints during the design sim-
ulations. From the table, it can be seen that FoldDesign was able 
to generate designs that closely matched the native structures with 
average TM-scores/RMSDs of 0.993/0.31 Å, 0.993/0.27 Å, 
0.992/0.32 Å, and 0.994/0.31 Å for all, α, β, and α/β topologies, 
respectively. Here, TM-score (39) is a structure comparison metric 
that takes a value in the range (0, 1], where a value of TM-score 
=1 indicates an identical match between two structures and a 
TM-score ≥0.5 signifies that two proteins share the same global 
fold (40). Therefore, the FoldDesign structures nearly perfectly 
recapitulated the desired folds when guided by user-defined dis-
tance restraints. Additionally, the mean absolute errors between 
the Cα distance maps extracted from the designed folds and native 

structures were 0.148, 0.115, 0.130, and 0.154 Å for all, α, β, and 
α/β topologies, respectively, confirming that the generated struc-
tures closely satisfied the given distance restraints.

FoldDesign Generates Low-Energy, Native-Like Protein Structures. 
While an important metric, the Q3 score is unable to provide a 
complete picture of the physical quality of the designs. In theory, a 
method could produce trivial or even unfavorable folds that satisfy 
the desired SS definitions. Thus, a more detailed analysis of the 
energetics and physical characteristics of the produced structures had 
to be performed (SI Appendix, Fig. S1). As the designed scaffolds for 
FoldDesign and Rosetta are both sequence-independent and many 
of the traditional scoring and assessment tools are sequence-specific, 
the sequence for each scaffold had to be designed before further 
quantitative analysis could be conducted. To design the sequences 
for each scaffold, two sequence design methods were used, namely 
EvoEF2 (41) and RosettaFixBB (42), where the backbone structures 
of the designed scaffolds were kept fixed during the sequence design 
to ensure a fair comparison of the scaffolds that were directly output 
by FoldDesign and Rosetta. Here, RosettaFixBB and EvoEF2 are 
sequence design methods that perform Monte Carlo sampling in 
sequence space guided by combined physics- and knowledge-based 
energy functions. A total of 100 sequences were designed for each 
scaffold, and the average results from the 10 lowest energy sequences 
were reported for both FoldDesign and Rosetta in the following 
analyses.

First, Fig. 3A shows that the percent of buried residues for 
the FoldDesign scaffolds closely resembled the native protein 
structures from which the input SSs were extracted. For exam-
ple, in the native structures, 19.2% of the residues were buried 
in the hydrophobic core, compared to 20.2% and 17.2% for 
the FoldDesign scaffolds whose sequences were designed by 
EvoEF2 and RosettaFixBB, respectively. However, for Rosetta, 

Fig. 2. Importance of the auxiliary conformational movements. (A) Energy distributions for the designs produced by the FoldDesign simulations using the full 
movement set and using only fragment assembly. (B) Simulation time required versus protein length for FoldDesign using the full movement set and fragment 
assembly alone. (C and D) Two representative case studies that demonstrate the dynamics of the folding simulations without (C) and with (D) the auxiliary 
movements. The y-axis displays the TM-score between the decoy at REMC cycle i compared to the decoy at cycle i-1.

Table  1. Comparison of the Q3 scores for the struc-
tures produced by FoldDesign and Rosetta on the 354 
test SS topologies

Method

Q3 
Score All 
(P-value)

Q3 Score 
α-proteins
(P-value)

Q3 Score 
β-proteins
(P-value)

Q3 Score 
α/β proteins 

(P-value)

FoldDesign 0.877 (*) 0.934 (*) 0.863 (*) 0.875 (*)

Rosetta 0.833
(1.7E-08)

0.828 
(5.4E-05)

0.829 
(0.10)

0.835 
(4.5E-06)

Here, the Q3 score is defined as the fraction of positions in the designed structures whose 
SSs were identical to the input SSs. The results are further separated based on the fold 
type (α, β, and α/β) and the P-values were calculated using paired, two-sided Student’s t 
tests.
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only 9.8% and 7.5% of the residues were buried in the hydro-
phobic core. Additionally, the solvent accessible surface area 
(SASA) for the native proteins was 7081.8 Å2 compared to 
6964.9 Å2 and 7376.3 Å2 for the FoldDesign scaffolds whose 
sequences were designed by EvoEF2 and RosettaFixBB, while 
the average SASA for the corresponding Rosetta scaffolds was 
8721.2 Å2 and 8944.2 Å2, respectively. These results suggest 
that the FoldDesign scaffolds possessed more compact hydro-
phobic cores and less solvent-exposed area than the Rosetta 
scaffolds and shared a higher similarity to the native structures 
for these characteristics. The difference is in part due to the fact 
that FoldDesign includes a number of energy terms that pro-
mote the formation of well-packed SS elements; these include 
specific fragment-derived distance and solvation potentials, 
generic backbone atom distance energy terms, and SS-specific 
fragment packing terms (SI Appendix, Text S2). In addition, the 
energy weights were carefully optimized using the results of the 
design simulations to ensure the formation of well-folded glob-
ular proteins (see Methods).

In Fig. 3 C and D, we further display the energies of the 
designed scaffolds by FoldDesign and Rosetta, as assessed by two 
leading third-party atomic-level statistical energy functions, 
GOAP (43) and ROTAS (44). For the sequences designed by 
EvoEF2 and RosettaFixBB, the FoldDesign scaffolds had average 
GOAP energies of −9736.9 and −10166.7, which were signifi-
cantly lower than the GOAP energies of −8174.5 and −8838.8 
for the Rosetta scaffolds with P values of 3.4E-13 and 4.3E-10, 
respectively. Similar trends were observed for ROTAS. For the 

sequences designed by EvoEF2 and RosettaFixBB, the FoldDesign 
scaffolds had average ROTAS energies of −6110.3 and −4446.5 
compared to −4360.8 and −3281.5 for the corresponding Rosetta 
designs; the differences were statistically significant with P values 
of 6.8E-27 and 1.3E-15. Overall, the FoldDesign scaffolds pos-
sessed more tightly packed hydrophobic cores and were energet-
ically more favorable than the Rosetta scaffolds, with GOAP 
energies that were 19.1% and 15.0% lower than the Rosetta scaf-
folds and ROTAS energies that were 40.1% and 35.5% lower 
than the Rosetta scaffolds depending on the sequence design 
method that was used. Importantly, neither FoldDesign nor 
Rosetta used any of the third-party energy functions for 
optimization.

It is noted that introduction of ABEGO bias (45) during the 
Rosetta fragment selection protocol and enabling sub-rotamer 
sampling during the RosettaFixBB sequence design did not alter 
the above conclusions (SI Appendix, Text S4 and Figs. S4 and S5). 
Furthermore, despite the fact that Valine was used as the generic 
center of mass in FoldDesign and Rosetta (see Methods), neither 
method demonstrated a bias toward scaffolds that favored Valine 
as described in SI Appendix, Text S5 and Fig. S6, and all allowable 
regions of the Ramachandran plot were well represented in the 
FoldDesign scaffolds (SI Appendix, Fig. S7).

The FoldDesign Force Field Plays an Important Role in Promoting 
the Structural Design Performance. As shown in Eq. 1 in the 
Methods section, FoldDesign utilizes a number of newly introduced 
energy terms, including fragment-derived distance and solvation 

Fig. 3. Comparison of the physical characteristics and energies for the designed folds by FoldDesign and Rosetta on the 354 test proteins, where the sequence 
for each scaffold was designed by EvoEF2 and RosettaFixBB, respectively. The native designation represents the proteins from which the SSs of the designed 
folds were derived. (A) Percent of buried residues is plotted for each protein, where a buried residue was defined as having a relevant SASA <5%. (B) SASA for 
each protein. (C and D) Energies for each protein calculated by GOAP and ROTAS.
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potentials (Efrag_dist_profile and Efrag_solv) and detailed SS-specific 
packing potentials (Ehhpack, Esspack, and Ehspack), as well as 
generic atomic contact- and distance-based terms that promote 
the formation of compact, globular structures (Egeneric_dist and 
Econtact_num). Moreover, these terms were optimally combined 
with other more routine energy terms using an extensive weight 
optimization protocol based on the 107 training proteins (see 
Methods).

To examine the impact of the FoldDesign force field and to 
probe the reason for the performance difference from the control 
method, we present in SI Appendix, Fig. S8 the comparative results 
for the physical characteristics of the Rosetta-designed scaffolds 
when the final models were selected using either the Rosetta or 
FoldDesign energy functions. It is noted that for this test we had 
to disable the fragment-derived distance and solvation potentials 
for FoldDesign as these are specific to the fragments generated by 
the FoldDesign program, which were not used to assemble the 
Rosetta designs given the differences in the fragment databases 
and identification protocols for the two methods. The data showed 
that selecting the Rosetta decoys according to their FoldDesign 
energies led to a significant improvement in the compactness of 
the folds as well as the GOAP and ROTAS energies compared to 
the designs selected using their original Rosetta energies. For 
example, the selection using the FoldDesign energy function 
increased the percent of buried residues by 31.5% for the EvoEF2 
sequence designs and 39.3% for the RosettaFixBB sequence 
designs, compared to selection by the Rosetta centroid energy 
function, where the differences were statistically significant with 
P-values of 1.6E-13 and 1.5E-14, respectively. Similarly, improve-
ments were observed in the third-party energies of the designed 
scaffolds. For example, the average GOAP energy improved by 
9.2% and 7.6% for the EvoEF2 and RosettaFixBB sequence 
designs, respectively, where the differences were significant with 
P values of 3.1E-04 and 1.5E-03.

In SI Appendix, Fig. S9, we present a similar comparative result 
for the FoldDesign scaffolds when the final designs were selected 
by either the Rosetta or FoldDesign energy functions. For this 
test, an opposite trend was observed, where the selection of the 
FoldDesign scaffolds using the alternative force field from Rosetta 
resulted in a reduced performance compared to the original 
FoldDesign force field. For instance, the Rosetta energy-based 
selection led to a 43.2% and 49.4% decrease in the percent of 
buried residues for the EvoEF2 and RosettaFixBB sequence 
designs, compared to the models selected using the original 
FoldDesign energy function; these differences were statistically 
significant with P values of 8.2E-79 and 5.8E-86, respectively. 
Furthermore, the GOAP energies were 26.7% and 25.2% worse 
for the EvoEF2 and RosettaFixBB sequence designs with P values 
of 5.8E-35 and 9.8E-34, respectively. Based on the data shown in 
the above section, apart from the extensive REMC searching sim-
ulations, the optimized force field of FoldDesign, with newly 
introduced energy features, plays another critical role in creating 
compact and physically sound structure designs that outperform 
those from other state-of-the-art design methods.

FoldDesign Generates Stable Structures with Novel Folds. To 
further assess the stability of the designed structures, molecular 
dynamics (MD) simulations were run starting from the designed 
scaffolds produced by FoldDesign and Rosetta. MD is a useful 
tool as it allows for the study of protein motion and stability 
beyond static measurements such as energy calculations, where 
20 ns unconstrained MD simulations were carried out using 
GROMACS (46) with the CHARMM36 force field (see Methods). 
Following the simulations, the final MD structures were obtained 

by clustering the 1,000 trajectories from the last nanosecond of 
each simulation using the GROMOS method with an RMSD 
cutoff of 2 Å, where the representative structure for each design 
was taken from the largest cluster center. To determine the stability 
of the structures, the TM-scores (39) between the initially designed 
scaffolds and the final clustered MD structures were calculated, 
where the results are depicted in Fig. 4 A and B for the structures 
whose sequences were designed by EvoEF2 and RosettaFixBB, 
respectively.

From the figures, it can be seen that the TM-scores between 
the initial FoldDesign scaffolds and the final MD structures were 
higher than those for the Rosetta scaffolds, indicating a closer 
match and thus more stable conformations for the FoldDesign 
scaffolds against MD-based perturbations. For instance, the aver-
age TM-score between the FoldDesign scaffolds and final MD 
structures for the EvoEF2 sequence designs was 0.645 compared 
to 0.584 for the corresponding Rosetta scaffolds (Fig. 4A), where 
the difference was statistically significant with a P value of 7.4E-
19. A similar trend was observed for the scaffolds whose sequences 
were designed by RosettaFixBB, where the average TM-score 
between the initial FoldDesign structures and the final MD struc-
tures was 0.602 compared to 0.525 for the Rosetta scaffolds with 
a P-value of 4.6E-26 (Fig. 4B). Furthermore, when considering a 
cutoff TM-score of 0.5, 93.7% and 87.9% of the FoldDesign 
scaffolds whose sequences were designed by EvoEF2 and 
RosettaFixBB, respectively, shared the same global folds as their 
final MD structures, compared to 77.1% and 54.8% of the cor-
responding Rosetta structures. Fig. 5A shows three examples 
selected from among the most stable FoldDesign scaffolds, where 
the TM-scores were all greater than 0.8 and the RMSDs were less 
than 2Å, indicating a close atomic match between the designed 
scaffolds and the final MD structures. Overall, the vast majority 
of the FoldDesign scaffolds possessed stable global folds, outper-
forming the state-of-the-art Rosetta protocol across the test set.

Interestingly, despite the high fold stability with local structural 
features that were highly similar to the native proteins, a large 
portion of the FoldDesign scaffolds adopted novel folds that were 
different from what exists in the PDB. In Fig. 4E, we present a 
histogram distribution of the TM-scores between the FoldDesign 
scaffolds and the closest structures identified by TM-align (47) 
from the PDB, where the average TM-score of 0.551 was relatively 
low given the searching power of TM-align and the near complete-
ness of the PDB (3, 47). Of the 354 designs, 79 had a TM-score 
below 0.5 to any structure in the PDB, indicating they possessed 
novel folds, while the remaining 275 designs had analogous struc-
tures in the PDB with the same global folds (TM-scores ≥ 0.5). 
Furthermore, 74 of the 79 novel structures whose sequences were 
designed by EvoEF2 had stable folds with TM-scores ≥0.5 to their 
final structures output by the MD simulations. Moreover, there 
was no obvious difference between the novel folds and other folds 
in terms of stability, as the TM-score distributions between the 
designs and the final MD structures were quite similar (SI Appendix, 
Fig. S10), where their average TM-scores were 0.647 and 0.645, 
respectively. These results demonstrate that FoldDesign is capable 
of producing compact and stable scaffolds, while allowing for the 
exploration of novel areas of protein fold space.

Protein Structure Prediction Indicates FoldDesign Produces 
Well-Folded Structures. As additional proof of the foldability 
of the designed structures, we examined the structural similarity 
between the designed scaffolds and the predicted models generated 
by the state-of-the-art AlphaFold2 program (48) starting from 
the designed sequences for each scaffold. As protein structure 
prediction is essentially the inverse problem of protein design, it D
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would stand to reason that well-formed structure designs should 
be able to be recapitulated starting from their corresponding 
designed sequences.

However, given that AlphaFold2 is a deep learning-based 
modeling program, its performance largely depends on collect-
ing meaningful MSAs (48), yet de novo designed proteins 
almost always lack natural sequence homologs. To illustrate this, 
in SI Appendix, Fig. S11 we plot the number of Blast hits that 
were detected from the nr sequence database (E-value < 1E-5) 
when starting from either a single designed sequence or from 
jumpstarting the Blast search using an alignment of all 100 
designed sequences for each FoldDesign scaffold. As shown in 
SI Appendix, Fig. S11A, no Blast hits were detected when start-
ing from a single EvoEF2 sequence design and jumpstarting the 
Blast search from the alignment of designed sequences only 
picked up 1 to 2 hits for 4 of the 354 designs. For the 
RosettaFixBB designs, neither the single-designed sequence 
searches nor the jumpstarted Blast searches yielded any detect-
able homologs (SI Appendix, Fig. S11B).

In SI Appendix, Table S2, we also list the structure prediction 
results by AlphaFold2 for the 354 native protein structures starting 
from the MSAs generated by the DeepMSA program (49) com-
pared to the results starting from the single designed sequences. 
As expected, AlphaFold2 created excellent models with an average 
TM-score of 0.913 when starting from the native MSAs; but 
starting from the single designed sequences by either EvoEF2 or 
RosettaFixBB produced significantly less accurate models, where 
the average TM-scores were only 0.506 and 0.482 for the EvoEF2 
and RosettaFixBB sequence designs, respectively, and nearly (or 
more than) half of the cases had TM-scores below 0.5. This result 
is in line with previous studies that have indicated that single 

sequence-based modeling using deep learning approaches for non-
ideal folds is significantly less accurate than that for idealized de 
novo designed folds (50). This is likely due to the fact that most 
of the computationally designed structures have relatively simple 
global folds with optimized SS compositions that lack the irreg-
ularities that exist in native proteins (33, 35, 36). Since the 354 
SS topologies in the benchmark dataset were derived from native 
protein structures, which contain numerous irregularities, the 
above results indicate that single sequence-based AlphaFold2 mod-
eling may not be reliable for the FoldDesign and Rosetta scaffolds. 
Interestingly, when starting from artificial MSAs collected from 
the 100 designed sequences for the native structures, AlphaFold2 
could generate reasonable folding results, where more than 97% 
of the cases had TM-scores >0.5, which was close to the modeling 
results obtained when starting from the DeepMSA MSAs  
(SI Appendix, Table S2). This demonstrates that the MSAs col-
lected from sequence design simulations contain some level of 
evolutionary information that can facilitate deep learning-based 
structure prediction.

Thus, given the lack of natural sequence homologs and the 
difficulty of AlphaFold2 to model complicated folds from single 
sequence designs, we constructed the input MSAs for AlphaFold2 
by taking the 100 sequences designed by EvoEF2 and RosettaFixBB 
for each of the FoldDesign/Rosetta scaffolds. As shown in  
SI Appendix, Table S3, when starting from the sequences designed 
by EvoEF2, the average TM-score between the AlphaFold2 models 
and the FoldDesign scaffolds was 0.714 compared to 0.663 for 
the Rosetta scaffolds, where the difference was statistically signif-
icant with a P-value of 4.6E-09. In Fig. 4C, we present a head-
to-head TM-score comparison, where the FoldDesign scaffolds 
had higher TM-scores than the corresponding Rosetta scaffolds 

Fig. 4. Analysis of the FoldDesign and Rosetta scaffolds using MD (A and B) and protein structure prediction by AlphaFold2 (C and D). (A and B) TM-scores of 
the FoldDesign and Rosetta scaffolds relative to their final structures following 20 ns MD simulations, where the sequence for each scaffold was designed by 
EvoEF2 (A) and RosettaFixBB (B). (C and D) TM-scores of the FoldDesign and Rosetta scaffolds relative to the structures predicted by AlphaFold2 starting from 
the EvoEF2 (C) and RosettaFixBB (D) sequences designed for each scaffold. (E) TM-score distribution between the FoldDesign structures and their closest native 
analogs obtained by searching the designed scaffolds through the PDB using TM-align.
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for 211 cases, while Rosetta did so for 133 of the 354 cases. If we 
consider the number of designs with TM-score ≥0.5, 324 (or 
91.5%) of the FoldDesign scaffolds shared the same global folds 
as the AlphaFold2 models compared to 301 (or 85.0%) of the 
scaffolds by Rosetta. These results demonstrate that the FoldDesign 
scaffolds more closely resembled the AlphaFold2 models than the 
Rosetta scaffolds did, indicating their enhanced stability/foldabil-
ity. Similar patterns were observed for the sequences designed by 
RosettaFixBB, where the average TM-score between the 
FoldDesign scaffolds and AlphaFold2 models was 0.696 compared 
to 0.670 for Rosetta with a P-value of 3.0E-04 (SI Appendix, Table 
S3). Moreover, 208 of the 354 FoldDesign scaffolds had higher 
TM-scores than the Rosetta scaffolds and 315 (or 89.0%) of the 
designs had TM-scores ≥0.5 (Fig. 4D).

Fig. 5B presents three examples from some of the closest 
matches between the FoldDesign scaffolds and AlphaFold2 mod-
els, where each had a TM-score greater than or close to 0.9 and 
RMSDs below 2.25 Å, indicating close atomic matches between 
the designed scaffolds and predicted models. Notably, these cases 
came from designs with some level of analogous structural infor-
mation in the PDB, although the TM-scores between the designed 
scaffolds and their closest native analogs (0.517 to 0.611, see  
SI Appendix, Fig. S12) were much lower than those between the 
designed scaffolds and the AlphaFold2 predicted models (0.889 
to 0.909, Fig. 5B). To further examine the foldability of the novel 
structures produced by FoldDesign, SI Appendix, Fig. S13 plots 
the AlphaFold2 TM-score distributions for the FoldDesign scaf-
folds that lacked or possessed native analogs, where the novel 
designs (with TM-score = 0.723/0.718 for the EvoEF2/
RosettaFixBB sequences) were found to be as foldable or even 
more so than those with native analogs (with TM-score = 
0.711/0.689 for the EvoEF2/RosettaFixBB sequences). Overall, 

these tests demonstrated that the FoldDesign scaffolds more 
closely matched the predicted models than the Rosetta scaffolds 
did, and the overwhelming majority of the designs shared the same 
global folds as the AlphaFold2 models. This structural consistency 
may suggest that FoldDesign captures some structural character-
istics that have been integrated in the AlphaFold2 learning 
process.

Assembling Uncommon Smotifs Is Essential to Produce Novel 
Fold Designs. Given the high population of novel folds produced 
by FoldDesign starting from native SS compositions, it was of 
interest to quantitatively examine the structural characteristics 
of these folds and determine how they deviate from native 
protein structures. Toward this goal, we first examined their local 
structural quality using MolProbity (MP) (51), where the results 
are summarized in SI Appendix, Table S4. It was observed that 
the novel designs possessed favorable MP-scores, with an average  
MP-score of 1.66 compared to 1.57 for the designs that had 
identifiable native analogs, where both scores were comparable 
to (or only slightly higher than) those of the corresponding 
native structures (1.19). Meanwhile, the novel folds had very few 
Ramachandran outliers, atomic clashes, or deviations in bond 
lengths and angles, largely comparable to (or slightly better than) 
the native and analogous designs. This result provides support 
that the novel folds possessed favorable local geometries and 
physical realism that resembled native proteins, although they 
had completely different global folds.

To further probe the source of the distinct structural folds 
adopted by the novel designs, following the idea of previous stud-
ies (52–54), we investigated the local geometries of the associated 
super-SS elements by decomposing the global folds into their local 
Smotifs. Briefly, a Smotif is composed of two adjoining regular 

Fig. 5. Examples of stable, well-folded FoldDesign scaffolds as assessed by MD (A) and AlphaFold2 (B), where the sequences for each scaffold were designed 
by EvoEF2. (A) The initial FoldDesign structures (yellow) superposed with the final MD structures (blue). (B) The FoldDesign scaffolds (yellow) superposed with 
the AlphaFold2 models (blue).
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SS elements, either helices or strands, that are linked by a loop 
region (52). As shown in SI Appendix, Fig. S14, the geometry of 
a Smotif is specified by four spatial characteristics, including the 
distance (D) between the bracing SS elements and the three angles 
formed between them (hoist δ, packing θ, and meridian ρ). The 
overall fold of a protein can then be broken down into the basic 
SS building blocks, where a total of 540 Smotif types can be 
obtained by splitting the four-dimensional (D-δ-θ-ρ) space into 
4-3-3-6 intervals and only ~320 to 330 Smotif geometries can be 
used to describe all existing protein structures (53). In Fig. 6, we 
present the relative frequency of Smotifs in the 79 novel folds and 
354 native proteins in the test set versus the normalized back-
ground frequency of the Smotifs calculated from 51,094 non-re-
dundant full-chain structures in the I-TASSER template library 
(55, 56), where the relative frequency values were normalized for 
each protein across the four background frequency bins in the plot 
(see SI Appendix, Eq. S16 in SI Appendix, Text S10).

It can be observed from Fig. 6 that compared to the native 
proteins, the novel designs by FoldDesign were highly enriched 
for rare or uncommon Smotifs, where 24.5% and 70.8% of the 
Smotifs in the novel designs had normalized background frequen-
cies in the range [0, 1E-3] and (1E-3, 1E-2], respectively, com-
pared to just 4.5% and 29.7% for the 354 native proteins. 
Additionally, 50.6% of the Smotifs from the native folds were 
common with background frequencies >1E-1, while just 4.1% of 
the Smotifs from the novel designed folds were commonly found. 
Of note, the vast majority of the Smotifs in the novel designs were 
found in nature, with the exception of one geometry that did not 
appear in the proteins from the PDB as shown in SI Appendix, 
Fig. S15. Thus, the novelty of the designed folds by FoldDesign 

may largely be a consequence of the combination of rare/uncom-
mon local super-SS geometries, rather than the creation of new 
local geometries or a unique arrangement of common Smotifs. 
Furthermore, given the computationally assessed stability of the 
novel folds, these results support the claim that FoldDesign is able 
to produce stable designs for non-idealized SS elements, as the 
majority of the super-SS geometries were rarely observed in nature.

Fig. 7 highlights two design cases with novel folds whose SS 
compositions were taken from the PDB proteins 1id0A and 
2p19A, where the designed scaffolds are shown superposed with 
their AlphaFold2 models and closest native analogs from the PDB. 
It can be observed that the AlphaFold2 models closely resembled 
the designed scaffolds with TM-scores of 0.809 and 0.811 for the 
1id0A and 2p19A designs, respectively, indicating they were fold-
able by the deep learning program. Interestingly, the clusters that 
these designs were selected from were highly conserved with aver-
age TM-scores of 0.769/0.826 between the cluster members and 
1id0A/2p19A, pointing to a clear evolutionary relationship 
between the SS topologies and the native folds. Despite this, 
FoldDesign generated novel scaffolds for these two topologies, 
which had low TM-scores (0.467 and 0.451) to their closest struc-
tures in the PDB, again demonstrating an ability to explore struc-
ture space unexplored by nature even for highly conserved 
clusters.

In the right column of Fig. 7, we illustrate the Smotifs that the 
two designs were composed of, where the Smotifs for the two native 
structures are shown in SI Appendix, Fig. S16. For the 1id0A topol-
ogy design, the global structure was composed of eight Smotifs, 
where all eight were rare with a background frequency ≤1E-3, while 
the corresponding native structure was composed of 7 common 

Fig. 6. Relative frequency of Smotifs found in the 354 native protein structures and 79 novel folds produced by FoldDesign vs. the normalized background 
frequency of the Smotifs calculated from the 51,094 non-redundant full-chain structures in the I-TASSER template library (SI Appendix, Text S10). Two motifs are 
considered as identical if they fall into the same bin in the four-dimensional (D-δ-θ-ρ) space (53). The mean values of the distributions are shown by the white 
circles, where a point with 0-frequency indicates that a Smotif with the indicated background frequency did not appear in one of the tested structural folds.D
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Smotifs with a high background frequency of ~3E-1 and 1 Smotif 
that was less common with a background frequency of ~1E-2. 
Similar trends were observed for 2p19A, where the designed structure 
was composed of eight uncommon Smotifs with a background fre-
quency ≤1E-2, while the native structure was composed of eight 
common Smotifs with a background frequency of ~3E-1. Thus, from 
these cases, it can be seen that the combination of rare or uncommon 
local super-SS geometries gave rise to new global folds, which was 
observed across the 79 novel designs.

Concluding Remarks

Protein design generally consists of two steps of structural fold design 
and sequence design. Many protein design efforts have focused on 
the second step of sequence design with input scaffolds taken from 
existing protein structures in the PDB. Despite the success, such 
experiments constrain design cases to the limited number of folds 
adopted by natural proteins, while curtailing the exploration of novel 
areas of protein structure and biological function.

In this work, we developed a pipeline, FoldDesign, for de 
novo protein fold design. Different from traditional protein 
folding simulations which start from native sequences and there-
fore, as expected, often result in folds that are similar to what 
exists in the PDB library, FoldDesign starts from structural 
restraints (e.g., SS assignments and/or inter-residue distance 
restraints) and performs folding simulations under the guidance 
of an optimized sequence-independent energy function. Large-
scale tests on a set of 354 unique, non-ideal fold topologies 
demonstrated that FoldDesign could create protein-like folds 
with a closer Q3 score similarity to the desired structural 
restraints than the state-of-the-art design program, Rosetta. 
Meanwhile, the FoldDesign scaffolds had well-compacted core 

structures with buried residue rates and solvent-exposed areas 
that more closely matched those of native proteins, while MD 
simulations showed that the folds were more stable than those 
produced by Rosetta. Importantly, FoldDesign is capable of 
designing folds that are completely different from the native 
structures in the PDB, highlighting its ability to explore novel 
areas of protein structure space despite the high fidelity to the 
input restraints and the native-like local structural characteris-
tics. Detailed data analyses showed that the major contributions 
to the success of fold design lie in the optimal energy force field, 
which contains a balanced set of energy terms that account for 
fragment and SS packing, as well as the efficient exploration of 
conformational space through REMC simulations assisted with 
a composite set of efficient movements. It was also found that 
the ability to identify and assemble less common super-SS 
geometries from the PDB, rather than creating new motifs or 
the unique arrangement of common SS motifs, represents the 
key for FoldDesign to create novel fold designs.

Although the FoldDesign server outputs both the designed fold 
and the lowest energy designed sequences when combined with the 
EvoDesign/EvoEF2 programs (5, 41), the validation of the designed 
sequences remains to be experimentally examined. However, complete 
experimental validation requires both designed structures and designed 
sequences, where the latter is out of scope of the present study, and 
we leave this important work to future investigation. Nevertheless, 
the findings presented here have shown that FoldDesign can be used 
as a robust tool for generating high-quality, stable structural folds when 
applied to the very challenging task of completely de novo scaffold 
generation without human-expert intervention. This therefore pro-
vides a strong potential for the experimental protein design to effec-
tively explore both structural and functional spaces which natural 
proteins have not reached despite billions of years of evolution.

Fig. 7. Case study of two novel designed folds for the SS topologies taken from 1id0A (A) and 2p19A (B). The designed structures are shown on the left-hand 
side of the figure in yellow superposed with their AlphaFold2 models and closest native analogs in blue. Additionally, each native structure in the same SS cluster 
as 1id0A (A) and 2p19A (B) are shown aligned with their respective cluster centers, where the average TM-scores were calculated based on the alignment of 
each structure in the cluster to the cluster center. Lastly, the right-hand side of the figure illustrates the Smotif geometries found in the novel folds, where the 
depicted frequencies for each Smotif represent the relative background frequencies calculated from the representative structures in the PDB.
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Methods

FoldDesign aims to automatically design desired protein structure folds starting 
from user-specified rules such as SS composition and/or inter-residue contact 
and distance maps. The pipeline consists of three main steps, including frag-
ment generation, REMC folding simulations, and main chain refinement and 
fold selection (Fig. 1).

Fragment Generation. Starting from a user-specified SS, high-scoring 
fragments are identified from a fragment library, which consists of structural 
fragments collected from a non-redundant set of 29,156 high-resolution PDB 
structures used by QUARK (19, 57). The fragments were collected from structures 
deposited on or before 4/3/2014 and shared <30% sequence identity to each 
other (19, 57). Notably, this library has been extensively validated in the related 
field of protein structure prediction in the most recent CASP experiments (58, 
59). Gapless threading through the library is performed to generate 1 to 20 
residue fragments, where the fragments are scored based on the compatibility 
of their torsion angles and SS similarity to the desired SS at each position. The 
top 200 fragments are generated for each overlapping 1 to 20 residue window. 
The information for each fragment includes the backbone bond lengths, bond 
angles, and torsion angles, as well as other useful data such as the position-spe-
cific solvent accessibility and Cα coordinates, which are later used to derive 
distance and solvation restraints.

REMC Folding Simulations and Refinement. Following fragment genera-
tion, REMC folding simulations are performed in order to assemble full-length 
structural models, where each simulation uses 40 replicas and runs 500 REMC 
cycles (see SI Appendix, Text S1 for a full description of the REMC parameters 
and movements). The protein conformation in FoldDesign is represented with 
a coarse-grained model, which specifies the backbone N, Cα, C, H, and O atoms 
as well as the Cβ atoms and an atom that represents the side-chain center of 
mass (SI Appendix, Fig. S17). To allow for a less biased exploration of structure 
space, the energy terms used by FoldDesign are sequence-independent, where 
the side-chain center of mass for Valine is used as the generic center of mass for 
each residue to minimize steric clashes.

The initial conformations are produced by randomly assembling differ-
ent high-scoring 9 residue fragments and then minimized using a set of 11 
movements. Here, the major conformational movement is fragment substi-
tution, which involves swapping a selected region of a decoy structure with 
the structure from one of the fragments randomly selected from the fragment 
library. Next, cyclical coordinate descent loop closure (60) is used to minimize 
the structural perturbations downstream. Since FoldDesign uses 1 to 20 res-
idues fragments, larger fragment insertions are typically attempted during 
the initial REMC cycles, while smaller ones are attempted during the later 
steps of the simulations to improve its acceptance rate when the protein is 
more globular and well-folded. In addition to fragment insertion, 10 other 
conformational movements are attempted throughout the course of the sim-
ulations, including perturbing the backbone bond lengths, angles or torsion 
angles, segment rotations, segment shifts, and movements that form specific 
interactions between different SS elements, where these are described in SI 
Appendix, Text S1 and Fig. S2.

The movements are accepted or rejected using the Metropolis criterion (61), 
where the energy for each conformation is assessed by the following energy 
function:

 [1]

EFoldDesign= EHB+Ess_satisfaction+Erama+Ehhpack+Esspack
+Ehspack+Eev+Egeneric_dist+Efrag_dist_profile
+Efrag_solv +Erg+Econtact_num.

Here, EHB, Ess_satisfaction, Erama, Ehhpack, Esspack, Ehspack, Eev, Egeneric_dist, Efrag_dist_profile, 
Efrag_solv, Erg, and Econtact_num are terms that account for backbone hydrogen bond-
ing, the satisfaction rate of the input SS, Ramachandran torsion angles, helix-helix 
packing, strand-strand packing, helix-strand packing, excluded volume, generic 
backbone atom distances, fragment-derived distance restraints, fragment-derived 
solvent accessibility, radius of gyration, and expected contact number, respectively. 

A more detailed explanation of these terms is given in SI Appendix, Text S2. After 
the REMC simulations are completed, the design with the lowest energy is selected 
for further atomic-level refinement, for which sequence design and structural 
refinement are performed iteratively using EvoDesign (5) and ModRefiner (62), 
respectively.

Training and Test Dataset Collection. To test FoldDesign’s ability to perform de 
novo protein fold design, we collected a non-redundant set of SS sequences. This 
was accomplished by extracting the three-state SSs from 76,166 protein domains 
in the I-TASSER template library (55, 56) using DSSP (38). All of the pairwise SS 
alignments were obtained using Needleman–Wunsch dynamic programming 
to align the three-state SS sequences. The target sequences were then clustered 
based on the distance matrix defined by their SS identities, i.e., the number of 
identical SSs divided by the total alignment length, where an identity cutoff =70% 
was used to define the clusters.

The identified clusters were further refined by eliminating atypical SS topol-
ogies (clusters with less than 10 members) and by selecting only those clusters 
where a clear relationship existed between the SS and the tertiary structure 
adopted by the cluster members. The latter requirement was accomplished by 
using TM-align (47) to perform structural alignment between each cluster mem-
ber and the cluster center, where conserved clusters were required to have an 
average TM-score ≥0.5 between the members and cluster center. Finally, we 
obtained 461 clusters; 107 and 354 SS sequences were used for the training 
and test sets, respectively. The training set was composed of 22 α, 25 β, and 
60 α/β topologies, while the test set was composed of 24 α, 55 β, and 275 α/β 
topologies.

FoldDesign Energy Function Optimization. In order to ensure proper struc-
ture generation, each energy term must be carefully weighted in the FoldDesign 
energy function. This was done on the 107 training topologies. Briefly, a grid 
searching strategy was used to optimize the weights, where all weights were 
initially assigned as 0, except for the weight for the steric clash term, which was 
set to 1.0. Then the values for each weight were adjusted one-at-a-time around 
the grid values and the FoldDesign simulations were run to produce scaffold 
structures using the new weight set. After structure generation, the sequences 
for each scaffold were designed using EvoEF2 (41) and the designed structures 
were assessed based on:

 [2]

where, ΔEvoEF2, ΔBuriedResidues, and ΔQ3Score are the changes in the aver-
age EvoEF2 energy, percent of buried residues, and SS Q3 score, respectively, 
between the structures produced by the old and new weight sets. If the new 
weighting parameter increased the value of Eaccept, the weights were accepted. 
Once the initial weights for each energy term were determined, many more 
iterations were conducted to precisely fine-tune their values based on Eq. 2 
as well as by hand inspection of the structures. Although time-consuming, the 
process of directly optimizing the weights based on the results of the folding 
simulations resulted in high-quality scaffolds with physical characteristics that 
resembled native proteins.

MD Simulation for Examining Fold Stability. To examine the stability of the 
FoldDesign scaffolds, we performed MD simulations starting from the designed struc-
tures. For each simulation, a dodecahedron box was constructed with a distance of 10 
Å from the solute and filled with TIP3P water molecules, where Na+ and Cl− ions were 
used to neutralize the charge of the system. Following this, energy minimization was 
carried out using the steepest descent minimization with a maximum force of 10 kJ/
mol. The system was then equilibrated at 300 K using 100 ps NVT simulations and 
100 ps NPT simulations with position restraints (1,000 kJ/mol) on the heavy atoms 
of the protein. After the two equilibration phases, the system was well-equilibrated 
at the desired temperature and pressure, and unconstrained MD simulations were 
performed at 300 K for 20 ns. During the simulations, non-bonded interactions were 
truncated at 12 Å and the Particle Mesh Ewald methods was used for long-range elec-
trostatic interactions. Lastly, the velocity-rescaling thermostat and Parrinello–Rahman 
barostat were used to couple the temperature and pressure, respectively. A total of 
1,000 structures were collected from the MD trajectories during the final nanosecond 

Eaccept = − ΔEvoEF2 + 100 ∗ ΔBuriedResidues + 100 ∗ ΔQ3Score.
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of the simulations. This ensemble was then clustered using the GROMOS method 
with an RMSD cutoff of 2 Å, and the final MD structure for each simulation was 
collected from the cluster center.

Data, Materials, and Software Availability. All study data are included in the 
article and/or SI Appendix. The online server, stand-alone program and bench-
mark data for FoldDesign are available at https://zhanggroup.org/FoldDesign/, 
while the stand-alone program may also be downloaded from https://github.
com/robpearc/FoldDesign.
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