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Abstract

Motivation: With the great progress of deep learning-based inter-residue contact/distance prediction, the discrete
space formed by fragment assembly cannot satisfy the distance constraint well. Thus, the optimal solution of the
continuous space may not be achieved. Designing an effective closed-loop continuous dihedral angle optimization
strategy that complements the discrete fragment assembly is crucial to improve the performance of the distance-
assisted fragment assembly method.

Results: In this article, we proposed a de novo protein structure prediction method called IPTDFold based on closed-
loop iterative partition sampling, topology adjustment and residue-level distance deviation optimization. First, local
dihedral angle crossover and mutation operators are designed to explore the conformational space extensively and
achieve information exchange between the conformations in the population. Then, the dihedral angle rotation
model of loop region with partial inter-residue distance constraints is constructed, and the rotation angle satisfying
the constraints is obtained by differential evolution algorithm, so as to adjust the spatial position relationship
between the secondary structures. Finally, the residue distance deviation is evaluated according to the difference be-
tween the conformation and the predicted distance, and the dihedral angle of the residue is optimized with biased
probability. The final model is generated by iterating the above three steps. IPTDFold is tested on 462 benchmark
proteins, 24 FM targets of CASP13 and 20 FM targets of CASP14. Results show that IPTDFold is significantly superior
to the distance-assisted fragment assembly method Rosetta_D (Rosetta with distance). In particular, the prediction
accuracy of IPTDFold does not decrease as the length of the protein increases. When using the same FastRelax
protocol, the prediction accuracy of IPTDFold is significantly superior to that of trRosetta without orientation
constraints, and is equivalent to that of the full version of trRosetta.

Availabilityand implementation: The source code and executable are freely available at https://github.com/iobio-
zjut/IPTDFold.

Contact: zgj@zjut.edu.cn

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

With the introduction of deep residual neural networks into inter-
residue contact prediction by Xu and coworkers (2017), the applica-
tion of deep learning in inter-residue contact/distance prediction has
achieved great success in recent CASPs (Kandathil et al., 2019; Li
et al., 2019; Mao et al., 2020; Wang et al., 2018; Xu and Wang,
2019; Yang et al., 2020), thus promoting a breakthrough in protein

structure prediction (Greener et al., 2019; Moult et al., 2018; Senior
et al., 2019; Xu, 2019; Yang et al., 2020; Zheng et al., 2019). In
general, de novo protein structure prediction using predicted dis-
tance is mainly divided into two categories: distance-assisted frag-
ment assembly and geometric-constrained energy minimization
(AlQuraishi, 2019; Kuhlman and Bradley, 2019). CNS (Brunger,
2007) and gradient descent are two commonly used geometric-
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constrained energy minimization methods. EVfold (Marks et al.,
2011), CONFOLD (Adhikari et al., 2015; Adhikari and Cheng,
2018), RaptorX (Xu, 2019; Xu and Wang, 2019) and DMPfold
(Greener et al., 2019) feed the predicted contact/distance and other
constraints into the CNS to generate a model. AlphaFold (Senior
et al., 2020) and trRosetta (Yang et al., 2020) convert the distance
and/or orientation distribution into a protein-specific statistical po-
tential function, and generate the model through gradient descent.
Gradient descent optimization is effective at finding the nearest local
minimum in the energy landscape, but generally, it will not locate
the global minimum (Kuhlman and Bradley, 2019). Therefore, mul-
tiple minimization protocols need to be initiated to generate the
lowest-potential model. Moreover, there are still challenges in accur-
ately predicting protein contact distance when there are few hom-
ologous sequences, folding proteins from noisy contact distance
(Hou et al., 2019).

The results of recent CASPs show that the distance-assisted frag-
ment assembly is still one of the most competitive protein structure
prediction methods (Kryshtafovych et al., 2019; Zhang et al., 2020;
Zheng et al., 2019). In the distance-assisted fragment assembly
methods, contact/distance is used as an energy term or constraint
combined with a classical energy function to guide folding.
Generally, candidate conformations are generated by fragment
assembly and other sampling strategies, and then evaluated by the
energy function and contact/distance. Afterward, the conformation
is updated according to Metropolis criterion (Metropolis et al.,
1953). FRAGFOLD adds the predicted contact to the existing en-
ergy function (Jones et al., 2005) and assembles a mixture of super-
secondary structural fragments and short-fixed length fragments
through simulated annealing to generate a 3D structure (Kosciolek
and Jones, 2014). PconsFold applies contacts into the Rosetta
AbinitioRelax folding protocol to generate structural models
through fragment assembly (Michel et al., 2014). CoDiFold com-
bines the contacts from two different servers and fragment-derived
distance profile into the Rosetta coarse-grained energy function,
and predicts the structure model through fragment assembly and
evolutionary algorithms (Peng et al., 2020). In CASP13, C-QUARK
designed a composite energy function by combining the contact po-
tential, the fragment-derived distance profile restraints and the in-
herent knowledge-based energy function. The composite energy
function is used to guide the assembly of the fragments into full
structural models by replica-exchange Monte–Carlo simulations
(Xu and Zhang, 2012; Zheng et al., 2019). In the recent CASP14,
D-QUARK, which integrates the predicted distance, is proposed
(Zhang et al., 2020). Fragment assembly converts the continuous
dihedral space into discrete experimental fragment combinatorial
optimization to effectively reduce the search space. However, some
potential conformational spaces cannot be sampled due to the limi-
tations of the fragment library, especially its inability to sufficiently
sample the flexible loop area (Heo et al., 2017; Liu et al., 2020a,b).
In addition, because fragment insertion moves tend to perturb long-
range contacts, fragment assembly does not work well for complex,
non-local topological proteins in the absence of predicted or experi-
mentally determined residue contact information (Kuhlman and
Bradley, 2019).

Therefore, how to effectively use predicted distance and design a
new folding strategy is crucial to improve the prediction accuracy of
distance-assisted fragment assembly method. In this article, we pro-
posed a protein structure prediction algorithm IPTDFold, which
contains three modules: partition sampling based on random frag-
ment insertion and local structure crossover and mutation; topology
adjustment by partial distance constrained loop-specific dihedral
angle sampling; and residue-level distance deviation optimization
based on the difference of the conformation and the predicted dis-
tance. The structure model is predicted by iterating the three mod-
ules. The predicted distance is constructed as a potential and
combined with the energy function to guide folding. Experimental
results show that IPTDFold significantly improves the prediction ac-
curacy of the distance-assisted fragment assembly method and
reaches the accuracy level of the state-of-the-art gradient descent en-
ergy minimization method.

2 Materials and methods

The pipeline of IPTDFold is shown in Figure 1. In addition to the
query sequence, the inter-residue distance and the fragment library
are required as input to IPTDFold. Instead of running thousands of
folding simulations independently to generate a large number of
candidate models (Kuhlman and Bradley, 2019; Rohl et al., 2004).
IPTDFold is designed based on a population optimization frame-
work, which can realize information sharing between conformations
in the population. The initial population is generated by randomly
fragment assembly. Then, the three sampling modules (A), (B) and
(C) in Figure 1 are designed to iteratively optimize the conformation
in the population. Finally, the lowest-potential conformation is
selected from the final population as the prediction model.

2.1 Distance potential
The predicted inter-residue distance provides abundant spatial con-
straint information for protein folding. In this study, the inter-residue
distance is constructed as a potential, which is defined as follows:

Dscore ¼
XN

n¼1

logððdn
i;j � unÞ2 þ 1Þ

rn
(1)

where N is the number of effective inter-residue distance; i and j are
the residue indexes of the nth distance; di;j is the real distance between
Cb (Ca for glycine) of residues i and j in the evaluated conformation;
un and rn are the mean and standard deviation obtained by Gaussian
fitting of the nth inter-residue distance distribution, respectively.
Dscore and Rosetta score2 (Rohl et al., 2004) are combined with the
same weight to form a composite potential function to guide folding.

2.2 Partition sampling
Although fragment assembly greatly reduces the conformational
space, conformational sampling remains a challenging problem, and
it easily causes insufficient or ineffective sampling in some regions
(Kuhlman and Bradley, 2019). Crossover and mutation are the
source of power for population evolution in nature. Crossover is the
reorganization and inheritance of parental genes, while mutation
will produce new genes. We introduced local structure crossover
and mutation operators to increase sampling diversity. Fragment as-
sembly is only the combinatorial optimization of the existing dihe-
dral angles in the fragment library and it has difficulty crossing the
energy barrier, while crossover and mutation can generate new dihe-
dral angles and explore more potential conformations.

The flowchart of the partition sampling module is shown in
Supplementary Figure S1. For the target conformation Pi, random frag-
ment insertion is first performed. Then, the DSSP algorithm (Kabsch
and Sander, 1983) is used to calculate the secondary structure, which is
used to divide the conformation into multiple local structures. Each
local structure will undergo dihedral angle mutation and crossover
operations in sequence. For each residue in a local structure, dihedral
angle mutation and crossover are performed as following equation:

/i;r0 ¼ /i;r þ F � ð/best;r � /rand;rÞ
wi;r0 ¼ wi;r þ F � ðwbest;r � wrand;rÞ

(2)

/00i;r ¼
n/0i;r; randð0;1Þ > CR or r ¼ randr

/i;r; otherwise ð3Þ

w00i;r ¼
nw0i;r; randð0;1Þ > CR or r ¼ randr

wi;r; otherwise

where /i;r and wi;r are the / and w dihedral angles of the rth residue of
Pi; similarly, /best;r and wbest;r are the dihedral angles of the rth residue
of the lowest-potential conformation Pbest in the population, /rand;r

and wrand;r are the dihedral angles of the rth residue of the randomly
selected conformation Prand in the population; F is the scaling factor.
(/0i;r; w0i;r) and (/00i;r; w00i;r) represent the dihedral angles obtained by mu-
tation and crossover operations, respectively; CR is the crossover rate;
and randr is the index of a random residue in the local structure. For
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each residue in the local structure, (/i;r; wi;r) in the target conformation
Pi is replaced with (/00i;r; w00i;r) to generate a new conformation P0i. The
composite potential function is used to calculate the potentials of Pi

and P0i, and the Metropolis criterion (Metropolis et al., 1953) is used to
decide whether to replace Pi with P0i. The above steps are applied to tra-
verse all the local structures to complete the partition sampling.

2.3 Topology adjustment
The structure of the protein loop region connected with the regular
a-helixes or b-sheets is flexible and irregular, and its small changes
will produce dramatic effect on the entire topology (Liu et al.,
2020a,b). Many methods have been proposed to enhance the sam-
pling of the loop region (Arnautova et al., 2011; Liang et al., 2014;
Marks and Deane, 2019; Soto et al., 2008; Spassov et al., 2008).
The detailed inter-residue distance undoubtedly provides a powerful
constraint for flexible loop sampling. According to the characteris-
tics of the inter-residue distance, we designed a loop-specific dihe-
dral angle optimization strategy to adjust the topology efficiently.

As shown in Figure 1B, for the target conformation, the second-
ary structure is first calculated by DSSP (Kabsch and Sander, 1983),
and then the dihedral optimization is performed in turn for the loop
regions connected with a-helix or b-sheet at both ends (such as the
regions ‹, › and fi marked in red in Fig. 1B). For the selected loop
region, a loop-specific dihedral angle rotation model is constructed
as shown in Figure 2. The set of dihedral angle rotation axes C of
the loop region is defined as follows:

C ¼ fc/
1 ; c

w
1 ; . . . ; c/

h ; c
w
h ; . . . ; c/

H ; c
w
Hg (4)

where c/
h and cw

h are the unit axes of the N–Ca and Ca–C atomic
bonds of the hth residue in the selected loop region, corresponding to
the dihedral angles / and w, respectively. H is the number of residues

in the selected loop region. The inter-residue distance with residues
on both sides of the loop region are selected as the constraints. The
coordinates of the Cb (Ca for glycine) atomics of the two residues of
the mth selected residue pair are expressed as ðvr1

m ; v
r2
m Þ.

The aim of this section is to find a set of rotation angles H ¼
fh/

1 ; h
w
1 ; . . . ; h/

h ; h
w
h ; . . . ; h/

H ; h
w
Hg acting on the dihedral angle of the

rotation axes set C, to generate a conformation that satisfies the dis-
tance constraint to the greatest extent. We use coordinate transform-
ation and differential evolution algorithm (Hart et al., 1999) to
generate such a set of rotation angles. For each rotation angle, a ro-
tation matrix can be constructed. The detailed schematic of con-
struction is shown in Supplementary Figure S2. The rotation matrix
TðHÞ of the set of rotation angles H is defined as follows:

TðHÞ ¼ Tðh/
1 ÞTðh

w
1 Þ � � �Tðh

/
h ÞTðh

w
h Þ � � �Tðh

/
HÞTðh

w
HÞ (5)

where Tðh/
h Þ and Tðhw

h Þ represent the rotation matrix formed by the
rotation angles h/

h and hw
h acting on the rotation axes c/

h and cw
h , re-

spectively. With the assumption that the residues on the left of the
loop region remain fixed and the residues on the right are rotated,
the coordinates of vr2

m
0 obtained by the rotation transformation of

vr2
m can be calculated:

vr2
m
0 ¼ TðHÞ � vr2

m (6)

The objective function used in the differential evolution algo-
rithm is defined as follows:

f ðHÞ ¼
XM

m¼1

logððjjvr2
m
0 � vr1

m jj2 � umÞ2 þ 1Þ
rm

(7)

where um and rm are the mean and standard deviation of the mth
residue pair, and M is the number of residue pairs selected. The

Fig. 1. IPTDFold pipeline. (A) Partition sampling. For each conformation in the population, fragment insertion, structure partitioning and local structure dihedral mutation

and crossover are performed to explore the conformational space extensively. (B) Topology adjustment. For the loop region of the conformation, a local dihedral rotation

model is first constructed. Then, the objective function is constructed by partial distance to guide the differential algorithm to find the optimal rotation angles, so as to adjust

the spatial relationship of secondary structures. (C) Residue-level distance deviation optimization. The representative conformations are selected from the population by clus-

tering. Then, the distance deviation of each residue is estimated according to the difference between the representative conformation and the predicted distance, which is used

to perform probability-biased residue dihedral angle optimization
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rotation angles H that best satisfies the distance constraint will be
generated by the differential evolution algorithm (Zhang et al., 2017;
Zhou et al., 2020), and the candidate conformations will be generated
by adding the rotation angles to the corresponding dihedral angles of
the loop region in the target conformation. If the composite potential
of the candidate conformation is lower than that of the target con-
formation, the target conformation will be replaced by it.

2.4 Residue distance deviation optimization
The partition sampling module is a random sampling of the entire
conformation, and the topology adjustment module is a loop-
specific sampling. However, it is also important to know which resi-
dues have deviations that need to be adjusted and then correct them
accordingly. In this section, the residue-level distance deviation is
estimated through the difference of the conformational distance
map and the predicted distance map, and then probability-biased
residue dihedral angle optimization is performed to correct the resi-
due distance deviation. First, DMscore, which is a structural similar-
ity evaluation model we developed previously (Zhao et al., 2021), is
used to calculate the similarity between conformations in the popu-
lation. Then, the K-medoids algorithm (Kaufman and Rousseeuw,
2009) is used to cluster the conformations in the population, and the
number of clusters is set to 5. The cluster center conformation and
the lowest-potential conformation are selected from each cluster as
the representative conformations. For each representative conform-
ation, the distance deviation of each residue is calculated according
to the distance map difference. The change in the dihedral angles of
the residue will not cause a change in the internal structure on both
sides, but it will affect the spatial position relationship between
them. Therefore, the maximum gain that can be achieved by adjust-
ing the residue can be estimated by calculating the distance deviation
of residue pairs in which the two residues are, respectively, located
on both sides of the current residue. As shown the distance differ-
ence map in Figure 3, for a given residue, only the residue pair in its
upper-right or lower-left need to be considered. The distance devi-
ation estimation for a given residue is quantified as follows:

g ¼ 1

K

XK

k¼1

logððdk
i;j � ukÞ2 þ 1Þ

rk
(8)

where K is the number of effective predicted inter-residue distance in
the area to be considered; dk

i;j is the real distance between residue i
and j of the kth residue pair in the representative conformation; and
uk and rk are the mean and standard deviation of the distance distri-
bution of the kth residue pair, respectively. The probability is
assigned to each residue according to the magnitude of residue dis-
tance deviation (the greater the deviation, the higher the probabil-
ity), and then the residue is selected according to the probability for
dihedral angle optimization. The residue dihedral angle optimiza-
tion is achieved using the partial distance constrained differential
evolution algorithm similar to that of as the topology adjustment
module. Figure 3 shows an example of residue dihedral angle opti-
mization guided by residue distance deviation. The difference be-
tween the distance map of representative conformation and the
predicted distance map is first calculated, and then the distance devi-
ation of each residue is calculated according to Equation 8 to obtain
the residue distance deviation heat map, which is used to guide the
residue dihedral angle optimization. It can be seen that the local

structure of the conformation has been corrected to be closer to the
experimental structure. Notably, the excellent genes of the represen-
tative conformations optimized in this module can be passed on to
other conformations in the population through the mutation and
crossover operator of the partition sampling module.

3 Result and discussion

3.1 Dataset and evaluation metrics
IPTDFold is extensively tested on a non-redundant benchmark data-
set of 462 proteins, 24 FM targets of CASP13 and 20 FM targets of
CASP14. The benchmark test set was constructed from SCOPe 2.07
(Fox et al., 2014) in several steps. First, CD-HIT (Fu et al., 2012)
was used to cluster the SCOPe dataset with a 30% sequence identity
cut-off, and the representative protein of each cluster constituted 11
198 non-redundant proteins. Then, a protein was discarded if its
length is outside the range of 50 to 500 residues or contains multiple
domains. Finally, 462 proteins with a length ranging from 53 to 481
residues were randomly selected from the remaining 4332 non-
redundant proteins as the benchmark dataset. The detailed informa-
tion of benchmark dataset and FM targets of CASP13 and CASP14
are shown in Supplementary Tables S1, S7 and S8, respectively. The
root mean square deviation (RMSD) and TM-score (Xu and Zhang,
2010) are used to evaluate the predicted model’s accuracy.

3.2 Parameter settings
IPTDFold is a population-based structure prediction method, with
the following parameters: population size NP¼100, generation
number G¼100, dihedral mutation scaling factor F¼0.5, dihedral
crossover rate CR¼0.5, and composite potential temperature scaling
factor KT¼2. The following are the parameters of the differential
evolution algorithm for finding the dihedral rotation angles that sat-
isfy the distance constraint: population size NP0¼50, generation
number G0¼50, scaling factor F0¼0.5 and crossover rate CR0¼0.5.
The number of iterations of residue dihedral angle optimization
guided by the residue distance deviation is set to 500. The detailed
description of parameters can be found in Supplementary Table S2.
The ratio of the iteration of partition sampling, topology adjustment
and residue-level distance deviation optimization is 10:1:2, that is, if
partition sampling module runs for ten generations, topology adjust-
ment module runs for one generation and residue-level distance de-
viation optimization module runs for two generations. In this work,
the fragment library was built by the Robetta fragment server with
the ‘Exclude Homologues’ option selected (http://robetta.bakerlab.
org/fragmentsubmit.jsp), and the inter-residue distance was pre-
dicted by the trRosetta server with the ‘Do not use templates’ option
selected (http://yanglab.nankai.edu.cn/trRosetta/). The residue pairs
distance with the highest probability of the first bin (that is, the bin
whose predicted distance exceeds 2–20 Å) are first removed. Then,
Gaussian fitting is performed on the distance distribution of the
remaining residue pairs to obtain the distance mean and variance.
Finally, the distance mean and variance of these residue pairs are
used to build restraints for IPTDFold according to Equation 1.

3.3 Comparison with Rosetta_D
IPTDFold is compared with the distance-assisted fragment assembly
method Rosetta_D, which is a version of the Rosetta ClassicAbinitio
protocol (Rohl et al., 2004) that adds the inter-residue distance con-
straints. In the third and fourth stages of the ClassicAbinitio proto-
col, the same distance potential as IPTDFold is used to guide the
fragment assembly together with the energy function. One thousand
candidate models are generated by running 1000 independent trajec-
tories with the increasecycles ¼ 10, and then the candidate models are
clustered by SPICKER (Zhang and Skolnick, 2004) and the centroid
structure of the first cluster is selected as the final model. IPTDFold
and Rosetta_D use the same fragment library and inter-residue dis-
tance restraints (constructed by Equation 1). In the third and fourth
stages of Rosetta, the same distance restraints as IPTDFold are
added to the original energy function to guide fragment assembly.

Fig. 2. Schematic of the dihedral angle rotation model in the loop region. For each

residue in the selected loop region, according to its / and w dihedral angles, the ro-

tation axis is extracted and the rotation angle is defined to construct a rotation

model
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Thus, the comparison between them can fairly reflect the perform-
ance of the protein folding algorithms. The predicted results of
IPTDFold and Rosetta_D on the benchmark dataset are summarized
in Table 1, and the detailed results of each protein can be found in
Supplementary Table S3.

The average RMSD and TM-score of IPTDFold are 6.12 Å and
0.715, respectively. Compared with that of Rosetta_D, the average
RMSD of IPTDFold is decreased by 18.9%, and the average
TM-score is increased by 20.0%. IPTDFold correctly folds (i.e. TM-
score�0.5) 430 out of 462 proteins, accounting for 93.1% of the
total, which is 14.7% more than Rosetta_D. IPTDFold predicted a
model with TM-score�0.8 on 125 proteins, which is 97 more than
Rosetta_D. The Wilcoxon signed-rank test (Corder and Foreman,
2009) result in the last column of Table 1 show that IPTDFold is sig-
nificantly better than Rosetta_D. Figure 4 further illustrates the
comparison of the TM-score of IPTDFold and Rosetta_D on the
benchmark dataset. IPTDFold achieves a higher TM-score on 423
test proteins, accounting for 91.6% of the total. Compared with the
TM-score of Rosetta_D, the TM-score of IPTDFold increased by
more than 0.1 on 234 proteins and by more than 0.2 on 94 proteins.
Figure 4b shows the average TM-score of IPTDFold and Rosetta_D
in different protein length bins, reflecting the relationship between
prediction accuracy and protein length. IPTDFold obtains the high-
est average TM-score in all protein length bins. With the increase in
the protein length, the average TM-score of IPTDFold shows a gen-
tle upward trend and is relatively stable, whereas the average TM-
score of Rosetta_D continues to decrease. Two possible reasons

could explain why the prediction accuracy of Rosetta_D decreases
with the increase in the protein length: (i) the fragment library dis-
cretizes the continuous dihedral space, which resulting in the possi-
bility that the optimal dihedral angle cannot be matched during the
folding process, and this influence will accumulate as the size of the
protein increases. (ii) The protein conformational space expands
geometrically as the length increases. It is difficult for random frag-
ment assembly to find the near-native conformation in the broad
and rugged conformational space. The possible reasons why the pre-
diction accuracy of IPTDFold does not decrease with the increase of
protein length are as follows: (i) the local dihedral angle mutation
and crossover can break through the limitation of the fragment li-
brary, and explore more potential conformations through the infor-
mation exchange of the conformations in the population. (ii) The
partial distance-constrained dihedral angle optimization algorithm
can efficiently generate the continue dihedral angle that satisfies
the distance constraint to the greatest extent. (iii) The residue-level
distance deviation estimation and probability-biased dihedral angle
optimization strategies can avoid insufficient or ineffective sampling
to improve the sampling efficiency. The component analysis in
Section 3.5 shows that the three strategies bring incremental
improvements to the prediction accuracy of the algorithm.

3.4 Comparison with trRosetta
IPTDFold is also compared with the state-of-the-art gradient descent
energy minimization method trRosetta on the benchmark dataset. In
trRosetta, the predicted distance and orientation are used as
restraints, together with the Rosetta energy function (Rohl et al.,
2004), and coarse-grained models satisfying the restraints were gen-
erated by quasi-Newton minimization. The coarse-grained models
were then subjected to Rosetta full-atom relaxation (FastRelax),
including the distance and orientation restraints, to generate the
lowest-energy full-atom model (Yang et al., 2020). IPTDFold did
not use orientation and did not perform full-atomic refinement. For
a fair comparison, we designed two sets of comparative experi-
ments. One is a comparison between IPTDFold_relax1 (IPTDFold
plus FastRelax with distance constraints) and trRosetta* (a version
of trRosetta that excludes orientation restraints), and both of them
use exactly the same FastRelax (Chaudhury et al., 2010). The other
is a comparison of IPTDFold_relax2 (IPTDFold plus FastRelax with
distance and orientation restraints, same as trRosetta) with the full
version of trRosetta. The results of trRosetta* and trRosetta are
obtained by running the official source code five times to generate
five models, and the lowest-energy model is selected as the final
model. The predicted results of the four methods on the benchmark
dataset are summarized in Table 2, and the detailed results of each
protein can be found in Supplementary Table S3. The comparison of
TM-score of the first model is visually presented in Figure 5.

The average RMSD and TM-score of IPTDFold_relax1 are
5.20 Å and 0.744, respectively. Compared with that of trRosetta*,
the average RMSD of IPTDFold_relax1 is decreased by 18.2%, and
the average TM-score is increased by 9.73%. IPTDFold_relax1 cor-
rectly folds 433 test proteins, which is 64 more than that of
trRosetta*. IPTDFold_relax1 achieved a lower RMSD on 272 pro-
teins and higher TM-score on 312 proteins, accounting for 58.9%
and 67.5% of the total, respectively. The Wilcoxon signed-rank test
result shows that IPTDFold_relax1 is significantly superior to
trRosetta*. Figure 5a shows that the TM-score of some protein mod-
els predicted by trRosetta* is abnormally low, and many of them are
mirror structures. Interestingly, IPTDFold_relax1 (and IPTDFold)
does not appear to generate abnormal mirror models, which may be
because IPTDFold is potential-guided simulation folding. During
the folding process, the quality of each folding step can be evaluated
to ensure that the protein is folded in a reasonable direction. The
average RMSD and TM-score of IPTDFold_relax2 are 5.08 Å and
0.752, respectively. Compared with that of trRosetta, the average
RMSD of IPTDFold_relax2 is 0.14% higher and the average TM-
score is 0.27% lower. Compared with trRosetta, IPTDFold_relax2
has three fewer models with TM-score�0.5, but has three more
models with TM-score�0.8. The Wilcoxon signed-rank test result
shows no significant difference between IPTDFold_relax2 and

Table 1. Results of IPTDFold and Rosetta_D on the benchmark

dataset

Method RMSD TM-score #TM�0.5 #TM�0.8 P-value

IPTDFold 6.12 0.715 430 125 NA

Rosetta_D 7.55 0.596 362 28 1.65E-70

Note: #TM�0.5 and #TM�0.8 are the number of proteins with TM-

score�0.5 and TM-score�0.8, respectively. The last column shows the result

of the Wilcoxon signed-rank test calculated in accordance with TM-score.

Fig. 3. Example of residue distance deviation optimization. In (A), the left shows the

alignment of the representative conformation structure (orange) and the experimen-

tal structure (light gray), the middle presents the difference between the distance

map of representative conformation and the predicted distance map, and the right

shows the residue distance deviation heat map (blue to red indicates the deviation

from small to large). (B) The corresponding ones after the dihedral angle optimiza-

tion guided by the residue distance deviation
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trRosetta. It should be noted that the orientation constraint is added
only to the FastRelax of IPTDFold_relax2, and is not used in the
core algorithm of IPTDFold. The results and analysis of IPTDFold
and trRosetta before FastRelax are shown in Supplementary Tables
S4 and S5.

3.5 Component analysis
To examine the effects of the three sampling modules of IPTDFold,
we set up two comparative versions IPTDFold-A and IPTDFold-AB
for component analysis. IPTDFold-A means that only the partition
sampling module is used, and IPTDFold-AB means that the partition
sampling module and topology adjustment module are used. For a
fair comparison, we set the population generation numbers of
IPTDFold-A and IPTDFold-AB to 1.5 and 1.25 times those of
IPTDFold, respectively, so that their computational costs are equal.
The predicted results of IPTDFold, IPTDFold-A and IPTDFold-AB
on the benchmark test set are summarized in Table 3, and the
detailed results on each protein can be found in Supplementary
Table S6. Figure 6 intuitively reflects the comparison of the TM-
score of the first model.

The average RMSD and TM-score of the first model generated
by IPTDFold-A are 8.51 Å and 0.552, respectively. The average
RMSD of IPTDFold-AB is decreased by 12.5%, and the average
TM-score is increased by 12.7% when the topology adjustment
module is added. The average RMSD of IPTDFold is further reduced
by 17.9%, and the average TM-score is further increased by 15.0%
when the residue-level distance deviation module is added.
IPTDFold-A correctly folds 298 proteins, and generates the first
model with TM-score�0.8 on 17 proteins. On this basis, the num-
ber of correctly folded proteins increased by 81, and the number of
proteins with the first model’s TM-score�0.8 increased by 26 when
the topology adjustment module is added. IPTDFold further
increased the number of proteins to 430, and increased the number
of proteins with first model’s TM-score�0.8 to 125. IPTDFold-AB
achieves lower RMSD and higher TM-score than IPTDFold-A on
329 and 381 proteins, respectively. The TM-score of IPTDFold-AB

increased by more than 0.1 on 132 proteins, and increased by more
than 0.2 on 33 proteins. Furthermore, IPTDFold achieves lower
RMSD and higher TM-score than IPTDFold-AB on 361 and
424 proteins, respectively. The TM-score of IPTDFold increased
by more than 0.1 on 174 proteins, and increased by more than
0.2 on 57 proteins. The Wilcoxon signed-rank test results show
that the performance improvement of each step is significant.
Figure 7 reflects the contribution of different components of
IPTDFold (including FastRelax), and the prediction accuracy of dif-
ferent methods. The clustered histogram of the TM-score of the
first model predicted by IPTDFold, Rosetta_D, IPTDFold_relax1,
trRosetta*, IPTDFold_relax2 and trRosetta is shown in
Supplementary Figure S3.

3.6 Results on CASP targets
We also tested IPTDFold on 24 FM targets of CASP13 and 20 FM
targets of CASP14. On the 24 targets of CASP13, IPTDFold
and IPTDFold_relax1 was compared with four state-of-the-art
methods of server groups in CASP13, i.e. QUARK (Zheng et al.,
2019), RaptorX-Contact (Xu and Wang, 2019), BAKER-
ROSETTASERVER (Park et al., 2019) and MULTICOM-
CLUSTER (Hou et al., 2019). On the 20 targets of CASP14,
IPTDFold and IPTDFold_relax1 was compared with four state-of-
the-art methods of server groups in CASP14, i.e. QUARK (Zhang
et al., 2020), RaptorX (Xu et al., 2020), BAKER-
ROSETTASERVER (Anishchenko et al., 2020) and MULTICOM-
CLUSTER (Liu et al., 2020a,b). The results of the compared meth-
ods were obtained from the CASP official website (http://prediction
center.org). Figure 8 shows the TM-score of the first model pre-
dicted by each method on each target, and the detailed results are
listed in Supplementary Tables S7 and S8. For the 24 targets of
CASP13, the average TM-score of IPTDFold is 0.55, which is
10.0% higher than that of QUARK (0.50), 12.2% higher than that
of RaptorX-Contact (0.49), 30.9% higher than that of BAKER-
ROSETTASERVER (0.42) and 48.6% higher than that of
MULTICOM_CLUSTER (0.37). The average TM-score of
IPTDFold_relax1 is 0.59, which is 18.0% higher than that
of QUARK, 20.4% higher than that of RaptorX-Contact, 40.5%
higher than that of BAKER-ROSETTASERVER and 59.5% higher
than that of MULTICOM_CLUSTER. IPTDFold and
IPTDFold_relax1 correctly fold 15 and 20 of the 24 targets,

Table 2. Results of IPTDFold_relax1, trRosetta*, IPTDFold_relax2

and trRosetta on the benchmark dataset

Method RMSD TM-score #TM�0.5 #TM�0.8 P-value

IPTDFold_relax1 5.20 0.744 433 194 NA

trRosetta* 6.36 0.678 369 164 9.45E-21

IPTDFold_relax2 5.08 0.752 435 211 NA

trRosetta 5.01 0.754 438 208 0.9654

Note: trRosetta* is a version of trRosetta that excludes orientation

restraints. IPTDFold_relax1 is a version of IPTDFold with the same

FastRelax protocol as trRosetta*. IPTDFold_relax2 is a version of IPTDFold

with the same FastRelax protocol as trRosetta.

A B

Fig. 4. Comparison of TM-score between IPTDFold and Rosetta_D on the bench-

mark dataset. (a) Head-to-head comparison between TM-score of the first models

predicted by IPTDFold and Rosetta_D. (b) Relationship between the average TM-

score of the first model of IPTDFold and Rosetta_D and protein length

Table 3. Results of IPTDFold, IPTDFold-AB and IPTDFold-A on the

benchmark dataset

Method RMSD TM-score #TM> 0.5 #TM> 0.8 P-value

IPTDFold 6.12 0.715 430 125 NA

IPTDFold-AB 7.45 0.622 379 43 3.05E-65

IPTDFold-A 8.51 0.552 298 17 4.26E-55

A B

Fig. 5. Comparison of TM-score of the first models on the benchmark dataset. (a)

Head-to-head comparisons of TM-score between IPTDFold_relax1 and trRosetta*.

(b) Head-to-head comparisons of TM-score between IPTDFold_relax2 and

trRosetta
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respectively. For the 20 FM targets of CASP14, the average TM-
score of IPTDFold is 0.41, which is the same as that of RaptorX
(0.41) and BAKER-ROSETTASERVER (0.41), 24.1% lower than
that of QUARK (0.54) and 10.7% lower than that of
MULTICOM_CLUSTER (0.46). The average TM-score
of IPTDFold_relax1 is 0.47, which is 14.6% higher than that of
RaptorX and BAKER-ROSETTASERVER, 2.2% higher than that

of MULTICOM_CLUSTER and 13.0% lower than that of
QUARK. IPTDFold and IPTDFold_relax1 correctly fold 6 and 10 of
the 20 targets, respectively. Figure 9 shows the superimpositions
of the target model predicted by IPTDFold and the experimental
structure for four targets. The results and analysis of the best models
of IPTDFold and the four state-of-the-art methods are shown in
Supplementary Figure S4 and Supplementary Tables S9 and S10. We
have also analyzed which proteins IPTDFold does well and which
proteins do not do well in the Supplementary Information. In order
to further analyze the contribution of the three sampling modules of
IPTDFold, we performed component analysis on these 44 FM pro-
teins. The detailed results are shown in Supplementary Figure S5
and Supplementary Tables S11 and S12. We also tested the perform-
ance of IPTDFold on 20 ‘Hard’ targets of CAMEO, and the results
are shown in Supplementary Table S13.

4 Conclusion

We developed a closed-loop iterative partition sampling, topology
adjustment and residue-level distance deviation optimization
algorithm called IPTDFold for de novo protein structure predic-
tion. In the partition sampling module, random fragment insertion
and local dihedral angle crossover and mutation operators are
used to extensively explore the conformational space. In the top-
ology adjustment module, a loop-specific dihedral rotation model
is constructed and the partial inter-residue distances are extracted
to construct the rotation angles objective function. The differential
evolution algorithm is used to find the rotation angles that satisfy
the distance constraint as much as possible to realize spatial
position adjustment between secondary structures. In the residue-
level distance deviation optimization module, the residue distance
deviation is estimated through the difference of the inter-residue
distance map, and then the probability-biased residue dihedral
angle optimization is performed according to the degree of residue
distance deviation. The protein structure model is predicted by
iterating the above three modules. IPTDFold is extensively tested
on 462 benchmark test proteins, 24 FM targets of CASP13 and
20 FM targets of CASP14. Experimental results show that the
prediction accuracy of IPTDFold is significantly better than that of
the distance-assisted fragment assembly method Rosetta_D. When
using the same FastRelax protocol, the prediction accuracy of
IPTDFold is significantly superior to that of trRosetta without
orientation constraints, and is equivalent to that of the full version
of trRosetta. IPTDFold correctly folds 430 out of 462 benchmark
test proteins and 21 out of FM targets of CASP13 and CASP14.
Notably, the prediction accuracy of IPTDFold does not decrease as
the increase in protein size. As the conformation space expands

A B

Fig. 6. Comparison of TM-score between different IPTDFold versions on the bench-

mark dataset. (a) Head-to-head comparisons of TM-score between IPTDFold-AB

and IPTDFold-A. (b) Head-to-head comparisons of TM-score between IPTDFold

and IPTDFold-AB

Fig. 7. Average TM-score of all methods on the 462 benchmark test proteins. The

colored stacked bar indicates the contributions of different components to our

method

Fig. 8. TM-score of the first model predicted by IPTDFold_relax1 (IPTDFold plus FastRelax with distance constraints) IPTDFold, QUARK, RaptorX (RaptorX-Contact for

CASP13), BAKER-ROSETTASERVER and MULTICOM-CLUSTER on the 44 FM targets. (a) Results on the 24 FM targets of CASP13. (b) Results on the 20 FM targets of

CASP14
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geometrically with the increase in the protein length, a challenging
problem for the fragment assembly-based conformation sampling
method is to ensure prediction accuracy for larger proteins.
IPTDFold is developed on the basis of the traditional fragment as-
sembly conformation sampling mechanism, and it significantly
improves the accuracy of structure prediction. With the rapid de-
velopment of model quality evaluation technology, if model evalu-
ation can be integrated into the folding procedure to build a
feedback mechanism, it will help to further improve the protein
structure prediction accuracy.
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