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Abstract

Motivation: With the breakthrough of AlphaFold2, the protein structure prediction problem has made remarkable
progress through deep learning end-to-end techniques, in which correct folds could be built for nearly all single-
domain proteins. However, the full-chain modelling appears to be lower on average accuracy than that for the con-
stituent domains and requires higher demand on computing hardware, indicating the performance of full-chain
modelling still needs to be improved. In this study, we investigate whether the predicted accuracy of the full-chain
model can be further improved by domain assembly assisted by deep learning.

Results: In this article, we developed a structural analogue-based protein structure domain assembly method
assisted by deep learning, named SADA. In SADA, a multi-domain protein structure database was constructed for
the full-chain analogue detection using individual domain models. Starting from the initial model constructed from
the analogue, the domain assembly simulation was performed to generate the full-chain model through a two-stage
differential evolution algorithm guided by the energy function with an inter-residue distance potential predicted by
deep learning. SADA was compared with the state-of-the-art domain assembly methods on 356 benchmark proteins,
and the average TM-score of SADA models is 8.1% and 27.0% higher than that of DEMO and AIDA, respectively. We
also assembled 293 human multi-domain proteins, where the average TM-score of the full-chain model after the as-
sembly by SADA is 1.1% higher than that of the model by AlphaFold2. To conclude, we find that the domains often
interact in the similar way in the quaternary orientations if the domains have similar tertiary structures.
Furthermore, homologous templates and structural analogues are complementary for multi-domain protein full-
chain modelling.

Availability and implementation: http://zhanglab-bioinf.com/SADA

Contact: zgj@zjut.edu.cn

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

Multi-domain proteins are an important class of proteins and consist
of more than one unique folding unit that is connected into a single
chain. Many biological functions rely on the interaction of different
domains (Zhou et al., 2022). For example, in ribose-binding protein
in bacterial transport and chemotaxis, the ligand-binding site is
located in a pocket formed by two domains. More than 80% of eu-
karyotic proteins and 67% of prokaryotic proteins contain multiple
domains. However, only one-third of structures in the Protein Data
Bank (PDB) contains multiple domains, which indicates that it may

be more difficult to experimentally determine the structure of multi-
domain protein structure.

With the development of deep learning, protein structure predic-
tion methods have been developed successively, such as trRosetta
(Du et al., 2021; Su et al., 2021; Yang et al., 2020), RaptorX (Xu,
2019; Xu and Wang, 2019), RocketX (Liu et al., 2022) and D-I-
TASSER (Zheng et al., 2021). Recently, end-to-end methods, such
as AlphaFold2 (Jumper et al., 2021) and RoseTTAFold (Baek et al.,
2021), have been proposed to accurately predict more complex pro-
teins including some multi-domain proteins. The performance of
these methods relies to some extent on the quality of the MSA or the
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homologous template (Pearce and Zhang, 2021). For example, the
distributions of average confidence scores for AlphaFold2 models of
human proteins with and without homologues available in the PDB
were different (Jones and Thornton, 2022). However, homologues
available in the PDB may be fewer for multi-domain proteins, which
may further affect the performance of multi-domain protein struc-
ture prediction. Meanwhile, the end-to-end approach entails high
demand on computing hardware. For relatively large proteins (i.e.
>800 amino acids), most computer memory hardly satisfies its
training and running requirements, which may not be helpful to the
study of their intrinsic mechanisms. Therefore, based on the divide-
and-conquer strategy, modelling the full-chain structure of
multi-domain protein by domain assembly may be a lightweight al-
ternative way. It may be also helpful for further improving the ac-
curacy of end-to-end methods and revealing the folding mechanism
but has been largely ignored by the community (Zhou et al., 2019).

In general, domain assembly methods are mainly divided into
two categories: de novo-based methods and template-based
approaches. De novo-based methods focus mainly on construction
of the linker models by some de novo or ab initio folding potentials.
In Rosetta (Wollacott et al., 2007), the method of assembling struc-
tures of multi-domain proteins consists of an initial low-resolution
search, in which the conformational space of the domain linker is
explored using the Rosetta de novo structure prediction method, fol-
lowed by a high-resolution search, in which all atoms are treated ex-
plicitly, and the backbone and side chain degrees of freedom are
simultaneously optimized. In AIDA (Xu et al., 2015), domain as-
sembly for assembling multi-domain protein structures is simulated
by a fast-docking algorithm with an ab initio folding potential. The
de novo- or ab initio-based methods may leave the domain struc-
tures largely randomly oriented in the final model (Zhou et al.,
2019). Template-based approaches often detect available templates
to guide domain assembly. DEMO (Zhou et al., 2019) was designed
for constructing multi-domain protein structures by docking-based
domain assembly simulations, in which inter-domain orientations
are determined by the distance profiles from analogous templates as
detected through domain-level structure alignments. However, the
template-based approaches also have limitations because of the lim-
ited number of multi-domain proteins in PDB, and the difficulty of
capturing the orientation between domains from the template may
increase as the number of domains increases. Using deep learning
technology may be helpful to capture the orientation information
between domains that cannot be obtained from templates.

In this work, we proposed a new domain assembly method,
SADA, in which the domain assembly simulation was performed to
generate the full-chain model through a two-stage differential evolu-
tion algorithm guided by the energy function with an inter-residue
distance potential predicted by deep learning. SADA was tested on a
benchmark set of 356 proteins, for which the performance of SADA
significantly outperformed most state-of-the-art domain assembly
methods. Especially, on 40 benchmark proteins with the number of
domains �4, the average TM-score of SADA is 0.60, which is
13.2% higher than that of the second-best method. Further, SADA
was used to assemble 293 human multi-domain proteins from
AlphaFold Protein Structure Database. On the 96 human proteins
with the TM-score of AlphaFold2 model <0.9, the average TM-
score of models assembled by SADA is 0.70, which is 6.1% higher
than that of AlphaFold2 (0.66). Especially for these models of
AlphaFold2 with average pLDDT �75, �89% protein models were
improved after SADA assembly. In addition, we also provided two
additional function modules in the webserver, including a culling
module to filter the whole multi-domain protein structure database
(MPDB) according to input criteria and a detection module to iden-
tify the structural analogues of full-chain according to input domain
models.

2 Materials and methods

SADA is a structural analogue-based protein structure domain as-
sembly method assisted by deep learning, which involves five steps
as follows: (i) detects structural analogues of the full-chain from the

constructed MPDB according to the input protein domain models;
(ii) constructs an initial model based on the detected first-ranked
analogue; (iii) utilizes a deep learning network to predict the inter-
residue distance distribution; (iv) builds a multi-domain protein spe-
cificity energy function for guiding domain assembly based on the
predicted residue distance distribution and the property of multi-
domain protein; and (v) assembles the domain models to generate
final full-chain model by the proposed two-stage differential evolu-
tion algorithm from the initial model. The pipeline is displayed in
Figure 1a.

2.1 MPDB construction
The flowchart of MPDB construction is shown in Figure 1b. The
collection and processing steps of multi-domain protein data in
MPDB are as follows: (i) CD-HIT (Fu et al., 2012) was used to re-
move the redundancy of protein structures with a sequence identity
cut-off of 100% in PDB, and then protein structures with sequence
identity of <100% were obtained from PDB; (ii) DomainParser (Xu
et al., 2000) was next used to determine whether these proteins are
multi-domain proteins or not; and (iii) the single-domain proteins
determined by DomainParser were further confirmed by the defin-
ition of CATH (Lam et al., 2016; Orengo et al., 1997) and SCOPe
(Chandonia et al., 2017) on whether they were multi-domain pro-
teins. All the multi-domain proteins selected in the three steps above
were finally collected to construct the MPDB. The parameters of
CD-HIT are listed in Supplementary Test S1.

As of September 2021, MPDB contains 48 225 multi-domain
proteins, in which 37 495 proteins have 2 domains, 7539 proteins
have 3 domains, 2182 proteins have 4 domains and 1009 proteins
have more than 4 domains. The statistics of the number of domains
in the MPDB are shown in Supplementary Figure S1.

For many purposes, it is useful to obtain a subset from MPDB. It
is often the case that additional criteria are desirable, such as reso-
lution, length, sequence identity or the number of domains. For ex-
ample, in protein structure prediction methods based on machine
learning, the proteins that satisfy specific criteria are used to train or
test. Inspired by PISCES (Wang and Dunbrack, 2003), we developed
a module for retrieving multi-domain proteins in MPDB, which fil-
ters the whole MPDB according to user’s input criteria including
protein chain length, resolution, number of domains, R-factor and
sequence identity of multi-domain protein, and then provides the
protein structures and related information that satisfy the criteria to
users. The module is described in Supplementary Text S2.

2.2 Structural analogue detection
Homologues inherit similarities from their common ancestor, while
analogues converge to similar structures due to a limited number of
energetically favourable ways to pack secondary structural elements.
In some cases, inferring structural analogues of the full-chain based
on the domain structures may be more critical for research and mod-
elling of multi-domain proteins.

Based on MPDB, we designed an algorithm to detect the multi-
domain protein structural analogues. The structural analogue detec-
tion is illustrated in Figure 1c. To prevent structurally similar
domains from being matched to the same part of the protein, the in-
put individual domains were aligned on each protein in MPDB by
using TM-align (Zhang and Skolnick, 2005, 2004), with no overlap
allowed in the alignments of different domains. According to the
structural similarity of individual domain models, a local similarity
score LSscore was designed to evaluate the quality of structural ana-
logues. LSscore is defined as follows:

LSscore ¼ N

�XN
n¼1

1

TM� scoreðnÞ (1)

where TM-score(n) is the TM-score between the n-th domain of the
target and the template protein in MPDB after aligning the domain
on the template protein by TM-align. N is the number of query indi-
vidual domains. The LSscore has a value range of (0, 1], where 1
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indicates a perfect match between domain models and the structural
analogues of the full-chain.

In addition, although structural analogues serve as important parts

of protein structural modelling and research, limited studies have
attempted to recognize structural analogues (Javier et al., 2020). Thus,

we provide the function module to detect structural analogues from
MPDB, and the module is described in Supplementary Text S3.

2.3 Energy function for domain assembly
The energy function was designed based on Anfinsen’s hypothesis,

in which native-like protein conformations represent unique, low-
energy, thermodynamically stable conformations. Domain assembly

was guided by the energy function, which was computed as a linear
combination of four energy terms below,

Etotal ¼ w1Eclash þw2Ebd þw3Eana þw4Edist (2)

in which each energy function term is explained.
Eclash represents the Ca clashes between domains, which is used to

prevent the domain model from getting too close during assembly to

satisfy the physical concept. This term is computed using Equation (3):

Eclash ¼
XN�1

n¼1

XN
m¼nþ1

XRdomn

i¼1

XRdomm

j¼1

Ei;j
clash

Ei;j
clash ¼

1

di;j
Ca

; di;j
Ca

< dcut
Ca

0; otherwise

8><
>:

(3)

where dcut
Ca
¼ 3:75 Å, N is the number of domain models, Rdomn

and Rdomm represent the number of residues in the n-th and m-th
domain, respectively and di;j

Ca
is the distance between Ca of the resi-

due i and j in the evaluated decoy.
Ebd is the boundary distance energy, which is defined as follows:

Ebd ¼
XN�1

n¼1

ðbdn;nþ1
Ca

� bdcut
Ca
Þ2 (4)

where the bdcut
Ca
¼ 3:8 Å, and bdn;nþ1

Ca
is the Ca atom distance be-

tween the C-terminal residue of n-th domain and N-terminal residue

of the ðnþ 1Þ-th domain in the evaluated decoy. In the discontinu-
ous domain proteins, the discontinuous domain is split into multiple
segments because of the insertion of the continuous domains.
Therefore, for discontinuous domain proteins, these discontinuous
segments were treated as domains to calculate the energy.

Eana is the structural analogue restraint energy. This term aims
to prevent the assembly from deviating too much from the orienta-
tion obtained from the initial model. Eana is calculated as follows:

Eana ¼
1

L

XL

i¼1

f ðdecoyi; initModeliÞ (5)

where f ðdecoyi; initModeliÞ represents the distance between the i-th
Ca atom of the evaluated decoy and the i-th Ca atom of the initial
model, and L is the length of the full-chain model.

Edist is the inter-domain distance potential. The predicted inter-
residue distance provides abundant spatial constraint information
for domain assembly, which can compensate for the effects of low-
quality structural analogues on domain assembly.

In this study, we used GeomNet, a geometric constraints pre-
diction network in our recently developed structure prediction
server (Liu et al., 2022), to predict the inter-residue distance of
full-chain. For the query sequence, MSA was generated by itera-
tive search against UniRef30 (Mirdita et al., 2017) and BFD
(Steinegger et al., 2019) databases by using HHblits (Steinegger
et al., 2019) with gradually relaxed e-values of 1e�30; 1e�10; 1e�6

and 1e�3. The input features of GeomNet were extracted from
MSA, including the inverse of the covariance matrix, the position
specific scoring matrix, the residue position entropy, and the one-
hot encoding of the query sequence. GeomNet contains 66 re-
sidual blocks, each of which consists of two 2D convolutional
layers, two instance normalization layers, two ELU activation
layers and a dropout layer.

The potential is defined as follows:

Edist ¼
XN�1

n¼1

XN
m¼nþ1

XRdomn

i¼1

XRdomm

j¼1

logððdi;j
Cb
� ui;jÞ2 þ 1Þ
ri;j

(6)

where di;j
Cb

is the real distance between Cb atom (Ca for glycine) of
the residue pair (i, j) in the evaluated decoy, and ui;j and ri;j are the

Fig. 1. (a) Pipeline of SADA for domain assembly. (b) Flowchart of multi-domain protein structure database construction. (c) Illustration of structural analogue detection. (d)

Illustration of two-stage differential evolution algorithm for domain assembly
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mean and standard deviation obtained by Gaussian fitting of the
residue pair (i, j) distance distribution, respectively.

The weighting parameters in Equation (2) were set as w1 ¼
0:52;w2 ¼ 0:20;w3 ¼ 0:50 and w4 ¼ ð1� LSscoreÞ. If the local simi-
larity score LSscore is greater than or equal to 0.82, w3 is set to 6.0. A
high LSscore indicates that the interaction direction inferred from
structural analogue is reliable. The weighting parameters are deter-
mined by maximizing the TM-score between the SADA models and
the native structures, which are optimized through an improved dif-
ferential evolution algorithm (Zhou et al., 2020). Details on the de-
termination of the weighting parameters can be found in
Supplementary Test S4.

2.4 Two-stage differential evolution algorithm for do-

main assembly
The assembly engine for domain assembly was carried out through
simultaneous rotation and translation of each domain. For each do-
main, its movement can be represented by a translation vector and
three rotation angles. Therefore, for a multi-domain protein with N
domains, the solution of domain assembly can be represented as a
(6�N)-dimensional target vector, and the solution S can be repre-
sented as follows:

S ¼ ðx1; y1; z1;/1;w1;x1; . . . ; xN; yN ; zN ;/N ;wN ;xNÞ (7)

where xN, yN and zN represent the translation vector of the N-do-
main, and /N ;wN and xN represent the three rotation angles of the
N-domain.

Under the guidance of the energy function, a two-stage differen-
tial evolution algorithm was proposed to determine the optimal so-
lution. The exploration stage aims to prevent the algorithm from
getting stuck in local optima and generate multiple superior top-
ology structures for the exploitation stage. Thus, the mutation strat-
egy of slow convergence speed and strong exploration capability
was used in this stage.

In the exploitation stage, the explored superior solutions rapidly
converged to the minimum. Therefore, on the basis of the superior
solutions generated in the previous stage, we further adjusted the
local position of these solutions to generate the optimal solution,
and the mutation strategy with fast convergence speed was used at
this stage. The algorithm description and parameters setting of the
two-stage differential evolution algorithm is described in
Supplementary Text S5.

3 Results and discussion

3.1 Dataset
To fairly compare the performance of SADA with other methods,
we used all the 356 proteins from the DEMO benchmark dataset as
the test targets (Zhou et al., 2019). The 356 proteins were generated
by separately clustering the proteins with different domain types and
structures from the template library of DEMO with a 30% sequence
identity cut-off. This benchmark included 166 2-domain (2dom), 69
3-domain (3dom), 40 �4-domain (m4dom) and 81 discontinuous-
domain (2dis) proteins. The maximum number of domains in
m4dom is 7. Supplementary Table S1 summarizes the details of the
356 test proteins, including PDB ID, protein length and the number
of domains.

3.2 Results of benchmark set
In this section, we reassembled the individual domain structures
excised from the experimental structure. The initial domain struc-
ture was randomly rotated and translated before assembly, and
structural analogues with a sequence identity >30% to the query
were excluded. SADA was compared with two well-known domain
assembly methods, namely, DEMO (Zhou et al., 2019) and AIDA
(Xu et al., 2015). The average results of the final models of SADA,
DEMO and AIDA on the benchmark set are shown in Table 1. The

detailed results of each protein are shown in Supplementary Tables
S2 and S3.

Overall, the average TM-score of SADA models is 0.80, which is
8.1% higher than that (0.74) of DEMO (with P-value¼1.28E�21)
and 27.0% higher than that (0.63) of AIDA (with P-
value¼8.91E�51), respectively. SADA correctly assembles (i.e.
TM-score � 0.5) 328 out of 356 targets, accounting for 92.1% of
the total, which is 3.1% and 13.9% more than that of DEMO and
AIDA, respectively. The respective P-values of DEMO and AIDA in-
dicate statistically significant differences between the methods. An
intuitive comparison of the TM-score between different methods is
shown in Figure 2.

Figure 2 shows the TM-score histograms in separate categories,
indicating that SADA assembles more accurate full-chain models for
the proteins of different types of domains. As the number of
domains increased, the performance of these methods decreased,
possibly because the search space of domain assembly simulations
increased as the degrees of freedom increased for proteins of more
domains. In addition, for SADA, 2dom and 3dom proteins account
for the majority in MPDB, and with the increase of the number of
domains, high-quality full-chain structural analogues were hard to
identify, thus affecting the performance. However, on the 40
m4dom proteins, the average TM-score is 0.60, which is 13.2%
higher than that of the second-best method (DEMO). It is because
we used GeomNet to capture the distance information between
domains, thus compensating for the quality decline of structural
analogues.

Generally, models of SADA have a higher TM-score than that of
other methods, and the overall quality of the multi-domain models
is acceptable, with an average TM-score of 0.68 for proteins with 3
or more domains, 74.3% of which had a TM-score �0.5.

To more rigorously compare the performance of SADA with the
other two methods, we examined the overlap proteins between

Table 1. Summary of domain structure assembly by using experi-

mentally solved domains on 356 test proteins

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

SADA 0.80 328 –

DEMO 0.74 318 1.28E�21

AIDA 0.63 288 8.91E�51

Note: TM-score represents the average TM-score of final full-chain models.

#TM-score �0.5 represents the number of models with TM-score �0.5. The

values in the last column are the results of the Wilcoxon signed-rank test

based on the comparison with the TM-score of SADA.

Fig. 2. Boxplot for the TM-score of the assembly models by SADA, DEMO and

AIDA. The square and horizontal lines in the box represent the mean and median

TM-scores, and the horizontal lines on the top and bottom are the maximum and

minimum TM-scores, respectively
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DEMO benchmark set and GeomNet training set with CD-HIT.
After checking by CD-HIT, we found that 58 proteins of the DEMO
benchmark set have the sequence identity >40% to proteins in the
GeomNet training set. Therefore, we removed these 58 proteins
from the DEMO test set, and re-analysed the performance of SADA
on the remaining 298 test proteins. On the remaining 298 test pro-
teins, the average results of the final models of SADA, DEMO and
AIDA were summarized in Supplementary Table S4. It was found
that the conclusion for the performance of SADA and its advantage
over the control methods were not changed.

In addition, to test the robustness of SADA, we run SADA 10
times on the benchmark set. The average results and the P-value be-
tween results of each run are shown in Supplementary Tables S5 and
S6, respectively. The results indicate that there was no significant
difference between the results of 10 independent runs of SADA.

We also recorded the algorithm’s running time for each test pro-
tein and summarized in Supplementary Figure S2 and Table S7. The
runtime of each protein is shown in Supplementary Table S8. Here,
the final model of SADA is generated by running the whole pipeline
of SADA once, and the structural analogous templates with a se-
quence identity >30% to the target were excluded. The hardware
used is a computer cluster with CentOS 7.9 system, 10�80-core
DELL PowerEdge R940XA 4U nodes running at 2.5 GHz.

3.3 Coverage of multi-domain proteins in the MPDB
On the benchmark set, we compared the coverage of MPDB and
that of template library used in DEMO (Zhou et al., 2019). Here,
the template library used in DEMO is denoted as DEMO-lib. In the
MPDB and DEMO-lib, TM-align (Zhang and Skolnick, 2005) was
used to calculate the TM-score (Zhang and Skolnick, 2004) between
each test protein and the proteins in the two databases, respectively.
For each test protein, the average TM-score of the top 10 templates
with the highest TM-score was considered as the coverage score of
the test protein in the corresponding database.

At a sequence identity cut-off of 30%, the average coverage
score of MPDB is 0.57, which is 7.5% higher than that of DEMO-
lib (0.53) on the 166 2dom proteins. The average coverage score of
MPDB is 0.56, which is 12.0% higher than that of DEMO-lib
(0.50) on the 69 3dom proteins. On the m4dom proteins, the aver-
age coverage score of MPDB is 0.48, which is 6.7% higher than that
of DEMO-lib (0.45). The average coverage score of MPDB is 0.56
on the 81 2dis proteins, which is 5.7% higher than that of DEMO-
lib (0.53). The P-value between the coverage scores of MPDB and
that of DEMO-lib is 5.54E�53, indicating that there is a significant
difference between the coverage score of MPDB and DEMO-lib.
The head-to-head comparisons between the coverage score of each

test protein in DEMO-lib and MPDB are shown in Figure 3a. At a
sequence identity cut-off of 50%, the average coverage score of
MPDB is 0.60, which is 9.1% higher than that of DEMO-lib (0.55)
for the 356 test proteins. At a sequence identity cut-off of 70%, the
average coverage score of MPDB is 0.61, which is 10.9% higher
than that of DEMO-lib (0.55). The detailed coverage score for each
test protein and the summaries of different databases are listed in
Supplementary Tables S9–S14. At sequence identity cut-offs of 50%
and 70%, the head-to-head comparisons between the coverage score
of each test protein in DEMO-lib and MPDB are shown in
Supplementary Figure S3.

These results show that the constructed MPDB covers remark-
ably more multi-domain protein structures than DEMO-lib, and
there is the significant difference between the coverage score of
MPDB and that of DEMO-lib.

3.4 Performance of the structural analogue detection
There are some proteins that the sequence identity between them is
low, but they have similar topologies. These proteins may be import-
ant for structural modelling of multi-domain proteins.

Structural analogue serves as the basis for SADA, and in this
study, we tested the performance of the structural analogue detec-
tion algorithm. On the 356 test proteins, the proposed structural
analogue detection algorithm was used to detect structural ana-
logues of the full-chain according to the individual domain models,
and the structural analogue with the highest LSscore was used to cal-
culate TM-score between the analogue and native structure of target
protein. When the sequence identity was <30%, the average TM-
score of the 356 structural analogues with the highest LSscore was
0.56, where 192 cases have the highly similar topologies to the na-
tive structures with TM-score � 0.5. When the sequence identities
are <50% and 70%, the average TM-score of the structural ana-
logues increased to 0.64 and 0.65, respectively. The number of
structural analogues with TM-score �0.5 to the full-chain native
structures were 239 and 247, respectively. The detailed TM-score of
structural analogues for each test protein at different sequence iden-
tity cut-offs are shown in Supplementary Tables S15 and S16. At dif-
ferent sequence identity cut-offs, the average TM-scores of
structural analogues are always more than 0.5, indicating that the
detected structural analogues can describe the global topological
structure of the full-chain for the majority of multi-domain proteins
in the test set. For the 356 test proteins, the LSscore of the top 1 struc-
tural analogue is shown in Supplementary Table S17. Figure 3b
shows the distributions between LSscore and TM-score at a sequence
identity cut-off of 30%. At sequence identity cut-offs of 50% and

Fig. 3. (a) Head-to-head comparison between the coverage score of the test proteins in DEMO-lib and MPDB when the sequence identity between the test protein and the pro-

teins in MPDB and DEMO-lib is <30%. The x-axis represents the coverage score of the test proteins in the DEMO-lib. The y-axis represents the coverage score of the test pro-

teins in the MPDB. (b) Distribution of LSscore and TM-score under sequence identity of <30%. For each blue circle, the x-axis represents the LSscore of the structural analogue

with the highest LSscore in the corresponding test protein, and the y-axis represents the TM-score between the native structure of the test protein and the detected structural ana-

logue. The least-squares linear fit and Pearson correlation coefficient (PCC) are listed in (b). (c) Head-to-head analysis between the TM-score of analogue and that of homo-

logue under the sequence identity cut-off of 30%. For each black circle, the x-axis represents the TM-score between the native structure of the test protein and the top 1

homologous template, and the y-axis represents the TM-score between the native structure of the test protein and the structural analogue with the highest LSscore. The black

circles in the yellow area represent that the homologous templates of these test proteins cannot be detected by JackHMMER
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70%, the distributions between LSscore and TM-score are shown in
Supplementary Figure S4.

To further prove the effectiveness of the proposed structural ana-
logue detection algorithm, the Pearson correlation coefficient be-
tween LSscore of the top 1 structural analogue and TM-score of the
structural analogue to the native structure was calculated. The
Pearson correlation coefficients between the LSscore and TM-score
are 0.80, 0.80 and 0.81 at sequence identity cut-off values of 30%,
50% and 70%, respectively.

The results show that the proposed structural analogue detection
algorithm can effectively detect the structural analogues of full-
chain and verify that domains often interact in the similar way in the
quaternary orientations if the domains have similar tertiary
structures.

3.5 Impact of distance and structural analogue on SADA
In SADA, an energy function with the inter-residue distance poten-
tial predicted by GeomNet was used to guide domain assembly. The
inter-residue distance information was not used in SADA to discuss
the effect of the predicted distance information, and experiments
were conducted on 356 test proteins. The SADA without using pre-
dicted distance information, namely, SADA-w/o-D, was used for
comparative experiments to explore the contribution of the distance
information predicted by GeomNet. In order to study the contribu-
tion of templates to the performance of SADA, we assembled the
356 DEMO test proteins without using any structural analogous
templates (named SADA-w/o-T). The domain assembly results of
SADA, SADA-w/o-D and SADA-w/o-T on the benchmark set are
shown in Supplementary Table S18 and summarized in
Supplementary Table S19. For an intuitive comparison of the effect
of the structural analogous templates and predicted distance, the
average TM-score histogram in separate categories is depicted in
Figure 4.

Based on the results, SADA achieves a better TM-score than
SADA-w/o-D in 275 out of 356 proteins. The average TM-score of
SADA is 0.80 on 356 test proteins, which is 8.1% higher than that
of SADA-w/o-D (0.74). On 166 2dom proteins and 81 2dis proteins,
the average TM-scores of SADA (0.83 for 2dom and 0.89 for 2dis)
are 5.1% and 4.7% higher than that of SADA-w/o-D (0.79 for
2dom and 0.85 for 2dis), respectively. Especially, on 69 3dom pro-
teins and 40 m4dom proteins, the average TM-scores of SADA
(0.72 for 3dom and 0.60 for m4dom) are 10.8% and 25.0% higher
than that of SADA-w/o-D (0.65 for 3dom and 0.48 for m4dom), re-
spectively. The performance of SADA degrades when the template
information is not used. On the 356 test proteins, the average TM-
score of SADA-w/o-T is 0.75, which is 6.3% lower than that of
SADA.

The performance of SADA is significantly improved when the
inter-residue distance potential and structural analogous template
information are combined simultaneously to guide the domain as-
sembly. These results indicate that the predicted distance and

analogous templates are complementary to the improvement in
SADA performance.

3.6 Complementarity analysis between structural

analogue and homologue
Template, as an important part of protein structure modelling, is
mainly derived from homologous proteins. However, homologous
templates for individual domains can often be detected, but tem-
plates that can be used to model the entire query protein are often
unavailable. Therefore, structural analogues are suitable for multi-
domain protein modelling in some cases, because some proteins are
formed by duplication, divergence and recombination of domains.

Among the 356 test proteins, we analysed the quality of the
detected structural analogues and the homologues searched by
JackHMMER (Eddy, 1998). Here, the parameters of JackHMMER
were set as default, and each domain model of test proteins was a
native model. When the sequence identity cut-offs were 30%, 50%
and 70%, the structural analogue with the highest LSscore and the
top 1 homologue were used to calculate the TM-score between the
analogue (homologue) and native structure of target protein, re-
spectively. The detailed results of each protein are shown in
Supplementary Tables S15 and S20, respectively. At a sequence
identity cut-off of 30%, the head-to-head analysis between the TM-
score of the analogue with the highest LSscore and that of the top 1
homologue are shown in Figure 3c. At a sequence identity cut-off of
30%, homologous templates of 100 test proteins cannot be searched
in MPDB, and the TM-score of the structural analogues is greater
than or equal to that of homologues in 169 out of the 256 test pro-
teins. For the 100 proteins without homologous templates, there are
24 structural analogues with TM-score �0.5. The results are sum-
marized in Supplementary Table S21.

At a sequence identity cut-off of 50%, homologous templates of
71 test proteins cannot be searched. Among the 285 test proteins,
the average TM-score of the top 1 homologue is 0.66 and the aver-
age TM-score of the analogues with the highest LSscore is 0.68. The
TM-score of the analogues is greater than or equal to that of homo-
logues in 213 out of the 285 test proteins. Among the 71 test pro-
teins, 22 structural analogues have TM-score �0.5. The results are
summarized in Supplementary Table S22. At a sequence identity
cut-off of 70%, homologues of 65 test proteins cannot be searched.
Among the 65 test proteins, 20 structural analogues have TM-score
�0.5. The TM-score of the analogues is greater than or equal to that
of homologues in 218 out of the 291 test proteins. The results are
summarized in Supplementary Table S23. The head-to-head analysis
at identity cut-offs of 50% and 70% are shown in Supplementary
Figure S5.

These results show that the structural analogues and homologues
are complementary. For the test proteins in which the JackHMMER
cannot search for homologues, the proposed structural analogues
detection algorithm can detect some structural analogues with a
TM-score �0.5.

3.7 Assembly multi-domain proteins using analogue

and homologue
To further study the difference of analogues and homologues on the
accuracy of domain assembly, we used SADA-w/o-D to assemble
the full-chain structure of multi-domain proteins according to the
homologous templates and analogous templates, respectively. In this
study, SADA-w/o-D was used to assemble domains, because the in-
fluence of distance information predicted by deep learning needs to
be excluded.

At a sequence identity cut-off of 30%, the initial models were
generated based on the analogue with the highest LSscore and top 1
homologue, respectively. The final results are shown in
Supplementary Table S24. Among the 256 test proteins with homo-
logues detected by JackHMMER, the average TM-scores were 0.75
and 0.76 for the full-chain models generated by SADA-w/o-D using
homologues and analogues, respectively. SADA-w/o-D using ana-
logues obtained full-chain models with TM-score �0.5 in 218 out of
256. SADA-w/o-D using homologues obtained models with

Fig. 4. Average TM-score of the final model assembled by SADA, SADA-w/o-D and

SADA-w/o-T on 356 test proteins

4518 C.-X.Peng et al.

D
ow

nloaded from
 https://academ

ic.oup.com
/bioinform

atics/article/38/19/4513/6665901 by guest on 17 August 2025

https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btac553#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btac553#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btac553#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btac553#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btac553#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btac553#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btac553#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btac553#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btac553#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btac553#supplementary-data


TM-score �0.5 in 214 out of 256. The full-chain models generated
by SADA-w/o-D using analogue are better than those using homo-
logue in 132 out of the 256 test proteins. Especially, on the 100 test
proteins without homologous templates, 88 full-chain models have
a TM-score �0.5. For an intuitive analysis of the quality of full-
chain models assembled by using different templates, the head-to-
head comparison is shown in Figure 5.

Three illustrative examples are shown from Figure 5. For the
2dom protein 1hx6B, JackHMMER cannot detect homologous tem-
plate at a sequence identity cut-off of 30%, while SADA-w/o-D
assembled the full-chain model with TM-score of 0.99 by using
analogous template. For the 3dom protein 3h5cB, the full-chain
model with TM-score of 0.56 was generated using homologous tem-
plate, while SADA-w/o-D using analogous template assembled the
full-chain model with TM-score of 0.98. For the 2dom protein
3kjpA, SADA-w/o-D using homologous and analogous template
assembled the full-chain models with TM-scores of 0.94 and 0.58,
respectively.

These results further demonstrate that analogues and homologues
are complementary, and the combination of analogues and homo-
logues may improve the modelling accuracy of multi-domain proteins.

3.8 Assembly human multi-domain proteins
Although AlphaFold2 predicted the structures of many protein tar-
gets at or near experimental resolution, for some multi-domain pro-
teins, the quality of its predicted structures may be further improved
by SADA. In this section, we reassembled 293 human multi-domain
proteins randomly selected from AlphaFold Protein Structure
Database (AFDB) according to three criteria: �90% residues were
solved in the native structure, the sequence identity to the training
set of GeomNet is <40%, and the <30% sequence identity to each
other (Tunyasuvunakool et al., 2021). Here, the individual domain
models for SADA assembly were decomposed from the full-chain
structures of AlphaFold2. Under 30%, 70%, and 100% sequence

identity cut-offs used to exclude structural analogous templates for
SADA assembly, the results are summarized in Supplementary
Tables S25–S27, and the head-to-head comparison between the
TM-score of full-chain models generated by SADA and AlphaFold2
are shown in Supplementary Figure S6.

On the 293 human multi-domain proteins, the average TM-
score of the models deposited in AFDB is 0.87, where the
AlphaFold2 did not remove any homologous proteins, including the
native for modelling, and it is trained on a copy of the PDB (Jumper
et al., 2021). Therefore, AlphaFold2 can achieve high-accuracy
structure prediction on most proteins. When structural analogous
templates with a sequence identity >30% to the target were
excluded for SADA assembly, the average TM-score of the models
assembled by SADA is 0.80. For the 96 proteins with the TM-score
of AlphaFold2 model <0.90, the average TM-score of models of
AlphaFold2 is 0.66, and the average TM-score of models assembled
by SADA is 0.59, where the models assembled by SADA achieves
better TM-score in 36 out of 96 proteins. When structural analo-
gous templates with a sequence identity >70% to the target were
excluded for SADA assembly, the average TM-score of the models
assembled by SADA is 0.81. For the 96 proteins with the TM-score
of AlphaFold2 model <0.90, the average TM-score of models
assembled by SADA is 0.61, and some multi-domain protein models
of AlphaFold2 are significantly improved after SADA assembly. As
the protein 1s8oA is shown in Figure 6, it was composed of two
domains, where the TM-scores for the models decomposed from the
full-chain structures of AlphaFold2 for domains 1 and 2 were 0.98
and 0.97, respectively, but the full-length structure achieved a TM
score of 0.72. However, the TM-score of the full-chain model gener-
ated by SADA achieved 0.97. When the sequence identity cut-off for
SADA assembly is also set to 100%, which is same with that used
by AlphaFold2, the average TM-score of SADA is 0.88, which is
higher that of AlphaFold2 (0.87). On the 22 out of 293 proteins, the
improvement of TM-score after the reassembly is �0.10. Especially
for the 96 proteins of with the TM-score of AlphaFold2 model
<0.9, the average TM-score of models assembled by SADA is 0.70,
which is 6.1% higher than that of AlphaFold2 (0.66), and SADA
achieves better TM-score than AlphaFold2 in 57 out of 96 proteins.

These results also show that SADA probably can improve the
quality of AlphaFold2 models to a certain extent. To help determine
in which scenarios SADA may be used to be complementary to the
AlphaFold2, the relationship between the average pLDDT cut-off of
the AlphaFold2 full-chain model and the proportion of the cases
improved after SADA reassembly is shown in Supplementary Figure
S7. On the 293 human multi-domain proteins, these models of
AlphaFold2 with average pLDDT �75, �89% models were
improved by SADA.

3.9 Results of CASP14 multi-domain targets
SADA is also compared with the latest version of AlphaFold2 and
RoseTTAFold on all CASP14 multi-domain targets. It should be

Fig. 5. Head-to-head comparison between TM-scores of the models assembled by

SADA-w/o-D using homologue and analogue. The circles in the left marked region

represent that the homologous templates of these test proteins cannot be detected by

JackHMMER. The different colours in protein structures represent different

domains, and transparent grey is native structure

Fig. 6. The representative example (1s8oA) is showing SADA generates more accur-

ate full-chain model than AlphaFold2. Grey is native structure, and different do-

main models are represented by different colours
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noted that the AlphaFold2 models were regenerated using its latest
standalone package rather than from the results reported in
CASP14. This is because the models of AlphaFold2 belong to the
type of human group in CASP14. RoseTTAFold models were gener-
ated by the RoseTTAFold standalone package. The head-to-head
comparison between the TM-score of full-chain models assembled
by SADA and that of AlphaFold2 and RoseTTAFold is shown in
Supplementary Figure S8, and the results are summarized in
Supplementary Table S28. Here, the individual domain models for
SADA assembly were independently predicted by AlphaFold2.

On average, the models assembled by SADA achieve an average
TM-score of 0.82, which is slightly lower than that of AlphaFold2
(0.84), but obviously higher than that of RoseTTAFold (0.52). It is
probably mainly due to some incorrect domain models predicted by
AlphaFold2, which affects the performance of SADA. When remov-
ing the targets with TM-score of domains �0.60 (T1058, T1061
and T1070), however, SADA obtains a comparable (or slightly
higher) TM-score (0.871) to AlphaFold2 (0.867). These results
show that the quality of full-chain structures assembled by SADA
using the independently predicted domains is comparable to that of
AlphaFold2, but higher than that of RoseTTAFold. If we further in-
put the experimental structure of individual domains, SADA
achieves an even higher TM-score (0.873) on all CASP14 multi-
domain targets, where the native structures of targets are excluded.

These results demonstrated that although the overall model qual-
ity of SADA relies on the quality of individual domains, SADA has
the ability to assemble the domain orientation better than the state-
of-the-art neural-network models when starting from correct
domain models. In addition, SADA allows the algorithm to split
proteins into domains for independent modelling followed by do-
main assembly and is helpful for saving the computational resources
for modelling large-size proteins. This is important for the large-size
proteins that usually cannot be handled by the end-to-end method.
For AlphaFold2, predicting large proteins can easily exceed the
memory of a single GPU. For example, for the target T1050 from
CASP14 (779 residues), AlphaFold2 exceeds the memory of the
GPU (NVIDIA TITAN RTX, 24GB), but the full-chain model can
be generated by SADA based on the domain structures independent-
ly modelled by AlphaFold2. The accuracy of the assembled full-
chain model (TM-score¼0.97) is consistent with the full-chain
model directly predicted by AlphaFold2 (TM-score¼0.97) using a
more advanced GPU (TESLA V100, 32GB).

3.10 The potential of SADA in predicting protein

complexes
We randomly selected eight proteins from the (Vreven et al., 2015)
benchmark set to test the potential of SADA for assembling the
domain-domain interactions as being in different chains, and com-
pared it with AlphaFold-Multimer (Evans et al., 2021) and
RoseTTAFold (Baek et al., 2021). Here, the structures of the eight
proteins were constructed using a simply extended version of SADA
in which each chain was treated as a virtual ‘domain’ but the con-
nectivity requirement between the virtual ‘domains’ was ignored,
and the structures of single chain were predicted by the
AlphaFold2’s latest standalone package.

Compared with the models predicted by RoseTTAFold, the mod-
els assembled by SADA achieve an average TM-score of 0.74, which
is higher than that of RoseTTAFold (0.71). The comparison results
of these 8 proteins are shown in Supplementary Figure S9, which
indicates that SADA can generate comparable or better domain-
domain interactions as being in different chains than RoseTTAFold
in seven out of eight cases. For 1grn, the structures of the single
chain were correctly modelled with TM-scores >0.90. However, the
domain orientations were not correctly predicted by RoseTTAFold,
which resulted in the protein model with a relative low TM-score-
¼0.78 for RoseTTAFold. SADA correctly modelled the domain ori-
entations as being in different chains and obtained a model with
TM-score¼0.97. For 1rke, the domain-domain interactions as
being in different chains were predicted by SADA (0.92) and
RoseTTAFold (0.89), achieving a comparable TM-score.

Further, we compared SADA and AlphaFold-Multimer on the
eight proteins. Overall, the average TM-score of models generated
by AlphaFold-Multimer is 0.87, which is higher than that of SADA.
This may be because AlphaFold-Multimer is specifically optimized
for complex modelling and trained on a dataset that includes multi-
mers. However, all templates in MPDB are single chain proteins,
and the GeomNet is also trained on single chain proteins. Therefore,
compared with AlphaFold-Multimer, the interaction between
different chains may not be easily captured by SADA. It is worth
mentioning that SADA can produce comparable results than
AlphaFold-Multimer in proteins 1ab9, 1grn, 1lya and 1rke, as
shown in Supplementary Figure S10.

These results show that although SADA is proposed for assem-
bling domain–domain interactions as being in one chain, it also has
the potential to be extended to assemble the domain–domain inter-
actions as being in different chains.

4 Conclusion

We developed a structural analogue-based protein structure domain
assembly method assisted by deep learning, named SADA. In SADA,
an MPDB was constructed using DomainParser and the domain
knowledge defined in CATH and SCOPe databases, named MPDB.
Based on MPDB, a structural analogue detection algorithm was pro-
posed, to identify the structural analogues of full-chain from MPDB
through structural alignment of individual domain models. Based on
the detected analogue, the initial full-chain model was generated.
Under the guidance of the energy function with an inter-residue dis-
tance potential predicted by GeomNet, domain assembly was simu-
lated by a two-stage differential evolution algorithm to generate the
final full-chain model. In the exploration stage, some superior top-
ology structures were generated. In the exploitation stage, the local
position was optimized based on the superior topology structures.
Results on 356 tested proteins show that the proposed SADA signifi-
cantly outperforms most state-of-the-art domain assembly methods.
In addition, SADA was also applied to assemble 293 human multi-
domain proteins from AlphaFold Protein Structure Database, and
some cases achieved better models. Especially for the 96 proteins
with the TM-score of AlphaFold2 model <0.9, the average TM-
score of models assembled by SADA is 0.70, which is 6.1% higher
than that of AlphaFold2 (0.66). The results show that SADA can be
complementary to the end-to-end protein structure prediction meth-
ods (e.g. AlphaFold2) to generate alternative or better models.

In this study, the Pearson correlation coefficient between the
local similarity score LSscore and TM-score is 0.80 at sequence iden-
tity cut-off of 30%. The results indicate that domains often interact
in the similar way in the quaternary orientations if they have similar
tertiary structures. Moreover, the analysis of homologues searched
by JackHMMER and analogues detected by the proposed algorithm
shows that they are complementary. If more suitable templates can
be selected from homologues and analogues, the accuracy of multi-
domain protein structure modelling can be further improved.

Furthermore, we also assembled the domain-domain interactions
as being in different chains using a simply extended version of
SADA. These results indicate that SADA has the potential to be
extended to assemble the domain–domain interactions as being in
different chains. In addition, compared with the AlphaFold-
Multimer directly generating final models, SADA reports structural
analogues and structural alignments, which helps to further explain
the domain–domain interactions and provides functional insights
for further studies on the protein. A study of more advanced SADA
for the domain–domain interactions as being in different chain as-
sembly strategies will be our next research direction.
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