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Abstract 

Synthetic binding proteins (SBPs) represent a pivotal class of artificially engineered proteins, meticulously crafted to exhibit targeted binding 
properties and specific functions. Here, the SYNBIP database, a comprehensive resource for SBPs, has been significantly updated. These 
enhancements include (i) featuring 3D structures of 899 SBP–target comple x es to illustrate the binding epitopes of SBPs, (ii) using the str uct ures 
of SBPs in the monomer or comple x f orms with target proteins, their sequence space has been expanded five times to 12 025 by integrating a 
str uct ure-based protein generation frame w ork and a protein property prediction tool, (iii) offering detailed information on 78 473 newly identified 
SBP-lik e scaff olds from the R CSB P rotein Data B ank, and an additional 16 401 555 ones from the AlphaFold Protein Str uct ure Database, and (iv) 
the database is regularly updated, incorporating 153 new SBPs. Furthermore, the str uct ural models of all SBPs ha v e been enhanced through 
the application of the AlphaFold2, with their clinical statuses concurrently refreshed. Additionally, the design methods employed for each SBP 

are now prominently featured in the database. In sum, SYNBIP 2.0 is designed to provide researchers with essential SBP data, facilitating their 
inno v ation in research, diagnosis and therapy. SYNBIP 2.0 is now freely accessible at https:// idrblab.org/ synbip/ . 
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ntroduction 

ynthetic binding proteins (SBPs) are a class of artificially
esigned protein binders with specific functions, which have
road applications in research, diagnosis and therapy. Com-
ared with classical antibodies, the SBPs are smaller, and most
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( 1 ) containing 68 diverse SBP scaffolds was, therefore, con-
structed and has rapidly emerged as an indispensable com-
plement to other SBP-related databases ( 3–11 ) in aiding pro-
tein engineering ( 12–16 ), protein structure prediction ( 17–20 ),
protein function annotation ( 21–27 ), proteomic research ( 28–
32 ) and so on ( 33–39 ). 

In recent years, both physics-based method ( 40 ) and deep
learning ( 41 ,42 ) have achieved notable advancements in the
design of SBPs ( 43–49 ), while the ongoing challenge of acquir-
ing high-quality, diverse and representative datasets persists,
thereby limiting the full potential of those methods ( 50 ). First
of all, the structural understanding of SBP in complex with
target protein, which encompasses vital details of the inter-
action interface. This knowledge is crucial for enhancing the
precision and efficiency of SBP design ( 44 ,51–53 ). Addition-
ally, the concept of expanding the sequence space of SBPs has
emerged as a cutting-edge trend in synthetic biology, aimed
at uncovering novel protein binders with tailored functional
capabilities ( 54–57 ). It is imperative to effectively construct
high-quality in silico protein libraries, characterized by excel-
lent solubility and stability, for subsequent experimental val-
idation against target proteins ( 58–61 ). Furthermore, the re-
markable progress of structure-based protein comparison al-
gorithm ( 62 ) has made it technically viable to investigate SBP-
like scaffolds across the scale of the known protein universe
( 63 ). This exploration can serve as a vital data repository for
the development of SBPs, offering valuable starting points for
protein engineering endeavors ( 64 ) and providing extensive
datasets for the training of artificial intelligence (AI) models
to generate innovative scaffolds ( 65 ). 

To date, several active online repositories have been estab-
lished to freely provide SBP-related data. The majority of them
focused on providing comprehensive information on either se-
quences (e.g. ABCD ( 3 ) and sdAb-DB ( 6 )), or structures (e.g.
Thera-SAbDab ( 5 ) and PyIgClassify ( 7 )), or both (e.g. Yvis ( 4 ))
of antibody and nanobody. Although esteemed databases such
as STRING ( 8 ), BioGRID ( 9 ) and PDBbind ( 66 ) contain ex-
tensive records of biological interactions including protein–
protein interactions, an initial analysis of the data indicates
that only a small subset ( ∼8%) of SBPs in complex with tar-
get proteins are actually available. For the sequence space, it
exhibits considerable variation in SYNBIP, with the number
of SBPs underlying each scaffold varying from 1 (e.g. Chaper-
onin 10-based binder) to 271 (e.g. nanobody) ( 1 ). While the
conventional method of directed evolution, which is typically
employed to uncover new functions or enhance protein prop-
erties ( 65 ), appears to be inadequate for efficiently expand-
ing the sequence space of SBPs such as Chaperonin 10-based
binder. Furthermore, the number of scaffolds (e.g. 68 collected
in SYNBIP ( 1 )) is insufficient for training advanced AI models.
In summary, all the existing online resources do not systemati-
cally describe those important data, which require for a major
update of SYNBIP to provide the comprehensive information
on describing the binding epitopes, expanded sequence space
and new scaffolds of SBPs. 

To fill in those gaps, a major update of SYNBIP was there-
fore performed in this work. (i) The binding epitopes of 870
representative SBPs covering 86.8% scaffolds and 74.1% tar-
get proteins collected in SYNBIP were mapped at atomic level
by providing 899 structures of SBP–target complexes. (ii) The
sequence space of SBPs was expanded by five times (12 025 se-
quences) through integrating the structure-based protein gen-
eration framework ProteinMPNN ( 41 ) and a protein prop-
erty prediction tool based on monomer or complex structures.
(iii) 78 473 and 16 401 555 protein domains with SBP-like 
scaffolds come from 54 736 different organisms were iden- 
tified by Foldseek ( 62 ) from the RCSB Protein Data Bank 

(RCSB PDB) ( 67 ) and AlphaFold Protein Structure Database 
(AlphaFold DB) ( 63 ), respectively. (iv) Routine updates were 
performed on this database, with 153 new SBPs added, cov- 
ering 25% (17 / 68) of the scaffolds, and all SBP structures 
have been meticulously updated utilizing AlphaFold2, com- 
plemented by the latest information on their clinical status and 

a showcase of their design methodologies. Therefore, the sys- 
tematical data refer to this majority update of SYNBIP laid a 
solid foundation for rational protein engineering and design,
which will facilitate discovery of novel functional-specific pro- 
tein binders used in research, diagnosis and therapy. SYNBIP 

2.0 is now freely accessible without any login requirement at: 
https:// idrblab.org/ synbip/ . 

Factual content and data retrieval 

The binding epitopes of SBPs in complex with their 
target proteins 

The binding epitopes determine the potency and specificity 
of the interactions between SBPs and their target proteins,
thereby exerting a direct influence on their functional charac- 
teristics ( 68–72 ). In SYNBIP 2.0, we have curated a dataset of 
899 SBP–target complex structures to present a comprehen- 
sive overview of binding epitope information between SBPs 
and their target proteins. Of the 899 complexes, 221 were 
experimentally determined SBP–target complexes obtained 

from the RCSB PDB ( 67 ), encompassing 27 distinct scaffolds 
and 116 different target proteins, respectively. Despite this,
the information of SBPs’ binding epitopes of remains insuf- 
ficient, necessitating the application of molecular modeling 
techniques to construct more SBP–target complexes. While the 
experimental complexes can provide valuable information for 
the precise selection of binding regions, these data are essential 
during the complex’s modeling process. 

Accordingly, the remaining 678 SBP–target complexes cov- 
ering 41 scaffolds, which were provided as a valuable sup- 
plementary resource for the experimental structures, were 
constructed through a rigorously validated computational 
framework ( 17 ). Details of this computational framework 

and flowchart ( Supplementary Figure S1 ) are given in the 
Supplementary Data . Four representative crystal complexes 
with SBP from different scaffolds and binding targets were se- 
lected for redocking study in the Supplementary Data , demon- 
strating the applicability of this method in modeling SBP–
target complexes ( Supplementary Figure S2 ). The structural 
qualities of the 678 computationally modeled SBP–target 
complexes were thoroughly assessed using the RosettaDock 

criteria ( 73 ) as described in the Supplementary Data . Fig- 
ure 1 A illustrates that the models exhibit an overall satisfac- 
tory quality, with the distribution of high-quality, medium- 
quality and acceptable-quality complexes being 296 (44%),
314 (46%) and 68 (10%), respectively. This categorization un- 
derscores the robustness of our computational framework in 

generating reliable models for further analysis. Using the high- 
quality structure of Affibody anti-CTX-M-15 A5888 (SBP) 
in complex with β-lactamase (target) as an example (Fig- 
ure 1 B), the I_rmsd values for the top 5 models are 1.044,
0.993, 1.002, 1.013 and 0.982 Å (green plots in Figure 1 B).

https://idrblab.org/synbip/
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae893#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae893#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae893#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae893#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae893#supplementary-data
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Figure 1. A statistical analysis of the binding epitopes of SBPs, along with an illustrative example of SBP–target interaction. ( A ) The distribution of 
SBP–target comple x es from e xperiment and computational frame w ork, as w ell as the qualit y distribution of comput ationally modeled comple x es. ( B ) 
T he R oset ta doc king funnels of the high-qualit y comput ationally modeled complex (e.g . Affibody anti-CTX-M-15 A5888 in complex with β-lact amase). 
The plots on green color have the lowest docking interface score with an I_rmsd ≤ 4 Å. ( C ) The number of SBP–target complexes with corresponding 
interaction types. T he y represent the number of comple x es possessing the corresponding interaction, with each complex counted as 1 regardless of the 
presence of multiple such interactions within it. ( D ) The interaction analysis of the high-quality computationally modeled complex (e.g. Affibody 
anti-CTX-M-15 A5888 in complex with β-lactamase). 
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he final selected model has an I_rmsd value of 0.993 Å,
hich is considered high-quality according to RosettaDock

riteria. 
In addition, the interaction interfaces of these complexes

ere analyzed using the Protein–Ligand Interaction Profiler
PLIP) tool ( 74 ). Summary of the 899 analyzed complexes re-
ealed that the primary interactions between SBPs and their
argets are hydrogen bonds, hydrophobic interactions, salt
ridges, π-stacking and π–cation interactions, with the num-
ers of 887, 880, 495, 142 and 85, respectively, as depicted
n Figure 1 C. For instance, in the Affibody anti-CTX-M-15
5888 bound to the β-lactamase complex, several key inter-
ctions as mentioned above are observed (Figure 1 D). The
esidues Tyr25, Ala29, Phe30 and Lys50 on Affibody anti-
TX-M-15 A5888 engage in hydrophobic interactions with
eu105, Asn107, Pro170 and Thr174 on β-lactamase. Ad-
itionally, Trp32, Asp36, Glu47 and Asp53 on the Affibody
orm hydrogen bonds with Lys102, Asn107, Tyr108, Asn109,
er240, Pro271 and Ser275 on β-lactamase. Furthermore,
sp36 and Lys50 on the Affibody establish salt bridges with
lu113 and Arg277 on β-lactamase. The detailed information
t the interaction interface can be utilized to guide the ratio-
al design of new SBPs with enhanced potency and specificity.
oreover, researchers have the option to download analysis

les for each complex from the website of the database, en-
bling more intuitive visualization. 
Expanding the sequence space of SBPs and the 

concurrent prediction of their properties 

Currently, the main methods of SBPs within SYNBIP are devel-
oped through conventional protein design techniques, includ-
ing site-directed mutagenesis and directed evolution ( 1 ). There
are limited variety of available SBPs under each scaffold, ex-
emplified by the presence of only one SBP in the chaperonin
10-based binder scaffold. This suggests that the traditional
approaches have inherent constraints when it comes to engi-
neering SBPs for specific protein scaffolds. This limitation may
stem from the fact that conventional protein design lacks the
capability to exhaustively explore the entire sequence space
( 75 ). More recently, deep learning-based methods in de novo
protein design have seen a breakthrough ( 41 ). Among them,
the state-of-the-art ProteinMPNN framework outperforms in
rapidly designing functional proteins, such as SBPs, with a re-
markably high success rate ( 41 ,45 ). Furthermore, it demon-
strates the capability to enhance various protein attributes,
including solubility and stability ( 60 ,76 ). 

In SYNBIP 2.0, the sequence space of SBPs was expanded
by five times to 12 025 using ProteinMPNN ( 41 ) based on
1527 SBP monomers and 878 SBP–target complexes. Notably,
the generated proteins have good sequence recovery (average
sequence recovery is 49.2%) ( 77 ). Furthermore, the solubil-
ity and stability of those potential SBPs were predicted by
Protein-Sol ( 78 ) and Instability Index (II) ( 79 ), respectively.
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Figure 2. Statistics and comparison of properties between expanded sequences and original SBPs. ( A ) The number of proteins with improved 
properties (solubility or stability) after advanced generative protein design. In this work, the sequence space of each original SBP was expanded by five 
times. Taking the number of horizontal axes as 4 and the number of vertical axes as 335 as an example, it indicates that for 335 original SBPs, four out of 
the five generated sequences have better properties than the original one. ( B ) The horizontal axis of each data point represents the solubility of the 
original SBP, while the vertical axis indicates the average solubility of the five generated proteins for that SBP. A predicted scaled solubility score above 
0.45 suggests a higher probability of solubility compared to the a v erage soluble E. coli protein, with higher scores correlating to better solubility. The 
diagonal dashed line ( y = x ) signifies that the a v erage solubility of the generated proteins matches that of the original SBP. The cyan points denote the 
proteins with impro v ed solubilities. ( C ) T he horiz ontal axis f or each point signifies the st abilit y of the original SBP, and the v ertical axis sho ws the a v erage 
st abilit y of the five generated proteins under that SBP. An Inst abilit y Index (II) below 40 is considered indicative of a stable protein str uct ure, with lower 
scores indicating greater st abilit y. The diagonal dashed line ( y = x ) indicates that the average st abilit y of the generated proteins is equivalent to that of 
the original SBP. The cyan points highlight the proteins with enhanced stabilities. 
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The workflow for ProteinMPNN ( Supplementary Figure S3 )
and the codes for calculating the proteins’ solubility and sta-
bility in this work were provided in Supplementary Data . The
two properties are highlighted due to their substantial impor-
tance and relevance in the fields of biotechnology and bio-
chemistry. They play a pivotal role in processes such as protein
expression and purification, which are crucial for the advance-
ment of drug development ( 80 ). To illustrate the similarities
and differences among the designed sequences, both sequence
logos and multiple sequence alignment results are presented
in the ‘Expanding Sequence Space for This Complex’ section
in the database. 

Statistics in Figure 2 A demonstrate that, on average, the
majority of the generated proteins exhibit superior proper-
ties than the original SBPs. Regarding the solubility param-
eter, a predicted scaled solubility score exceeding 0.45 is in- 
dicative of a higher likelihood of solubility compared to the 
average soluble Esc heric hia coli protein (Figure 2 B), as de- 
rived from empirical solubility data. In this context, higher 
scores are associated with enhanced solubility ( 78 ). As for 
the stability metric, an Instability Index (II) below 40 denotes 
a stable protein structure (Figure 2 C), with lower scores re- 
flecting superior stability ( 79 ). These generated proteins offer 
scientists novel insights for broadening the sequence space of 
SBPs. Researchers can now discern and select appropriate se- 
quences for enhanced design. Alternatively, they can leverage 
the sequence generation and property prediction algorithms 
included in the Supplementary Data to execute batch designs.
This approach facilitates the rapid creation of high-quality 
protein libraries for efficient binders screening. 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae893#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae893#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae893#supplementary-data
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Figure 3. The typical page of SBP-like protein scaffolds. ( A ) General information of similar spatial str uct ure for protein scaffold of SBP, including CSV files 
of all SBP-like scaffolds details under this scaffold, and representative SBP-like scaffolds. ( B ) Detail information of similar spatial str uct ure for this protein 
scaffold of SBP, including protein name, protein type, PDB ID, length of alignment sequence and aligned sequence. ( C ) Str uct ural alignment of SBP-like 
scaffold and corresponding SBP, including similar SBP name, TM-score, aligned str uct ures and sequences. 
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xpansi ve SBP-lik e scaffolds data: insights from 

ntire proteomes 

he parent scaffold is a pivotal starting point in protein engi-
eering. The 68 scaffolds cataloged in the SYNBIP database
ave largely been discovered by knowledge or designed from
cratch ( 1 ). Currently, the insufficiency of SBP scaffolds is a
rimary impediment to the development of SBPs, underscor-

ng the urgent need to identify SBP-like scaffolds ( 50 ). By com-
aring the structural similarity of SBPs under various scaffolds
collected in SYNBIP, it can be observed that some scaffolds ex-
hibit a certain degree of similarity ( Supplementary Figure S4 ).
The results suggest that structural similarity serves as a ro-
bust criterion for the identification of SBP-like scaffolds from
natural sources, presenting a wealth of potential candidates
for future research and practical applications. To this end, we
have systematically mined SBP-like scaffolds across diverse or-
ganisms’ proteomes through structure-based similarity anal-
ysis ( 12 ) leveraging the extensive protein databases includ-

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae893#supplementary-data
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Table 1. SYNBIP 2.0 vs. SYNBIP 1.0: a detailed comparative analysis of database enhancements 

SYNBIP 2.0 SYNBIP 1.0 Enhancements 

The number of SBPs 2264 2111 153 new SBPs 
SBP structures 1640 1329 311 new SBP structures 
The number of targets 609 476 133 new targets 
SBP epitopes 899 – 899 experimentally and computationally SBP–Target 

complex structures to interpret the mechanism of SBP 
action and guide the rational design of SBPs 

SBP sequence space 12 025 – 12 025 variants of SBP were designed utilized the 
deep-learning algorithm and predicted the solubility and 
stability of the designed sequences 

SBP-like scaffolds 78 473 from RCSB PDB and 
16 401 555 from AlphaFold 
DB 

– 16 480 028 SBP-like scaffolds were identified across the 
entire proteome, supporting diverse design and 
application possibilities 
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ing RCSB PDB ( 67 ), AlphaFold DB ( 63 ) and UniProt ( 81 ).
It promises to yield a unique and valuable dataset for SBP-
related research. The details of our methodology are thor-
oughly outlined in the Supplementary Data . 

In addition, the accuracy of the method is demonstrated
through two compelling examples. First, it can discern com-
plex structures, including those with multiple disulfide bonds,
as illustrated in Supplementary Figure S5 . Second, it can suc-
cessfully identify the human neural cell adhesion molecule 1
using the original vNAR scaffold ( 82 ) as a template. Human
neural cell adhesion molecule 1 has been advanced into the
development of i-body drugs ( 83 ), highlighting the method’s
capacity for uncovering novel scaffolds. 

As a result, 78 473 SBP-like scaffolds from the RCSB PDB
and an additional 16 401 555 from the AlphaFold DB were
identified. These scaffolds span across 54 736 species, includ-
ing Homo sapiens , Ruminococcus albus , Bacteroides fragilis
and others. Since those scaffolds were identified from different
kinds of species, they could be developed for different appli-
cations. For instance, humanized SBP-like scaffolds could ad-
vance the humanization of SBPs, facilitating the development
of superior drugs and diagnostic tools ( 12 ,84 ). Meanwhile,
scaffolds from other species, particularly those thriving in ex-
treme environments like microorganisms, favor the creation
of environmental remediation reagents ( 85 ) and may provide
ideas for optimizing the physicochemical properties of SBPs
( 86 ). On the other hand, the identified scaffolds encompass
a diverse array of functions. For example, Basiliximab is in-
strumental in preventing organ rejection in kidney transplants
( 87 ), while Motavizumab safeguards high-risk infants against
respiratory syncytial virus infections ( 88 ). These applications
not only underscore the versatility of the scaffolds but also
pave the way for the innovation of additional functionalities
for SBPs. 

Figure 3 illustrates the information of identified Affitin scaf-
folds, including the SBP names, aligned protein names, species
details, sequence ranges for the aligned proteins and TM-
scores, along with their corresponding PDB IDs. Those data
are categorized by scaffolds and available for download. For
each scaffold, the webpage prominently features the SBP-like
scaffolds with the highest TM-scores, ensuring that at least
one is from a human species to emphasize the importance of
humanization in SBP development. 

Regular updates on SBPs and related information 

The integration of newly emerged SBPs and targets to SYN-
BIP 2.0 was also routinely conducted in this update. First,
153 new SBPs which represent 25% of the known scaffolds 
(17 out of 68) were added from recent literature, the com- 
pany’s pipeline reports, and other sources ( 89–91 ). For an in- 
depth understanding of our collection procedures, please refer 
to the SYNBIP literature ( 1 ). To maintain data precision and 

thoroughness, SYNBIP includes only those sequences from 

patents that have been corroborated by publications in peer- 
reviewed journals. Furthermore, our database not only com- 
piles the most effective SBPs reported in scholarly articles but 
also encompasses other SBPs that have demonstrated affinity 
for their targets, as documented in the literature. In addition,
all SBP structures were updated with AlphaFold2 ( 92 ), adding 
201 previously unpredictable structures. Users can download 

the structures and view the confidence score of each amino 

acid ( Supplementary Figure S6 ) by entering the correspond- 
ing code in the PyMOL (see Supplementary Data ). Third, the 
clinical status of SBPs was updated through multiple channels,
including well-known clinical databases (ClinicalTrials.gov,
ChiCTR) and pharmaceutical company websites. The design 

methodologies for all SBPs have been meticulously classified 

into two primary approaches: conventional techniques such 

as site-directed mutagenesis and directed evolution, as well as 
the innovative de novo protein design. The number of SBPs 
designed by traditional and de novo approaches are 2228 and 

36, respectively. 

Conclusion and perspectives 

SYNBIP 2.0 is a significant update to the SYNBIP database,
providing an extensive suite of resources designed to facili- 
tate the development of SBPs (Table 1 ). This update mainly 
focuses on three key sections in SYNBIP 2.0: ‘SBP epitopes’,
‘SBP sequence space’ and ‘SBP-like scaffolds’. The display of 
binding epitopes presents crucial structural insights into the 
interaction interface between SBPs and their target proteins,
which are vital for deciphering the mechanisms of SBP ac- 
tion and guiding the rational design of these proteins. Expand- 
ing the SBP sequence space introduces a curated collection of 
high-quality, de novo designed sequences. These sequences are 
readily available for direct application or can be integrated 

into SBP libraries for enhanced protein screening and design.
The SBP-like scaffolds mined from entire proteome may serve 
multiple purposes, including developing potential scaffolds,
humanized protein design, property optimization, new func- 
tional SBP design, evolutionary analysis and so on. In addi- 
tion, SYNBIP 2.0 is committed to regular updates, ensuring 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae893#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae893#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae893#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkae893#supplementary-data
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ent SBP data. These features collectively solidify SYNBIP 2.0
s an indispensable platform, offering innovative perspectives
o guide the rational design of next-generation SBPs. 

ata availability 

YNBIP2.0 is freely accessible to all users without any login
equirement at: https:// idrblab.org/ synbip/ . 

upplementary data 
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