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Fig. 1 Relationships between three kinds of protein design approaches
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Table 1 Classification of protein design methods and representative algorithms using deep learning models
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F) X (MSA) 5% 5 8] BB R BE AN [
RoseTTAFold if 5| A T HABAF B, EHEFRILARA ]
& A Ik, RFdiffusion JLF H¥¥EE H T
RoseTTAFold T 28 I 25 bf- (A B U fe ) 13 2 M2 pR B
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T EE R ) i 5 e FE SEEE T 85 B Y R
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ProGen o IZBERIEAZ T AT 19 0008 BT
R 2,84 FE A B AN S, JfaE a4 HR
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KW, FEEGH/INTT . B, 2EETH =1
5t 1, LigandMPNN X e AR BT 19 LR 7 41 i 2
JFR AR 0 8  T ProteinMPNN - (/N53F- 63.3% i
50.4%, %R 50.5% Xt 34.0%, &)@ BT 77.5% Xt
40.6%). YR, LigandMPNN7EZ5# & B0 . BiE9Ek
PRV A R 2 N g5, Rete s Bias A
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BAGATAR, I AT AR 91 0[] Bk A i i 235
4, DT8G5 TR T AlphaFold 45 7 ik e 3145 i
M Z& ¥ ) BR B . CarbonDesign ) #% 0> J&
Inverseformer, #] DI # & AlphaFold2 ' A9
Evoformer 135 [r] 2844, (1 {5 B = 4E S5k 3t 1] —
e, fEMEERE [, CarbonDesign {# T /KAl
FBENLI KA R IR 75 MRS AY , wlv] LUAE
A G TR o R R S A e, B BT
5, L4k, CarbonDesign FEMEIAH R T & H BTE
A ESM2 5 ESM-3B (b 2534, #£ CAMEO
I3 5 F CASPLS I a4 b i 3 b it 2 B
CarbonDesign 1) J¥ 41| P& &2 2 45 ¢ 8 48 o 16 T
ProteinMPNN 45 H: il & 22 (1) J§ 51 ¥ 31 5 % .
CarbonDesign IS A T UL, & 57 91 e
B P15 — RS RA PN A L OCHR B R, AT LA
FAL A 4EA L3 1) SR

X, T EARNEARFIEITEEN
Bt g Rk RS L AR — U, &gt
RBEAERE . WIRJEEAEIRIT Y, DR e F
FEaenydrE i, R n DRt g N
T, BEET . HRFIRNES A, 1SRG —
PRG0S PR SR TE N SO, B A s A e
P T —Ff T (R, JRAE O AR AR AR
PETT PO N () R EER A o AR A R i



3094 - EMUFESEYWIRHR

Prog. Biochem. Biophys. 2024; 51 (12)

SRR RZH) TR nTHE, HERE A SR
WERIGZ .

5 HitHbhigit&Eix

51 RAHmEEMREZIER

AT R B 2 > AR (1% ol D e Sy 5 TR
Bl . oA 25 A8 B A I . an R
PDB (4 — B & H R A B A 2 B T R
Pr&m)— P EREE, IS A B MEBE PEAG A5 XE L
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[A], ez 3R PEALTB, PRI S S Bds 2
(AR MER S, —8hE, HH T [F— N2 AR
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Abstract Proteins are essential fundamental substance for life processes, performing a variety of key roles in
organisms, such as constructing cell structures, participating in metabolism and energy transformation, regulating
physiological functions, providing immune protection, and transmitting signals. The diverse functions of proteins
are achieved through their unique amino acid sequences and corresponding three-dimensional structures. Protein
engineering involves altering or designing protein sequences and structures to achieve specific functions, and
these efforts enhance our knowledge of proteins and offer powerful tools and technical support for research in
biomedicine, biomaterials, bioengineering, and related fields. In recent years, with the advancements in
algorithms, the accumulation of big data, and improvements in hardware computational power, artificial
intelligence technology has rapidly developed and gradually been applied in the field of protein engineering,
leading to the emergence of intelligent protein engineering. By utilizing biological big data such as genomics,
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proteomics, protein structure databases, and establishing various advanced deep learning models based on the
data, intelligent protein engineering can achieve efficient, precise, and predictable protein design and
modification. This article primarily focuses on four aspects of intelligent protein engineering, including structure
design, backbone-free sequence design, backbone-based sequence design, and other auxiliary design approaches,
summarizing the latest progress in the artificial intelligence technologies employed in these fields, and compiling
the practical results achieved in recent years using intelligent protein engineering technology. As an emerging
technology and method, intelligent protein engineering demonstrates significant potential and prospects, bringing
substantial impacts on future scientific research and technological innovation, and providing new solutions and

tools for addressing global challenges.
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