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Fig. 1 Prediction of protein stability based on artificial intelligence mutations
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Table 1 Machine Learning Methods for Predicting Mutation Effects

WaRES Eitipay SCHR

LA I 245 X et s _ ,

(CNIND i P TS (P i U o AV 8 € 0 S S S Vet E - €I P AN 3 i S fa
Pl 2 1Y 2%

(GNI AR IR LR SRR, B R B R T BRI T AL AR SR RAE L, M RS 4]
IR ENL e G B AL AR 5 o1 Uik, S I FERRAE A (] R R A AN [ S i o o N T 0 R AR 2R ) B v 2 1 Las]
(SVM) Wlas A 2 5k —

L] —AHLAR I EOR, B RVFBUALR A —AME S BRI AR R 2 53— MRS b, DR o 2 BRI g fa6]
R — PR SRR IR 2 B, S SPRFE RN 25 18], I 456 3 ST AP 5 508 v A 7 1 b7

(Transformer)

BEBLARAR (RF)  —FhERRA: 21578, I M3 22 AR SRS SR 5 5 AT DI T 225 SRR b o B2 B F) e ek A 8 tas]
PR PR, SRR AN 5 o LRI ORI A R, AL T AR B R R I SR B AR
(Diffusion)  iI7#2

JURRARRESA ] — A FR S S A P 2 5K, i A B E R G AUE B, RIUTAEROR S e A 0, &

(GDL) T E A RS R AL 2% 53 A
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DAL EE a2 (AR R A 2] S8R R, 5840 ]
T HE AR RAEAE S, TE2 D ERE i
REPEAL S R0 T HA 7

K2 2% (graph neural network, GNN) [H
IR KA PR (i = 42505 SBRE ), UM
AR B 2 T HER R 2 — . GNNE & Y
J B AR B N S Y s, R )RR s ]
LRI R AR EIRH, NI R 5+ R
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Y20 SR T4 GNN B & A i g 4 5 JE 22 1)
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BRG], #6158 H G 2 R 1Y)
PUIfREJT; Pythia ™ WIZE4 A Wi 5
GNN, FEWRS BRI R (P27 1054%) 13y
TIRGREME . LidE 1 5 Y 3D-CNN i — 2P Hg i 1
JRTREE R PR EE ()25 [ EERE ), AR L G ny
FE T AN K& 58 A8 i %) e 77 7] A . mutDDG-
SSM o) T 5@ o K] S M 4% (graph attention
network, GAT) Fl [ W22 454 XGBoost,
— AR TR TE RO A HERA R, AR T
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BCAN, FE T H T B A5 R T A A (4
ESMFold fll OmegaFold) DI ZH& RS8R (]
Wy g5k . A RIPRAERRIESS A 09RR) IE
FEZAESN AR SO e P T ) B 32 R EEORS 4 )
JyIn) & J& . SR UniProt B4 i HAA AR5 0.2% 1Y
HETA AR5, DR R 1 T R R A s
o BR ) AR AV g o Bl A 1 B 4 A TN B R
(41 AlphaFold3) AYtH A& &, IR IE 2 A0 15 3]
Gfift o UL LA B EE 3D-CNN, AT Al 45 44)
PR BUR A ML o AR R R
fiE, DT A T 2 RGN T A5 M SRR o il an,
OmeDDG " B YR &4E & OmegaFold Filiill () 254415 B,
TR AR R AR e, HEZAE
BEE LRIMEL, JFRAR T R0 RO FRYE
PROST ' W4T AlphaFold2 A i 1 25 ¥ 1 18 45
T o A ) RS S T TR AR 5 B v R R T
W o A T B A A5 R i Oy vk
ESMFold. OmegaFold) W]7EJLFP Y [E) R N 5¢
BNz RYEE 1 BT R 25 R T, R 3 DA MISA H
PR HE AR A 2R I 2 11 BT 4574 1Y) AlphaFold 1
B, (HIRTMAEEZE R I, AlphaFold 25 5
PR SCOR A A . T AR T B — o A S TR 4
SERTNAR A SPIRED 7, 3l o A Al 4k BEA R A At
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SPIRED 7£ &5 [ 0T 4 ) 2 e P B AT: 55 v S 3 114
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GAT. Transformer 2244 DL J¢ Z BIZASm G Jr ik
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Table 2 An overview of Al-based prediction models for protein thermodynamic stability changes (AAG)
RMSE
ik =4 N (kcal/
LAY NILHERETT % SCHR
GEGD 4R FHER mol) ﬁ“ "
T
/
BayeStab (2022) v SEASFRIEATHAME, S AALER 0.53 DB 22 o 2% o]
=0.
1.32
ABYSSAL (2023) T2 TR A8 T 2 1 R R A R b o ESM-2H5 Rl 5 3L tes)
1=0.

mutDDG-SSM

(2024) AT e R TR

PSP-GNM (2022)
Bk PE. FI R EEND

TR TRIEASIR . ORI TT A 1
PROST (2022)

JRAT R TR AR . DSSP AR T 1.69

ELNAN

EIETE F1M%% (GAT) ARk s 1
5% (XGBoost)

[66]
=0.49

FPHVRFAE . G RPRFE (RN AT IR K, WERHAL . 1.53

R A £ Y 7
1=0.59

K. R 1.46

SBT3

IR UL K LR 1P 40 45 =0.64
Th MPNN 1.52
ermeo VOBAFFAIN . SHRHE R THEED . e Ak hR BRI TR 2] (7]
(2024 r=0.43
1.63
THPLM (2024) R EFURANE R N ESM-2+35 FA P2 j9 2% 1731
=V.
Stability Oracl 1.43
UYL T AR AR, BRI R A B Pl 2+ A e
(2024) r=0.52
ProSTAGE 1.37 _
fgﬂ) VAR, BRERN, B R R Y memsemRamEEgn )
=0.

*RMSE: #7#R1I%E2% (root mean square error); r:

tionary of secondary structure of proteins) , ;

2 IRHMHKEZR 20 (Pearson correlation coefficient) ; DSSP: & [ 5t 2k 45 7 (dic-
XGBoost: i TF (extreme gradient boosting) ; GAT: [KIVEE /1% (graph attention

network); V: RV T FURSHIE By [ RSB IERMSESS B T RMSERIrE SR T “S660%HRAEIMIREE "5

PibRTE: RMSELA(7 Nkeal/mol (T R4&EE/R)

3.3 EBRIEEHEE (PLMs) SREkERE

B S B I TN R R K fe , SR B
Y (protein language models, PLMs) 7EZ5#45
TRETOMAT: 55 b FE AL RV 7 . PLMs BEAS I\
— P IR R TGO SR REE, A B TERA
P PR R AR B 1 SRR ME RN T RE RS . Gl
FEFACA RIRE A )79 b i 47 0 W B w245
PLMs BEME A= il U RO A BT S, 1 8Eiik
ATEZAE AT THE S h R BRIz fiRe
AT PERE . 7R H BTy 2R e PETOAT: 55
PLMs MG 424K, JF HHDX A vERE ot 4
A El A A KRS AR . SR, FEII Rt B,

PLMs A~ AJ 3k 6 b 25 77 A= 5 BAT 55 AU [ 1) Ol 2
P e 22 7E SE BB 0 AT BB HoAN T failan
ThermoMPNN 7 3l il iE RS 2% 2 S, g il 254
7] ProteinMPNN #2 B ¥ 81tk AFRRIEIER 2 8 1
A e AL E 55, ST MR A TR
DDMut 7 BEAISE G R = 4E MR8 . CNN Al
Transformer Z ith &% , 5 MRS A 2 40 FE 2 5 K iR
AT AEM, ERRE MmN s E T 0.70 1Y
Pearson AHICHE, I R 4519 SO FRIE

B AR PLMs 75 85 F B v i n FHEBUS T 18 3%
PR, AR ECHE AR SRR g 22 (R R SR 2 FR T HL itk — 20
Yo I T iR e e S W ie V€ T H R N R
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T E A, 2P GIE T PLMSs 7E 28 AR RN T H
V1

AR, PLMs 9 & B/ 7E T T A R0R S 158
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A 1 BT 2R R P T 5Tl rh S8 T R
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Prediction of Protein Thermodynamic Stability Based on Artificial Intelligence”
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*MD: Molecular Dynamics; SVM: Support Vector Machine;ANN: Artificial Neural Network; PLMs: Protein Language Models ;GNN: Graph Neural Network;3D-CNN: 3-Dimensional Convolutional Neural Network;
AAG: Change in Gibbs Free Energy (often used to describe the change in protein stability due to mutation)

Abstract In recent years, the application of artificial intelligence (Al) technology in the field of biology has
made rapid progress, with the most notable achievements emerging in protein structure prediction and design—
recognized by the awarding of the Nobel Prize in Chemistry in 2024. It is foreseeable that the accurate prediction
of various physicochemical properties of proteins will become a key direction for future development in the
protein prediction field. Among these properties, protein thermodynamic stability holds great significance for
advancing our understanding of life mechanisms, facilitating drug development, enabling disease diagnosis and
treatment, and supporting the biotechnology industry in areas such as enzyme production, biosensor development,
and protein drug formulation. The accurate prediction of protein thermodynamic stability using Al technologies
can greatly enhance both research capabilities and industrial efficiency. This article reviews the development of
protein thermodynamic stability prediction technologies, covering the evolution from biological experimental
methods and traditional energy function-based approaches to modern machine learning techniques. The focus is
on machine learning-based prediction models, particularly recent breakthroughs involving deep neural networks,
graph neural networks, and attention mechanisms. Core challenges in mutation stability prediction—such as
dataset quality-quantity imbalance, model overfitting, and the incorporation of protein dynamics—are discussed

in depth. This paper aims to provide researchers with a comprehensive reference framework to advance the
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development of mutation-based protein thermodynamic stability prediction technologies.
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