Reviews and Monographs ERud=kars

0) D)Lt S i
Progress in Biochemistry and Biophysics
' 'j 2025,52(8):1972~1985

www.pibb.ac.cn

ETAIBENERRARAFREEN

Fﬂﬂi’%l) f%):LT” ;;lg ':?2) i@}iéﬁ]”** %"élral)**
(" VLA R AR SRS BE R AR E W 2T T, P2 7100493
P PSR N TR R LA AR, AUBE A B S R R TR L, ABLRA R RE R E E0 S0, 754 710049)

BE AN TR REBORTEAY A GUR PR TUAF S TR IR R A, Horb i (35 B0 R Dy 2 1 Bl A Tt A se it
AR T 2024 SR DURM A2 . T RATIUIL , XoF 38 1 525 20 BRI A2 s P A v T 1 8 1 i ) 0l — B By
HERETTI . HA P FREETERA T AT SO . 259000 % . PORIZWANGYY, LLRAEYIER ™ I i )
LR | LRI IR A L e 5 1 B2 Wy il 46 45 05 T X B B S S B N T REHOR AT 8 1 BB ) 2 A T P R o
TRPRE A B2 T2 AR S RO BEA AT FERE T Al R AR . AR SCERIR 1 8 A B ) A R PE BN B AR 1 A S D, A3
TAAYSR M E Tk . LSRR REGT O LRI B CHLAS 2 I BT . Fe 12 THLAR S T O PR AL, R
TRIEARER I | AT 2 I 268 M R LA S5 ATV S A 2 SR ) A R ME TIPSRl . IR AR T 278 R T TN )
RoPRE,  WBUE AR B S RO AN | UL LA S8R RS SRR B . BTN SR 2T 2

HEZR, B RS AR M AR 1 A

KR HlayE, BEARRSHRENE, /8
fE4SES  Q68, Q816, TPI1S

TERZAW R rFrh, EEBRR T IRE N
DR Mzt eth, JLF25 TAEY SR, X
AR T8 H B 1 = 4ES5 Y, b 5 HAE
AR RRE PR UM FRER N, &
H BN R SE B TR S U THr SRS AR
Hh, RSS2 A W3 i A7 A — o LA % JC P R
H %t (intrinsically disordered proteins, IDPs) ¥4
5 H B JCF X (intrinsically disordered regions,
IDRs), XEEXINAEMESHS . 5 F 0N A
G S RS EEAE ], HASH S A TR
TUREE I B E 2,

X T 2R T E S, H
TIRe 58 B PEATI AR F2 2B T H ARy =R ek
RI4r& A haE, JREN4ERr & RSMRe T . TEiX—
5 T, Anfinsen * 4211 “H A BTSSR #R
Pi” (Anfinsen’s Thermodynamic Hypothesis) B& %
TEREE B BTSRRI A . ZRAR L, A
FT i RAR = AE 54 h H— R LR 7 5| ME— D E
I HAE AT &l FE R O F Rk shi, Bl E

DOI: 10.16476/j.pibb.2024.0530

CSTR: 32369.14.pibb.20240530

[ gs A & A 28 U 75 A 5 b e d /MBI R 42
XAES AL R TR B R e S IS
A HBEZ IR R, Oy B T 2 HL
IV P T Y OG5

S, REBOIRE BRI A E AR
XA, G TEMMANGEAT T AR A, HEL
T R SEBR I TSR B R — )R, AN
B3 H R H & R AS  (site-directed mutation)
W, U R 6 ) IR TR L LA A =4
45k, M THE AR 2 RE v, B
e eI T B L,
TE SR I R OCHEVE . U HAE R B BT T
H, RUEMERIVEE A BIIRERIASCHSE, |
FEs e AR AL ROR | RIR AT RS R il
« R [ RRIAIS (32271281) WHNIHIA .
o IR A
EiH Tel: 029-82665849, E-mail: luzhuoyang@xijtu.edu.cn

Je 40 Tel: 029-82665849, E-mail: jglong@xjtu.edu.cn
Wk F1 s 2024-12-25, #5252 ]2 2025-06-04




2025; 52 (&)

BT, & ETAIERNEARANZREETN

<1973

n, fEAEYEASEL, SEORNRE R EY
IRIT TR AN T R R TP a2 e | AR RTmT
MR IERE . FERE TR, BEAY S5 R AR e Rk
SE T HIE A SR T RES RS I A 4, T SE B
AR A G SR B Ah, B
J1E R ME R K U R AT S 5 2 A % U A
XK, W 2R AT M g B A B . BRI,
PRI A SRR E MR A R B A DGR 1Y
— RN
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Fig.1 Prediction of protein stability based on artificial intelligence mutations
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AT RS, XL DR ZR )y PSR A2 AL RE 1 F
PR MO, TSR S RRERFOEAZ
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fadish, PEALFREMEAE . R 1 iEgns) ) 1
T3 I B L B IA

HAREREN R, A AL IETE S H Bk e 1k
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I, B SRR AL ) A W= BERE T o

Table 1 Machine learning methods for predicting mutation effects
&1 BNREHEOVIBRFEIFTE

WiRzS i3 SCHR
BRI LG — PR X2 400, T8I B FAIR D AR A B A R S5 R, B0 T 0 DL I PR A B ) 2% [43]
(CNND
Bl p g — i g R, Bk B P R BRI T R, BT RO RE AL, MR R4 [44]
(GNND
R RN PR G R SOV A ) 5, S SITERRE A () R R A A [F) S IR T o K R T RO AR R et [45]
(SVMD) AR A ipe i
pui > 2= — RS R, B RV —MESS S BRI FIR R B 55— /MERAE S b, AR e IR AR [46]
B R L E IS TN G S 1 e B S 1 1 /N TR S R o v WAk I DN IR €T v M1 [47]
(Transformer)
BENLARPR (RF) —FhEERAE 2 U0, il My 22 AN e SRR R 455 TAT T TR0 45 SRRt v AR ) oA 1 A 8 A [48]
Eiiie izt R A A, I A e B S N O 2 3] R BR e P SRWR E RR A, ST AR B e SRS i [35)
(Diffusion)  FIILFE

JURNREZS:3] — R BRI S EUR FAR 2 P 2 488, Gl d BB B R G W G R, BT R Mg s AE R E R, [37]

(GDL) T ER A RES AN 26 5

CNN: M LM% (convolutional neural network) ; GNN: #1424 (graph neural network) ; SVM: SZHf[l &4l (support vector
machine); GDL: JLfA[¥EE2%>] (geometric deep learning); Transformer: —FhEFHA, JLTFHEZE HHLE 09T F L0 ; RF. BEVLAR

#k (random forest) .

3 EBERRBRAFREETMNITEST X

31 fREiSEFEIFENGHEESHE

ML RV EL )32 W T8 B e e PR AR
b (A1 AAG) T, 3 — a3 328l PR Al ST
PRI IR E) . — 2 KR T 9 N5 b B S 1)
ALARAS M B R T, RIS F SRS AL
PR 0 B R WA R R8 2 8 1 B AR Y Ak ()
B AR h B % ProTherm B8 AU EE 7, %%k
PR R ML G T R R R M BT 225000
BaE v, MR AR R 2l A 2 ML ok
BRI R AL G S T W B A A T S G, ik Sy
BRI T A IR SR 28 - AAG X B, Fil
JPE . Sk KA ER BN B, S 2B
fEZS (8], DA S der o 4 T H s e A 55 o

FUNBFR SRR T 22 T 2= A, |-
RIS 5 IRE B LS A 7 5 58 28 s [ Y
FE AR Ty ) (YEsREI 5 ) SMOLEAREE . 11
4n, Capriotti & ) $#H T —Fp3E T ANN 8 Fiiil 77
Pe, TEWI A A AR RCE . (FRE/ARE)

TGRS T 81% M HER AR, BEIL T U TR
PR Y B . Frenz 55 Y AR B A HT A2 M)
LML E R B A IR E T 92.8% WHERI %, 1L
Hh, SVM P MR 4 B0 IR T R SR A Bl AL
T BE 2 8 15 (stochastic gradient boosting based
on decision trees, SDB-DT) "% & ML # A1, b
JSLE I T 98748 £ [ B iR ) ¢ A PR i, IR
57 RAFmrERe R .

XTI RAE TP R E AR R, HEERR
R AR R TR . A R HaR
ZEREIEERIEZE R, X FECT ISR
MR, HAFE LA RS, Sy (]
SEMEFZARRE ST . AEFEAR I, P2 ML IATE
WP A AE i 2 22 Y, RIS B AR AR P 22
TR AR TR G s AR PR S T . 3 g
2EHI55 T RIRTERR e B L T T RE S, i
PRCER IR 25 A5 S0 E e 2 R AR A e 4R
PEAHOCHE , (HIZAH MR REFE AR 288 BdE 153
TR, i s R G 22 1 R R 2 —7E TR
R A, 3 PR TR Az AL e )
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PEo 2018 4E [ — T 55 % W], ProTherm %4 2
FERECTIFA . S5t Ade e MR e
AR AR TE N AAG I 4 148 H b, U
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ThermoMutDB 7' 18669 ', i3 &3 $ 416 4 75 52
SRR . W SR A — o T A TR
B . SR, XS AR AU E AR AR,
HA TSR RET | AR M2, 5%
BRI ST R Pk . 2020 4F Fang ™ 44 it
HMBRE M B ) 5878 S g SR PPAl 5 8 3230 ML Sk 1Y
B, R ZEAAAEN RS E IS .
Pancotti % % 7F S669 £ #4E L PFAl 1 21 Fh A i
R 2E RS M T 2% 9 RS FR T (anti-symmetry )
R, SR, (A ST A RO FRPEZ
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T ARG LG R R AR, Ry R A i R Y
XET

32 REFIEBPRK
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Table 2 An overview of AI-based prediction models for protein thermodynamic stability changes (AAG)

R2
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T =X RFE2 T RMSE/ r NI REIE SCHR
CGEAD 4k (kcal-mol™)
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Abstract In recent years, the application of artificial intelligence (Al) in the field of biology has witnessed

remarkable advancements. Among these, the most notable achievements have emerged in the domain of protein
structure prediction and design, with AlphaFold and related innovations earning the 2024 Nobel Prize in
Chemistry. These breakthroughs have transformed our ability to understand protein folding and molecular
interactions, marking a pivotal milestone in computational biology. Looking ahead, it is foreseeable that the
accurate prediction of various physicochemical properties of proteins—beyond static structure—will become the
next critical frontier in this rapidly evolving field. One of the most important protein properties is thermodynamic
stability, which refers to a protein’s ability to maintain its native conformation under physiological or stress
conditions. Accurate prediction of protein stability, especially upon single-point mutations, plays a vital role in

numerous scientific and industrial domains. These include understanding the molecular basis of disease, rational
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drug design, development of therapeutic proteins, design of more robust industrial enzymes, and engineering of
biosensors. Consequently, the ability to reliably forecast the stability changes caused by mutations has broad and
transformative implications across biomedical and biotechnological applications. Historically, protein stability
was assessed via experimental methods such as differential scanning calorimetry (DSC) and circular dichroism
(CD), which, while precise, are time-consuming and resource-intensive. This prompted the development of
computational approaches, including empirical energy functions and physics-based simulations. However, these
traditional models often fall short in capturing the complex, high-dimensional nature of protein conformational
landscapes and mutational effects. Recent advances in machine learning (ML) have significantly improved
predictive performance in this area. Early ML models used handcrafted features derived from sequence and
structure, whereas modern deep learning models leverage massive datasets and learn representations directly from
data. Deep neural networks (DNNs), graph neural networks (GNNs), and attention-based architectures such as
transformers have shown particular promise. GNNs, in particular, excel at modeling spatial and topological
relationships in molecular structures, making them well-suited for protein modeling tasks. Furthermore, attention
mechanisms enable models to dynamically weigh the contribution of specific residues or regions, capturing long-
range interactions and allosteric effects. Nevertheless, several key challenges remain. These include the imbalance
and scarcity of high-quality experimental datasets, particularly for rare or functionally significant mutations,
which can lead to biased or overfitted models. Additionally, the inherently dynamic nature of proteins—their
conformational flexibility and context-dependent behavior—is difficult to encode in static structural
representations. Current models often rely on a single structure or average conformation, which may overlook
important aspects of stability modulation. Efforts are ongoing to incorporate multi-conformational ensembles,
molecular dynamics simulations, and physics-informed learning frameworks into predictive models. This paper
presents a comprehensive review of the evolution of protein thermodynamic stability prediction techniques, with
emphasis on the recent progress enabled by machine learning. It highlights representative datasets, modeling
strategies, evaluation benchmarks, and the integration of structural and biochemical features. The aim is to
provide researchers with a structured and up-to-date reference, guiding the development of more robust,
generalizable, and interpretable models for predicting protein stability changes upon mutation. As the field moves
forward, the synergy between data-driven Al methods and domain-specific biological knowledge will be key to

unlocking deeper understanding and broader applications of protein engineering.

Key words machine learning, protein thermodynamic stability, mutations
DOI: 10.16476/j.pibb.2024.0530 CSTR: 32369.14.pibb.20240530



