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Figure 1 (Color online) Workflow of machine learning modeling of molecular properties

494



ISk

T R B SF BLaR 2 SI RN R, 20T 3R hAs

YERi, AR SRR IR 2R . Tk R
B 5 [ A B AR AR A 1) 3, o =4k gbiy,
3DAFIEFI3D A3 F S SF 4R A T O F o 1R
B HRT, B & 2RO EP S DM E 3D T 5 B
FEB AL, LA DR 53 S i i DR 267 S 0 B FR
P, WA REFERE () SEAPE . X — R G0 5T i fit
T 2o IFRonERE, R T R SR AL DL AT
S E.

TESRAEA T, ] LR WA B AR 2% 2] AR
SNBSS SURE- 2] RG], Flingk
PEFEIA(LR) . B EIH(KRR), SVM, HREERH(DT)4,
AR LGB I 2020120, {5 PR HAE X f 5 A0 R
i e R T RE,  FEA DL ERARE BT Tt 45
WAREAT ZHN A, RS, JUHIE PR 2 W45 A
B SEARRZ RN TS B )12 6P, SR 2
PIZ5 (CNN) . 38 P2 45 (RNN) | BT 28 ) 2%
(GNN). Transformerd. REEZ% S YMTEL 254 rh
MR, IETIRAIHE . LR G DL R Ay
AR FREEAL T B R B A . fildn, RNNA KA
TL(LSTM)HIT THEAERHIG(GRU)AFAZ (A, GNNATA: i
Y R FR 22 2% (GCN)EE LA & TransformerfiT A= Hi Y
BERT. Graphomer7EA ML BEAE B 7l w1z HH
Pz BT b 2 R 24 R ) 2o RV LA T L b
N TAEE S IR E T, SIS I B —i
AL T BRI T %) B AR AR o SRR

FEMLER S > RS T 1D, 1 B8 = A A F B
PRI FONPERE, BEEE R T — R YRR Tk,
WEENF] . EREF] . M B9 £
fE45 24 2 FUEAR AL T, B lee T A 2 Fhee
B, SEE T R T s A R iR
> MG RO T 2R BT R A T R, DU T8
PIAHOCAT 55, KPP EAE S B A R B T e
A RS S b2y 38 i e R AR AR A 22 18] i — S50
RPN AR, Fan, @t A Rl—5F A R HG sR Ek
R Fghep o) B— S R, AW AR
25 [A] e R A I (B R BRI EAY, NITTAE R Y
FREEBE N BRSO IR R I &Y, 21524500
W IR AMT 55, LAR R AR piz fefg 0, B
FEASG TR X T 45 A e PEr Ak, A B TP
T T RELSY.

3 HAABLAR A IR AT Ly TR PR
NS VR

FIZe% o FREYE R AR, AR R fF
PR ZRE AP AR 22 57, HASERY Ay A A Hh 45 4
AR, N, ESEReE T v, 8 SR 2 )
LAY, TR SN A SC AR T b, A GEbl g >
B R FHINEE 32 T4k, FEISsanyig e .
fit . pK,. BDE. & i) Mayr i B S45%
IRFBE A DL T RIALVE R, ALAS 27 > A ARG B
ZALBE TS T RE RGeS, AT N 5 A
7 vk R AR B 5 A R A AR R T, R
T IR, BT R B R A ML b i F A AL
PERR, FEARFTA B9 TAMEME R, B 2500 Rk
REIVE M YRR, [RIREA VR MR 2] B ks
B TAE, BRTASC A I/ 44.

3.1 il

SrFOtREE, MERfE . WA YA TR Y
Bz —, W TLaAMEE . Pisokis . Kah-nr
RS I iR e A DN v i s N
ETE ST T BEAL BB 4B /R > T RER 2540, 1M ELRE
BEERAESE T4 (B A B AE A>T sh 47 MR A L
fifplol B BT IR A TR T i W B AL 2 e &
KEE, TG AREA R Y B 25T 55
AU A I R Y. BEE DL T R MR, H
FECTE I T AR AR, R TR T R AL B K
ST A HERR T, AR R S ok TR T
F1. AELLAMECIE RTINS T8, 20204F, JTAR L2 g
2 )2 BHLMLP), SEEE T 2 R BRI 414186
T PR T, S 4R 22 (MAE) U A 1.761 cm™!
(K2(a)); 20244F, HopkinsiftfizH Vi Ffl Graphormer,
1 fd FH a1 AL A SMILES EAF HR R TN 2T ANk, F-457
HOGIE(F BRI (SISZ°40.8449. B T ELHEETMZL
AP, — BRI R BT AN A SR, S A 0 o
(IR AL R R AR BO TS PR R, FR R 2 g, 2020
A, Carif 4] FHEE TR B 4 28 9 4% (DNIN) (- B 75
T RS KA ZRFNRL 2GRS, IF U FHARXT 5
)4 F RTINS 0 45 JE LATIOAT B0 20234F, Le-
wis % A OVIE T = 2k d 1w S8 9 6 FR O R 2 )
(SALTER) Tl 43— F il #A 2R Ge % 34 5 L 37 1) L5028
)25 BEA N, iR ER T 10%, TS THibRK

495



MG h B 2055528 £70% £45H

RO 20244F, A ZE UL B 3L T ph 22 1k
FEHENEP) IR AL AR, eI/ Nk o1 B2k
WAL R VAT & Kb ke i hir 2 63, JERH T (d /N
FA PRV B0 HE A R b T 37 2 6T ) 7%
15 AR, MRS PR T — R 2T 5L
i AL — R BDGIE 2 M 44 (VSpecNN), ]
FR 4 38 2 B o > Y8 1 0 3l 7 A AU B B A5
TRIAR R MR AL R R HER TR LD A AR 2ok, iR
25T 5.87 em™; [AI4F, Komasalfefsigh > il 1l sk
BV 2 gL TNEP) R TR T 20Fh & 2L Y
WAL, W 541550+ 8 )12 G, RS0
% T XS E LR L 26 RE(K12(b)).

(a) Dipeptide(GLDP) (Data:5128).s444-

Protein

Z—T

|
m—O
1

(b)
x
Single amino }I‘ﬁ*

acid ¢
}}:‘ﬁ e S

Given a 2D
Molecule

Generate a Set of
3D Conformers

B T AR s LSS, HAB2E R B Ao th
HYFZHEE. 20204, Mizoguchiilffizh B4R H-4 @
T ZATRE BT ROR APLER2# 2 [ SchNare 7 vk, I
MR 0 % 25 fi 1 A R 1 A R T8 55 A I S O 3
20214F, TLARIRAZL M il F AR F 42 [ 45 (EANN),
b A% 20 50— D B PRSI 4 B0 S AL T R LAY
B —fagl, 5500645 R A SpearmandF A e (o) ANMIG
F0.74; 20224F, BandelfR5ZH 1%} T RIA [l Y GNNE
17 7 FEAEN R AT, T A AL QMo%k a4
(IR T, Sk I e TN 28 M 2% (SchNet) i 6 B B
E, IR ARHERR 22 (RSE)Y M0.023; A4, DonadioifHii
AT T — b iR AR R B ST F i AL

Raman spectra
of peptides

Pass them to
GNN Model

Produce all Spin
System Parameters

Bl 2 (P40 CHE P BRI A4 3R 3 B . (a) NN Bl T POk e I 21 /M P16 TAE RIS, Copyright © 2020, American Chemical
Society. (b) NN T S 52 H9H1 2 61EPY. Copyright © 2024, American Chemical Society. () 4 F i€ R SekSETRIAY TAER AR, Copyright

© 2023, Royal Society of Chemistry

Figure 2 (Color online) Recent progress in the prediction of spectral properties. (a) Workflow of a NN model for rapid prediction of amide I IR
spectral*®]. Copyright © 2020, American Chemical Society. (b) NN model predicting the Raman spectra of amino acids®®". Copyright © 2024, American
Chemical Society. (c) Workflow for accurate prediction in the full spin system™!. Copyright © 2023, Royal Society of Chemistry
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Figure 3 (Color online) Recent advances in molecular orbital energy prediction. (a) Schematic diagram of an atomic neural network using the orbital-
weighted average method for predicting orbital energies and positions!®*). Copyright © 2023, Royal Society of Chemistry. (b) Machine learning methods
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Figure 4 (Color online) Recent advances in pK, and BDE prediction. (a) Workflow for establishing global pK, prediction models using neural
networks or XGBoost!®®). Copyright © 2020 Wiley-VCH GmbH. (b) Prediction of protein pK, using neural network features obtained from ANI-2x!**].
Copyright © 2022, Royal Society of Chemistry. (c) Overview of the GCN structure for predicting BDE®. Copyright © 2020, Peter C. St. John et al.
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Figure 5 (Color online) Recent progress in predicting redox potentials and Mayer equation parameters. (a) The process of machine learning-
accelerated prediction of redox potentials!'®’). Copyright © 2024, American Chemical Society. (b) A general workflow to study nucleophilicity and
electrophilicity through machine learning!*.. Copyright © 2023 Wiley - VCH GmbH
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The physicochemical properties of molecules, such as frontier orbital energy levels, bond energies, and spectroscopic
characteristics, form the basis for understanding and predicting molecular chemical behavior. For instance, based on the
energy levels and arrangement of frontier orbitals, chemists can effectively determine electron donors and acceptors in
chemical reactions, and rationally assess reaction activity and selectivity, widely applied in a series of organic molecular
transformations including pericyclic reactions. Chemical bond energies provide core thermodynamic parameters for the
process of bond breaking and formation, which are crucial for precisely understanding reaction thermodynamics and
kinetics. UV, IR, and NMR spectroscopic features offer effective means to describe the geometric and electronic structures
of molecules. Therefore, an accurate understanding of molecular physicochemical properties is one of the important
strategies for humans to explore the molecular world, which not only helps in deeply understanding the microscopic
mechanisms of chemical reactions but also effectively guides the design and development of new reactions, making it a
long-term focus of chemical scientific research.

Traditionally, molecular properties were determined through experimental measurements and theoretical calculations.
While experiments provide a reliable foundation, they are often constrained by cost, efficiency, and the need for specialized
equipment. Computational chemistry, bolstered by advancements in computer hardware, has emerged as a complementary
approach, extending the reach of molecular property research through simulations of electronic structure and reaction
dynamics. However, computational methods also face challenges in achieving precision and efficiency in complex
molecular systems.

With the continuous accumulation of chemical data and significant advancements in artificial intelligence (AI)
technology, machine learning methods have made remarkable progress in chemistry, showing important potential in the
prediction of molecular physicochemical properties. Based on large-scale molecular property data and innovative
molecular modeling architectures, Al models can successfully capture the high-dimensional relationship between
molecular structure and physicochemical properties, and accurately predict molecular properties accordingly. On
representative molecular property datasets like QM9, cutting-edge machine learning models have achieved prediction
accuracy comparable to traditional quantum calculations, while also achieving geometric progression in computational
efficiency. Intelligent prediction of molecular properties provides a new strategy for chemists to understand and explore the
chemical world, which will not only accelerate the pace of chemical research but also offer new assistance to related
disciplines such as pharmaceuticals and materials.

This paper mainly introduces the recent progress in Al prediction of the physicochemical properties of organic
molecules. The first part outlines the progress of related databases and datasets, including NIST, PubChemQC, SDBS,
iBonD, FreeSolv, QM9, PubChemQC PM6, and Frag20, detailing their content and scope. The second part describes the
basic workflow of machine learning modeling for molecular properties, outlining the specific steps of dataset
establishment, molecular encoding, model training, application, and analysis, along with recent progress in machine
learning methods. The third part discusses the relevant progress in machine learning prediction for representative scenarios
such as spectroscopic properties, orbital energies, acid dissociation constant (pK,) values, bond dissociation energies
(BDEs), and nucleophilicity parameters. In these key aspects of molecular properties, machine learning technology has
demonstrated exceptional ability in terms of precision and efficiency. Finally, the paper summarizes the current state of the
field, discusses some of the key challenges and limitations faced by the field, and looks forward to the prospects for field
development from three directions: constructing more comprehensive and standardized molecular property databases,
promoting the interaction between prediction models and experimental chemists, and enhancing the interpretability and
generalizability of Al models.

molecular property prediction, molecular databases, machine learning, Al for chemistry
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