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WA, & — AR AR,
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PR TR EHAREA T 3G 1, CTEREIARY. 1k
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N T REALER = 2T N T B TR CO A AR ML REI AR,
THENLAT ABAL S AR G514 5 CO l A M RE =2 M) 1Y
MR ARLM R, 2B TR HHECO, M AT AL
i, DT FBTIN A RS - AR B AR R T I CO
Pfg. WAh, S5#HIFERE T B (equation of state,
EoS). B I TAABE #i5 (conductor-like screen-
ing model for real solvents, COSMO-RS)&F 22 BLEHE /3
BrEnii Al b, LS 2= 2] O ke Sy SR iy
RPN, B 031 A T mRCR T 7). Bl
A TR B AR COAMEMERERF ST B, HhHJR T
N T RETEREIR MR P g R, SRt T R BB k.
A RN TR REMLAR 2 2T B AR R <CO AR 1
RE R 2R AT A HGED Y, TR R R
PR, XTPEPE AT B o F A RS . R0k
SR TIRA RS, Rl AHGE, SRS
TG DAMLAS 5 2T B A% 00 09 28 1 4540 - PR BB OC &
(quantitative structure-property relationship, QSPR)E(E
45K -1 PE K & (quantitative structure-activity relation-
ship, QSAR)AIIF M J3F15eiH)Z I & I T COMili
BRI B TR ISR 2R L B A

AR SCEETHILAR 27 2 16 B TR COFl B M RERIF 5T
H R, SRR R AT RS, R TET
N TEREFIALAR - > BIQSPR T HE T B F A CO il
EVERERF SR AR, JT 4R i S A Y ) K ARk
BHEEN). ASOKA B TR G, RS R
RO A EIRA B AL 2= TR (R AR
[ RREENVERA T fff L B IR AR COAE L RET
FERIHL R 2 FEARIY, I R B IR AR CO Al 1%
RE TSR B A A L g ST .

1 B R GE
BRI AR CO, 1 RE T i FH A AL 25 2% > T
AR, 3 N T2 M2 (artificial neural network,
ANN). ZH5m L (support vector machine, SVM)-j %
JN_3F 7 15 m EHL(least square support vector machine,
LSSVM). JETHH M (decision tree, DT)AYRFRL, £
Juk P 9] 5 (multivariate linear regression, MLR). =il
1 F2 [ (Gaussian processes regression, GPR)%5([£]2).
PR PR AL AR AT DUE il s TR A SOl
TR —HLARE AL AN, KA ZEBoSH A
A, P 5k (group contribution, GC). 4T3l 112
(molecular dynamics, MDYEALLS5EHABF 7 LRl AL
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Figure 1 Machine learning-based QSPR methods for analysis of CO,
capture by ionic liquids
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Figure 2 Schematic diagrams of three typical machine learning
models. (a) ANN; (b) SVM; (c) DT

e 2], AT LA R T ) TR
ANNE— IR A, s — 2 A
2. —ZlRZEREZ. — 22, W gonix
RIE—E. ANNBIRE: 22U 1248 W 4 (multi-
layer perceptron neural network, MLPNN). 7% [n]3&pR
B2 M 4% (radial basis function neural network,



RBFNN). ZJZ A5 4 M 4% (multi-layered feed-for-
ward neural network, MLFNN). Fifi5i## £ 4% (feed-
forward neural network, FFNN). 2% R[] #f 25 o 2%
(cascade-forward neural network, CENN). J~ X [a]J7%#
25 24% (general regression neural network, GRNN). %
G4 25 ) 2% %5 (back  propagation neural network,
BPNN). Hrf, &5 FARZEMLPNNFAIRBFNN. MLPNN
R BRGEUZ BT LUR— 252 )2, IMTRBFNNH H
—ZBORZ. IO, T ANNEE AL PR Ty vk
(group method of data handling, GMDH). #%FR==>J#l
(extreme learning machines, ELM)#BJ& TFFNN; &T
ANNRHFAM 2 M 2% (convolutional neural network,
CNN). # T2 M 2% (recursive neural networks,
RNN). FEI#HZ M4 (graph neural network, GNN)#T/E
TR A1 22 ) 2% (deep neural network, DNN). ¥ ANNAI
B2 8 (fuzzy logic, FL)ZS & T LGRS F i WA
P2 HEPR R 45 (adaptive neuro-fuzzy inference system,
ANFIS)™. 4 DNN 5 T4 i##l(factorization ma-
chines, FM)4565, A LIS E 53l (deep fac-
torization machine, DeepFM).

SVMER TG it g T | AR, s
Y P RRIE 23 (o] AR 3 — A e — 4L i, 2 512k
Bl SRR A, T o328, IHSETES5. HIE
T T8 ] B ) e R SRR ) B, nHERAIE S (Rl
B+ 1A SR, SVM— R FH A% 1) 3 2R i (radial
basis function, RBF){E 1% s (kernel function) ¥4 A
HARFHON TR ER. LSSVMIESVMAY—Fh it 45
1A, GBS LA ) S 2 TN v A AL S0t B A AR
BEBARAE. B A RSERY BL A A5 FHEBTR) (conditional
inference trees, CTREE)-5 432 [l T4 (classification and
regression tree, CART). Ffif/l#E#k(random forest, RF)-
76 B £ TR SR (gradient boosting decision tree, GBDT)
55 it B E $iE Ft-(extreme  gradient boosting, XGBoost)
S5 BRI THLE AMTIHRAT . MLRZE —Fh 4tk
FHEIEER, M4 248024 LA 3 A AR = CREIEE) AR R
i, FIRIRIE 2 A AR i A0 fa] 2 [ 52 e g AR
GPRUZ i FH /&1 Hir il B e 3o 0 Bl A 7 [T 4B () JE 2
BORRL, AN REE R G A FRAE L M Rl I8 REAEFE (X
T Z5 S AT e MG T, AR T A pRECAS [,
GPRIFAHA P IXGPR. “F-Jr#5%(GPR, Matérn 5/2
GPR.

WAV T4 51555 1, (genetic  algorithm,

GA). K FBECALA P (particle swarm  optimization,
PSO). #RIR k5 (simulated annealing, SA). W
A58 (ant colony optimization, ACO). & [nf&#&HA:
#£(back propagation, BP)%¥. GA. PSO. SA. ACO#RB
JE& T AT AR, B A AR, R
AR %, BPRAESE HATHIRUIZRANNAY & H HI
AR, TEANNIE F G R, A fE Bl
I 2 AL M 2. AR R A R
% LR, DA R R EUVE S B bR RS, % AR In) A%
B, 12 )2R N B bR R BOMAE ) AR BE, B ORI
M E S BIE R R 22 IR B T BB, #T4h
FH T R ALH0N COL M ARk BE Ay 56 T S A& 46 i AR AL A
BA: SESCIAE-S 5 R 2 (Levenberg-Marquardt,
LM). Dlm3riE N fE 57 (Bayesian regularization,
BR). 0 2% > 3 2R gy d B BT B S ] A% 1 R 1
(gradient descent with momentum and adaptive learning
rate backpropagation, GDX).

Pl I BRI SHOA: i AS % (inputs). fil
S (outputs). HRISE. S % (hyperparameters)
S5 LR T A S BUR BEIAR A B 4 FRRIE
SR BARPE BT RE 0 Y R El kg, B
RFF (descriptor). fHIAFFRELE NI A5 > ARPEf#HF
BE P, AR IR PR EEE, IR iR B
REFNUERAYE.  H AR B & T UM e P AR AR R 1Y
FI, i HARARMEPPAG A 5T rh IR A A I O, (H 2
3 A R Y RS H AR R v UM DG 1y iR
O A SCIE R AR A H SR %k T B IR CO
M REIE ST UALAR 22 I B RUEA T 4G BB S
BN COLTE B TR A IR . BEIR 0 B )

PLES 2 ) T 2 — B TR COL IR R . IR 7 it
BUE A BB BG4 (database).  BdERE T LA
K SEE, AT LUK F A 2OREE T Ry 2 |
MDFEHYSFTHREAR B BRI, HLas: 8w 2K
B— A K B AE A I ZR2E (training set) 11T 73—k 43
DR E IR (test set). B4R, BT DL BHIE
£E (validation set) Pl L K 1 /D i AR R S50

PLas 7 I BRI H WG T B A AHC R
(R*) F¥4a%$i5 2% (mean absolute error, MAE). 77
1R 7% (mean squared error, MSE). ¥ 1R 2 (root mean
squared error, RMSE). R MK fliHH{E T 2280/, 13
R i S N2 ) S0 A1 0 B Y S B T L CP O R o
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72(mean absolute percentage error, MAPE). ~FH#JAHX}
% (average relative deviation, ARD). ~F344 %} %
(average absolute deviation, AAD). Y548 X AH X 22
(average absolute relative deviation, AARD). HrifEZ:
(standard deviation, STD)%%. —fBtith, A SCRHMIALE
() LR B SR TR 25 X L.

2 UIBRERRA SRR 2 B

R T8 B F IR i COMERR A R 17
A 4rFi(molecular weight, Mw). fii.C>EF(acentric
factor, w)~ G AR (critical temperature, T.). i E
H(critical pressure, T,)- I Ft 4 H F(critical com-
pressibility factor, Z.). FAVEIREE (pressure, P). #EIE
Ji(temperature, 7). WRJEZHHIRIKIREY), WL
i I 23 1) B B R R S B R S i i
5, AR N Z A SR I CO,, WIATEE N I
COMBE IR B R F MR . SR, B FIRIAF R E 2,
LI A o A LA

20084F, Torrecilla® A\ HiH 1 SIS RS TRk
COL Wil FE I 2 HEMLR AR ZEPEMLPNN A AL 57 )
B, S ASECRP. T, fth S8 COMEEIR 14K,
I AR MR, Eslamimanesh®: A58 fo.
Tev Tyn P THEIASE, MR THET 2450 51K
(191140~ CO, 5 iff B2 B R I ANNASE AL, S50 K Il - CO,
TEB T RAR TR A #AE ). Safamirzaei®E AR A
Mw. o P. THEIASEL, S3Rs 1 -1 5-3-
FH LK 54575 R R LR ([Bmim | [PF ) 1= T -3 F Jk
I 245 70 SR A R 3 ([ Bmim ] [BE, 1)) COL ¥ M U ANN
HLES SRR 20154F, Hamzehie A\ 5L F Rl 1
WIARI38 N COME M IERE, UMW, o\ T T, P.
THEIAZEL, MFL T EATPIZEREUZ FMLFNNALEL,
BN 6-8-4-1. B, Fierro: N T33f0 A [/ B 7
WARHI20991CO MRS, LIT. Py T, PRI
28, TERLT MBI ARAL I MLPNNHL #5727 ) B (e
14h4-6-8-1), FA AR, Baghban AT
147 B TR 728D COL I i FEEE, DiMw. o
Tew Tyn Py THEIAZEL, HSIMLPNNFIANFISHRY
RIMCO WA fRE, A5REKV], MLPNNEAIFESE T
TR TS, Tatare N3 T R R EOR 2, LU
WS g, JF&ARBFNN. LSSVM. MLPNN=Fh77%:,
SRJG A A IF B i S BRI B S LA R BB R 4
(Committee Machine Intelligent System, CMIS)H, £55%

4

PR L S IR ] DU AT HERR ) T, DA Mw
o« Ten Tyv P TN Mg A S8, Baghban%¥
AN DengZi AP, Mesbah%s AP, Ouaer&s A\ P25
Ja XA A T 2RI 2% 2 M5, Ghazani%F
NI T R A SR P COL M LSS VML 2%
SR, LMw. T Ty Py THEIASEL, Mesbah
A NP Feng NPWM T Bo— B4R I ST RO, SR
TP COLMENIR B TR AT, TR e I A plipss
RIFI A RLF. Mazari%E APORIP, T, B PRk
TRM%ENMASE, = THBZIKGPR. FJr
FEEUGPR. Matérn 5/2 GPR=/GPRAL#S¥ A
T [Bmim][PF] 1 COIEMREL. 45K 7R, Matérn 5/2
GPRTJUMAEG B % 4f. Daryayehsalameh® AP7LIP. T
T AS 8, FZHMLPNN. CEFNN. GRNN,.
RBFNN. LSSVM. ANFIS/AFHLES IR F5i 1
CO,1E[Bmim][BF,]H PV AR, AL TR B0 A
CFNN > MLPNN > ANFIS > LSSVM > RBFNN >
GRNN. 3 T A A5 SAH R AL 2 S AR N 3% 1 7
N, ST B R FF LS & T o T A B 451
(Mw. o) BFIRIEARGWPET(T, T,)FIR &
P D), &8 Y EPE B A FT 4 5 14h, MLPNN
S DA B SOA A AL T AR v R AT 1)
Y,

3 O TERHERTFIRBLER S B

FET eSS MYoE RS, BRI B E T
LR HCOMH M BT RIS . DL i AR B 4544
FEUE N FHORAE, FTER AR &, TSR 2: >
B HT M QSPRAELQSARM Y. QSPRAERI/EHF [
YIERaAb2  ArFAS AR Rk, HETPRE
T B FIRARSE (—4E. i =4). EET
AR o F 25K R R AT (AR IS5 M . LT E548 . Hh b
Gk o S HERERE . TR, B, Rk
Y. BEA RS AL SRS S8R, ity
M5 i Aet?,

(1) JEFRFE H AL, A5 S RN T
FI A oy TR TR, SR RS H B SRR
A TFIIRGARTE. 20174F, Barati-HarooniZg AP 3L 395
B II29301CO, W i B 80, B IRLAT. P.
Mw. FHEFiRETEHE (C) BB Tl 74 H
(C)~ B EEFEHE0H,). Bk h AT
BHMN) BFREPHRETFEEGS). Bk a
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Table 1 Comparison of physical property descriptors, data volume, and corresponding machine learning models

HERFF U . I i
- - R RIALNEES Hdn sk By I pisl EZ BTG
GiiEN BfRZH
P. T 5 MLPNN. MLR [41]
—Ju
PT ! RBFNN. LSSVM. ANFIS 7]
Mw. ws P. T 1 ANN [43]
L Mw. o P. T 1 ANN [44]
T~ Pn P. T 33 2099 MLPN [46]
o To Tyo P T 24 1140 ANN [42]
fiot Mw. T.» T,» P. T 20 1386 MLPNN [54]
Mw. Ton T~ P T 17 4107 MLPNN. SVM. RF. DT [55]
Mw. @\ Tp Tyo Pu T 9 38 MLFNN [45]
Mw. @\ Tp Tys Pu T 14 728 MLPNN. ANFIS [47]
Mw. o\ T~ T)» P\ T 14 728 RBFNN. LSSVM. MLPNN. CMIS [48]
VAV Mw. @\ Tpo Tyo Pu T 67 5368 LSSVM. MLPNN. RBFNN. ANFIS [49]
Mw. o Tn Tyn P T 13 728 DNN. CNN. RNN [50]
Mw. oy T~ Tyn P T 24 1155 GMDH. RBFNN [51]
Mw. @\ Tpo Tyo Pu T 13 744 MLPNN [52]

JFFEH0). BT RATPHRIETEEFE). BTk
HEJRTEHCD BT IEFEE (B 124
N ASEL, W T PSOB L AYRBENN(PSO-
RBF). MLPNN. CSA® LML LSSVM(CSA-
LSSVM). 1RA ik IIZRi A 1 N fh 25 4k B 2 55
(hybrid ANFIS)PUFHILER: > 5 ik, FNCO,7E B 1
R, FF 53R Peng-Robinsontk
BTFEPR-BoS)HHAT T A L. 4553, AT & i)
(R TR 1L AR AR A T S 4 A K. eAh, ST
25 7R, PSO-BRF. MLPNN. CSA-LSSVM. hybrid
ANFIS DY Fp 5278 () 0 10 4E () AARD % 53551 24 4.98%
4.45%- 1.98%-. 4.19%, FHICSA-LSSVMIAIACO,-
TLARHE T B A . 20214F, Zhang A48 i —Fif
B Z IR SR S8 2 (multi-player  Monte-Carlo
tree search, MP-MCTS) 5 RNNAHSS G HIHLESF T FHEAR,
X HH A (COL/N)FIE BS(COL/H,) BRI [ 3735 H 1)
COMMFRIEAT TPFA, I T COMMIk M) ke
BFWAK. 20224F, Valeh-e-Sheydas A\ ET43Fh A
[ K A 345 5 TV B2 43974 C O Mt FE Kt (N 4
30784k I AE 660 Eidl A+ IEAE 6591 E 4
R, PLR26M R AT i A S8, 9% TFFNN,
RBFNN. SVM = FLa~ 2 A, Fl CO, ¥ fif B .

26 ERIFALIEP. T Mw. B, K4S, Bk
AT AR TR R TR 28 e p it (s B4, 25
/R, FFNN. RBFNN. SVM=FhHLas27 > AR}
MR IR 5 51°40.9458 . 0.8949. 0.8607, FHARH
LMB AR FENNAE R 0 CO, 7 K M I 55 7
AR H S it R B AR TR DT ST, T COL AR
Ay FEEF . WO T AR 2 R FUQSPR G A

(2) B REHIHEARSF. 20214F, Valeh-e-SheydaZy A
FEFVUMOR R ML RE S5 25 T AR 14301 CO 5 it B s
(VI ZRAE3 024 H5 45 pii +- I A 644 B s+ 56 UE FE 644~
i), Ll =@ TUB A i A SR, R
LMAIGDX AL, @37 ZFMLFENNHLAS 27 S 15 1,
AT COLMEMLIE$5 25 F IR h s i . — @tk
SHRMw. Py T; FgtailhMw. Py T =OHAE
i Y I o N 0 S Vs s e R O] e L
VLR R TR A I A 5, HLMBE Ry
MLFNN##, HilRERMSE. STD. R* 45K
8.23x107°, 9.00x107°. 0.995, W] I T-HEAHITAL 5T it
WESH 1) B IR CO AR PERE.

(3) BAPHES FHOARSE. 20214F, Wus A CI5EF3270
ST R A 845 B 125 25 T IRUAR B9 1554 C O it B A5
(VIR 132058 s+ A 238 ), LA H Dra-
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gonfEIY 114~ B BH 2 25 ARl A A T F 1244 b
THENIAZSEL, /% MLPNN. RF. MLR =F
BLas7 2> Ty R A AN QSPRAEEAY, Fli CO,1E S+
WK EREE. U TFRERF 58 e T
PF i BF, 5 PF;R; Nk fFa,« & FTLNAHARLT
an I F-CN Rk fFas. [ FSORNa,. T
PO R MR fFas. BB FRUETEH Wik fFas. Ml
BT e K iR e, BHE FRUE 5 A
WA e v PHES FHERLEE K iR fF e,y PHES T 3RHL
RIEFH AR s BB T-CNNER e, 45 %
I, HETMLPNNYQSPRASHI M ML RE FefE, HR.
MAE. MSE/35150.9801. 0.5185. 0.5643, H]iZAd
TR HERF S AN, i DR S 500 A R

(4) FEATTTEAAAT. FEH 5TikYE (group  contribu-
tion, GC)FETBBEANIF] 53T iy [l — 56 A% i i) o
WA, GCH Tt B AR M. 202048,
SongZ5 N LT 12450 R[] B TR 10116COL
fiff B A5 (U1 25 42 809 34~ B4 o+ X A2 20234 B i
J), DS RISIE A (5 13RI BHES 7 28Fh B 1
10FHEU RIS AP, THATS3ANRAE M ASEL, 2
TR TTER N T 45 (ANN-GC) Fl & T
FE A SR AY SRR ) EAL(SVM-GO) B R H L 274 S AR08
FHF T0000AS [R]85 B A1 T3 4544 COL 7R 45 P 88 - WA
PR, 455 8K, ANN-GCHISVM-GCHIMIREE
IR 51 0.9836H10.9783, 32 10 MR KR 1] 1
X B AR T I COL WA FE HEAT v S A T, HL
ANN-GCHLRE ) PEBERE 47T 3 FSVM-GCHLAL 2022
4, TianZ NS LR A RIS EE, LAS 1M SEE R
P, THITSINHIRFFVE WA SEL, FE T SVM,
RF. XGBoost —Fii% JZHLA%F 2 > BIALFIMLPN N &
BLgaf IR FOCOL R, DURPAILERF 2 Xk
ERIR S H: 0.8240. 0.9774. 0.9865. 0.9873, F2H
FFMLPNN R QSPRALEI i M S R 4. #¢ilt, Tian
4 OO GATh B TR 13055 COL A it B B (VI 25
£E 104448085 - AE26 11140 5), R TGC
RIS F H Bt 5Tk (ionic fragments contribution, IFC) 52
B I BB TR SE R 38N ES T BERIP. 140
MERFENRMASE, R TE TR BoiEe A
TAH 22 M2 (IFC-ANN) AL T8 1 F BEBTmik AY S Rk 1)
EHLIFC-SVM) I FpALER - I AR BN CO, IR M,
DAHEST SRV A 5 88 TR S5 4 Z (B I QSPRG &
ZEWLELR, IFC-ANN. IFC-SVMSHIRZE R 5351

6

0.97117110.9763, & B P FRAL A ER BEHERA 1] S b TN 25
TR A COLSARRE, ITTHE T B TR 1) i k.

(5) A FIRBUERIRTT. /3 FHa8(fingerprint, FP)if
W T A B ) & RR o TG AT AE (O
7HE). FERIESURAL2A(5 B H Tk o+ —Fp
FRER R Tk, a2 BT 1 SRy P PRI R A Bl Aoz 1)
i (bit vector)F/n. FEMRFESOTA SR, I HERIRLT
HL PR FE5 T 2 RAE . Tian AL FHAR )i i RS [
JEJ1TF 101174 B - WAKR COL ¥ fife i Bl (U1 2 528 0%
B 15 R 20% 5080 ), il FHRDKG 7 A
4096 NFPHIRSY, FEN FP. TH:A14098 MR FFAE K
B ASH, HH#SVM. RF. XGBoost. MLPNNPUF]
RO WU COLIE ML, PURPHILAR - > X 4R
FIR* 5351 9: 0.8633+ 0.9802. 0.9847. 0.9883, F2Midt
TF-MLPNN 1 QSPRAR Y (1) T 355 S 4t

(6) Tt AFVEHE RS, fifb T2tk
i AFIFE (simplified molecular input line entry system,
SMILES)& —Fl H ASCIIAAF 5 BH A i ik — 4 70+ %5
FIERRIE. SMILESH: 1] LIgE K 280+ g -5 A
Fit il — AERDE 800 ) = 4ERRL. 20234F, Jbatfk
TR Zhang % A *V4E A NIST B 1 WA K 22 FIMD
Rl FEE T F L7 BH S AN SRR BH 5 144 B 40Fh
BT 2164CO, = R B8 (MR 503, I
RAER0% B MR EE20% 504 1), FF7E LR T
FHRDKit i 445 25 F AR 1 SMILES 4345 ¥4 55 Ry
208 FHERFFE NI ASE, #57L TSVM. RF.
MLPNN =A~CO, & FI| 5 F a8y, i 177 BH
B 18T B ES A LA 3061 B T IR CO, = A
¥ Hrh, MLPNNEE#IR®, MAE. MSE4:3H
0.9817. 0.3023F10.2104. BJ5, LiuZ A%t %t g i
B ERE A B T4, PRI AIHEE TR g )
AR H shgah % (syntax-directed  variational autoenco-
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With the implementation of China’s carbon peak and carbon neutrality strategy, CO, capture in industries such as coal-fired
power, steel, and cement is urgent. To develop alternative absorbents without high energy consumption and volatility of
amine-based absorbents, nonvolatile, highly stable, and designable ionic liquid-based CO, absorbents have received
widespread attention. Machine learning (ML) is the core of artificial intelligence (Al) and a powerful tool that can search
for patterns in high-dimensional data. In recent years, ML has been widely applied in fields such as energy and materials,
chemistry and chemical engineering, and life science and medicine. By applying ML to the study of CO, capture by ionic
liquids (ILs), computers can simulate the linear or nonlinear relationship between the structure of ILs and CO, capture
performance, as well as predict the CO, capture performance by ILs with specific structures under specific conditions.
Compared to traditional trial and error methods, Al and ML technology have become an important way to quickly predict
the CO, capture performance of ILs and select the optimal IL-based absorbents. Based on a brief introduction to algorithms
and models of ML including artificial neural network (ANN), support vector machine (SVM), tree-based models,
multivariate linear regression (MLR), and gaussian processes regression (GPR), this article reviews the progress of Al and
ML in the study of CO, capture by ILs in recent years from a viewpoint of descriptors of ILs. This review focuses on the
types of molecular structure descriptors of ILs and the establishment of corresponding quantitative structure-property
relationship (QSPR) or quantitative structure-activity relationship (QSAR) models. Thereby, ML models can be divided
into two categories based on the types of descriptors used to describe the CO, dissolution performance of ILs. One is the
ML models based on physical property descriptors, and another is the ML-based QSPR models based on molecular
structure descriptors. The descriptors of former include molecular weight (Mw), acentric factor, (w), critical temperature
(T), critical pressure (7,), critical compressibility factor (Z,), operating temperature (), and operating pressure (7). The
descriptors of latter are based on the concept of “structure determines properties”, and the structure of anions and cations in
ILs has a significant impact on their CO, capture properties. The descriptors of latter are generated based on atoms, ionic
fragments contribution (IFC), group contribution (GC), fingerprint (FP), simplified molecular input line entry system
(SMILES), molecular graph, quantum chemical descriptors. The development of ML models is gradually evolving from a
single model to an integrated model. Generally, ML models have improved from “simple learning” to “deep learning”. ML-
based QSPR models using molecular structural descriptors are more accurate and robust than ML models using physical
property descriptors. Therefore, ML-based QSPR methods can be used to search and identify the optimal structures of ILs
with the CO, absorption, solubility, or Henry constant as the aim. Finally, the perspective for further researches on the
design of ML models for predicting CO, capture by ILs was also provided. It should be considered in the ML models that
flue gas containing SO,, NO,, and moisture will affect the capture performance of ILs. Besides, functional groups in the
functionalized ILs have a significant impact on capture performance, suggesting different ML models from models for
physical solubility. In summary, the application of ML models in the prediction of CO, capture by ILs will expand the
application of Al technology in the fields of energy and environmental protection.

artificial intelligence, machine learning, ionic liquid, carbon dioxide capture, quantitative structure-property
relationship
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