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ABSTRACT In recent years, machine learning (ML) has demonstrated significant potential in corrosion inhibitor molecule research
and has emerged as a powerful tool for scientists to explore new and efficient corrosion inhibitors. Corrosion inhibitors are chemical
substances used to prevent the corrosion of metallic materials, and their effectiveness is crucial for extending equipment lifespan and
reducing maintenance costs. However, traditional methods for screening corrosion inhibitor molecules, such as weight loss
measurements and electrochemical testing, typically require extensive experiments and considerable time, making them costly.
Consequently, the application of ML technology in this field has garnered widespread attention. This review provides an overview of the
application of ML technology in screening corrosion inhibitor molecules. Artificial intelligence technologies, particularly deep learning
and machine learning, can analyze vast amounts of data on known corrosion inhibitor molecules, to learn and predict the corrosion

inhibition performance of new molecules. These technologies not only enhance screening efficiency but also uncover molecular
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structures and properties that traditional methods may overlook. Specifically, ML models can extract key information and construct
predictive models through feature extraction and pattern recognition using existing data. These models can rapidly identify potential
high-efficiency corrosion inhibitor molecules, thereby significantly accelerating research. However, despite the numerous advantages of
ML technology in screening corrosion inhibitor molecules, its limitations cannot be ignored. First, the current compound search space for
corrosion inhibitor molecule screening models remains limited. Second, these models face challenges related to computational resources
and time costs in practical applications. After discussing the applications and limitations of ML technology, this study further explores
the concept of molecular generation technology and its application in generating corrosion inhibitor molecules. Molecular generation
technology employs deep learning techniques for automatically generating new molecular structures, often based on generative models
such as generative adversarial networks (GANs) and variational autoencoders (VAEs). These technologies can learn the rules of
molecular generation from existing corrosion inhibitor molecule data and generate new molecules with specific properties. Molecular
generation technology can help researchers discover new and efficient corrosion-inhibitor molecules and accelerate the development of
new materials. Finally, this paper highlights the challenges faced by generative machine learning models in the discovery of efficient
corrosion inhibitor molecules. Although generative models have shown great potential for molecule generation and screening, their
application in the discovery of corrosion inhibitors still faces many challenges. For example, generative models require large amounts of
high-quality data for training, and the generated results require experimental validation. Moreover, when generating new molecules,
generative models must consider various factors, such as molecular stability, synthesizability, and environmental impact, making the
design and optimization of these models more complex. Overall, ML technology holds broad application prospects in the research on
corrosion inhibitor molecules; however, it also faces significant challenges. Continuously optimizing ML algorithms and combining
them with experimental validation should contribute to the efficient and high-precision discovery of corrosion inhibitor molecules in the
future, leading to breakthroughs in materials science and industrial applications.

KEY WORDS machine learning; deep learning; corrosion inhibitor molecules; molecular screening; molecular generation
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Fig.1 Machine learning ideas for assisting research on corrosion inhibitor molecules
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(2). Obtain molecular features
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HUMO, LUMO, HOMO-LUMO gap, dipole moment,
aromaticity index, ionization potential, electron affinity,
electronegativity, hardness, softness, electrophilicity,
electron donor capacity, the number of electrons
transferred, Log P, molecular area, volume, molecular

(5). QSPR prediction

Predicted [E «

(4). ML methods: optimize the QSPR model

Linear optimization

Linear regression
Multiple linear regression

Least squares regression

Principal component
regression

Nonlinear optimization

(3). Screen molecular features
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Artificial neural networks

Gradient boosting

Feature screening
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Data preprocessing
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Fig.2 Quantitative structure activity/property relationship (QSAR/QSPR) modeling process for inhibition efficiency (IE) prediction
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WS HE ST T — 4> MLR AR AU ke 70 W8 22 51 (1) 1E,
MSE. RMSE HI°F- ¥ 4 X 5 43 Lo iR 25 0 9 45
2y 519 111.5910, 10.5637 F1 10.2362. IE 5 5 #i f
2% 2 A1 (Sum of conventional bond orders, SCBD) .
W JE (o) . LUMO, HL B % (Mi) Fl 53 it (MW) %
PIAH O {H MLR A7 7E — & Jmy FRPE, 91 4 (1) MLR
ik A 5 H AR = 22 (A C R IRy, B
TCIE IR AR E S R (2) BARB R 20, (H7E 5
Y75 o] v i B PR R BE R R, DRI A AR AR A
Z i, BRI 2R 5 LA TR, T B I Y A B
8 T Ak RN TR e i, o il — 2 S R, i R A AR
FR) 3 P 2 A0 0

N T4 22 W 2% (Artificial neural network, ANN)
JE— RSB A 2 R 5 4T O AR, R K
AN A2 0 (77 A50) ALK, 33 28715 0 38 2o in A
A2 AH B A FH . ANN 3 ik 27 27 i1 2 R0 R M B
A h R IR 22 A SRR R O R FE T
THRSF S IE X £ Y QSAR/QSPR #iHH, ANN
AE % b P i B AR L P AN 2R BT SE &R, BlIg
AT DL AT B R 2R R B RS B
R TFVE R i A 27 8, il A ROEUE ST AR
SR AR e, S5 AR 2 A5 BTN A TE E. i R
[i7] 1% 1% 35 1% (Backpropagation ) , %% [ 2% A 8 D i
Nk T 35 2%, DT S 30K B 59 QSAR/QSPR 5
AL 4N Ser P DL 9 AN A ST TR AT GHRK
B BE 95 %k . HOMO, LUMO., HOMO-LUMO fE B
HLPE R SRR BT MRS R AN R T
CERTTR (L TN ESVAE. S a3 B2 o N L Y
2% (GA—ANN) J7 1 1) QSPR #5403 3o 5 Jk Tt 1%

Bk fe /N 9% (GA-PLS) ) QSPR #5554 3 17
REXT L, 45 9 B 78 GA-ANN JvETE I 2R | i
R IFEE A9 F 1) RMSE 1 T2 1 9 GA-ANN
77k, 453 29 F 2 RMSEIZ5 /0 320/%5 31k 2 8.8%.
{H ANN A7 E — & Jay BRAE, 91 4nn: (1) Bdis i A8 2
Bt 25 5 T OB 3o 40 sl AU (2) 7 Rl 23 8 2]
Tofs J8E T 2 BB R A R, L AR TR Z M 45, X
2 S O R AR Fa e siE RIS (3) o 28 R 45 1Y
“RRAE M T f A5 AR X i TR ASE A ) PR AT ] 0 T
o

T i 44 55 ( Gradient boosting, GB) 42 — Fl i /T
(B A 2] ik, il el R 4B A 2 A 55 2 2 2% (Gl
HOR PR M) A AL A P BE . GB 3 i A SR Y
Syt AR, v Bh e R E EARE, WD T SRR R
PEiy TAER:, HAHLL ANN 55 T Bt 55— 7 i,
T 3% 25 Uk /D % 22 0 L R, B B B 5 1k X M e
BE B —E my & M. Blan, Akrom 2P0 ST
5 50 Fh RARA ML A W i BE 4, DL 11 Fpi 7
k2 1 Bt (HOMO, LUMO. HOMO-LUMO fE B .
BB BTEMN, 2REE ., £2RTHRE. B
ok A . SRR R TR0 k&Y
WA At AHRAE, LA TE (AR R B ARAS . o T 42
o BL A 2 20 B R ) FOOAE B, AE N 2 ik R b fil
K% 5% AL T R B R AR A, IR T K ik
4l (K-Nearest neighbors, KNN) ., Bifi #1 # #& (Random
forest, RF) Fl GB = Ff A [w] 1% 454 4 (1) IE 5 0 14 HE .
SRR, T IIA T REIUREA, A 80 & T
A FRAE 5 B bRAE 22 18] A9 AR Gk, AR (3% T g
83 T B34 5. GB. RF Hl KNN #5814 R2 {5 43
SN 0.557 B4 AN E] 0.996., 0.522 315 0.999, 0.415
Hm#] 0.994. HeAb, &S BIALER 7K RMSE {H Y 5k
FREAG, A BIN 141 5 PR 0.19, 1.27 i ¥ 5 0.10
A 1.22 2P F] 0.16. 1] WL, 3F GB Jy 44 2 1) 45
RUTA ) Tz B 2 2647 TE fERR BT {H GB 7
BRI — & RBR M, Bl (1)GB HikW k£
A S B (N2 2] % 552 ) SR B0 . B IR
&), T AT A BE I B AR (2) 7R3 2%
> g B i 2 s R i R, GB LA S kA
A, T R O DAk T 2 AR 1 TR
BN A 2] FE A ) SR By 1k LG

R T A R A, TE TR [ B A R
T T 2R, (HFR IR T 78 28 1h 30 43— 0 o+ 14 7
J1 RN FH A 5. A 45 Al 2 0 FE 1AL 3R OE
WAy, S8R A3l AL Ry T HEGARF, v LA
SO ST Ay AR M Z PR RE Z R R,
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SRR IS A AR T W RSO T
XF bbb AR PO AN A TR X 2 ol ) A3 1 9% Dl AR
(1E) ToOI L0 2, 8 SCR I BEMLAR PR (RF) | 6 B 3
5% (GB) . A T 48 M 2% (NN) il 22 T 2k 1 [l 19
(MLR) VU532 X Gong 46 BU 143t i) i o R 858 4%
PR (AEEIRE: 25 °C ~ 30 °C, HCI ¥JE: 1 mol-L™")
1) % Tl 390 0 7 0 4 (B 466 28 1k R MR . HOMO,
LUMO. M4 . BB AL TR AT L BERE
AR B VO R AR R AR AR SR R AR R
ZH0) JEAT TE TN A Y 4 g SRy R S 58 A A -
P, PO KR 8 2 [ L 9K B A2 X 4 A
YIZRAE RIS UE AR, I8 3 37 28 B E i 47 45 7
YR, WK 3 s, NN BAZE 5GEAE (1) RMSE
0.018, 7 It A /a1 (9 MEAM B2 s RF FI GB B AY ) R 31
AHAT, T MLR A5 Y ) o 5 & 2 {%, RMSE 4 0.15.
PRI, 1% i8R (1 B, NN, GB il RF B 2
B HH A 0 00 o A

32 ETHTFEHNIE BNERAE
TEFEF o0 T 4549 1) TE T e A v, 75 2 X 2%
PR oy F AT 0 F ROR G HAT L SRR
P ALHE LU AT R 04T g i 1Y SMILES JE L. 43 F
B4C. KIIE L. SMILES ##% 3B 38— HL i
1A B AT SRR, 35 TR R X 4K | trans-
former 55 [ SR 15 5 B, 7 48 80— R H EEAR
4 1024 B 2048 2/ 0, 1 16 H. 2 70 5 K K ow
9 G=(V,E), W G iy 3R7R & By FRLEE X3, kL
FE Rl LU 79 s (V) A2 3 A (B), /]
W B A A R A DR R Y AR Ak DR RN R
ST orEIh 24 R BesUE se T, DL BeEUE RE A
R, R OC R N H R & R, AT AT Ak
AEHE, AR ML #5231 25 R RRCR . 91 an (5] 4
t SMILES & BrCCOclccec2ecenc2 2255 8-(2-
bromoethoxy)quinoline(QN-C2Br), % 1 Br, Ethoxy FlI
Benzopyridine & =~ Fy B A/ 15 1 AT 15 2R R
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Fig.3 Prediction accuracies compared for corrosion inhibition efficiency of inhibitors in 1 mol-L™" hydrochloric acid solution, using different models:

(a) random forest; (b) gradient boosting; (c) artificial neural network; (d) multiple linear regression



FRIEHESE LA > B Iy R B e A k) o3 1

- 1235 -

Molecular representations
Chemical formula: C,(H;BrNO

String-based:

BrCCOclccee2ceenc12

Graph-based: G=(V, E)

A
Rr/\/()\& ﬁne-grained

_—>Ethoxy
Br ——CCO

/

clecee2eeenc12 Coarse-grained

Benzopyridine ring

B4 nrIomsEi

Fig.4 Schematic of molecular representations

251

15 B¢ (1) TR B 2 B A 28 X 4% (Convolutional neu-
ral network, CNN) 135 5 # £ %] 4% (Recurrent neural
networks, RNN) H g 4b#SCA | H 450 R . A
SRR S8R . 5 BR A SCAR [F], B E 7
FEA L5 (E B 22 W 4% (Graph neural network,
GNN) 2 E $22 D\ H 15 5 R 20 0l ) B 8 s 2= >d
MYHESR, Forr =y g R 30 Al DAAR 4 W T 320K 4 F
SEA T A i RN SRR PR, GNIN AT T Ak R RR
JUR A HE, anfb2s 0 T 450 8 [ I, I &S
Fa T 43 B M o Y, AR - ) 2R RRAE, R
MR A B T B E B, s K P
KAPBIKE A AR, 2FBEK B R E(LogP) Y FlI
PP

% 1T Y 92 BRSNS R S8
(nZfbfE B . B s B e
TR A ) B IAR OC, 1 55 AR 5> FRIE
(g5t . 7 B SZARBORM 45 IR0 2% UTAE G
T4 B 15 1 22 [ 2% (Message passing neural network,
MPNN) 2 W58 ] 5= > i3 FHHE 2R, & T L b dh &2
T LR e A AT I8 1 GNN AR 2 ] () 2o, 5B 48 1
Fe M1 5 T v 25 2 R ORI AR 22 S GURAAE, I i
o3P BT PRt Dai 585 i@ b /& 116 F DL 22
T 7] Shy S B ) BT 9 6 1R 5 R AN [R) 92 1l 7 3 1
X B B 5 W) (438 S, 49 B R PRI 4514 T (R IR
JE:25°C ~ 30 C, ZMiA¥E: 1 mmol-L™', HC1 ¥
JBE: 1 mmol L) B G2 IR 24 Bk . 25, 73 5 &5 Al il
S IE A, 3 270 S8R . 2R T %8R, Dai 5517
$ T —4- 3T DMPNN HEZL Y = 90 B 30 B A%
16 P 25 ) 2 (3L-DMPNN) #2784 38 35 45 5 Jil 7K ~F

FRAE | b 27 5K OF- REAE R o0 7 2K PR AIE R 5 18 2%
PR BT E B RS T AT A RS
(Simplified molecular-input line-entry system, SMIL-
ES) Pk Ry ME—Hai A, B o A5 R B I
FF 5 i RDKit 42 )\ SMILES H 42 H i + 1 {27
FEOEL B S, F T B A% i A S B8 o K ] =
525 FREAR S G, 38 1 5 R 2 ) 2% S50
43 F 1 1E. 1ii Ma %P9 #£ 3L-DMPNN #5271 ) 3 fif
42t 2D3DMol-CIC 7, X 5 b1 79 72, 15
I EF MR 2K, 19 SMILES., 7+ H g iR
TR AR . 28 b e BE RN TE (B RO ELE 1241 4%, R
454 2D-3D 4 BRI G2 il ) ok B 3R AT A, 35
T = YERFAE X TE T ) 52 ) DL KSR Y Ak g
J1. 52 A W B0 AR BUAR L, T #4 2E ) 2D3DMol-
CIC 5 BUN AN AT LA B fiff b 0000 40 2 e B8 1 2%
SR Y TE, 1L AT DL SR AS [ BT 22 1) Y
IE, DA T G 7= A= 18 TE(>90%) A e 7Nk

4 BRESHERE

ARG 2o 1 OE A A A S A5 A A B
P, AT DL ST TE A AR A L0 2 )
R A F TE, MM 3 T TE #EA 7 28 4h 3] 23 1 0 k.
SRS AEAE LA R A3, (1) 3% F ML # 57 fY QSPR
BERUAEAR R AR BE AR T 2 7 FR AR i e 4, AU PR
TR A v B R SR R Y IE; (2) HETE A
SCHEROO $E B B B3 HOMO 5% LUMO fE 5 4T
HoAth 5 b 2207 2R B R AT 5 1 P R 2 ] B A
WA O, B, R T E2E S EUE N TE i
DA AR G A S HUS 5 WER A 3%, 58 55 (3) F
FHREE 2 2 Fi R, A7 3 F 43 F 454 () 1B T A%
U] — o B TE 00ORG AR AL v Ak Pk AR,
FIE 4 VAT e T 000 2 ok R B Lk R, A % ) B
B 1) 0 S B A T — AR AR AR | P i ik, (U2
58k REETEA BRI AL A P2 M HE T4 &

TEARRMF TR, — Ty 1, w] 2R i i
BHA, AR R B G R R 43, I el D 44
A g N7 B F o RRAE A0 2% ok R0 I AR A 5 5
—J5 T, BT o A OB R A R ) G2 iR 4y T
A T AE 8 IR R B AL G ) 25 8] E A7 28 1 3R] 43 44
F I SR B ) Gn 1) A% 1 A R B AT 4 R R
J@ AT 4 F T, 4R ME G P R A )L H
I, 75 254 % BUATI, A BIF 58 A1) AR i X e i 1
SN f 2 LA | ek S50 50IF i f A5 o2,
£F X SMILES. graph Wi Fh % H 43+ 3= 7= J5 i o5
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o AEHE, oy AR B RY AT =25 SR R AR
1 ( Autoregressive models) . A= i X 4T [ 2% ( Genera-
tive adversarial networks, GANs) . A543 H it as ( Var-
iational autoencoders, VAEs) 1 i y& i % A (Norma-
lizing flows, NFs) PU2&. VAEs £ — 1~ 221 Yl 25 (1)
i ek, T SBULITEZ & 2 (o Ae, U e—A
2o b YN R ) f i 2, FH 100 2 5 25 8 SR o3 A
RN =N = NG S N B il B 51213 e e 95,4
AR AEZE ph ) 4 AE L7 T, Gong %55 | F Ma
G D01 SR P AL 1 55 T Al B R ORI 1368 4% 22 1l 5
i, BT RDKit BT T L6 25 WA LR E
i 4 7T (Quantitative estimate of drug-likeness, QED),
43 Bt 2 B0 % 5L (ALOGP, LogP) , 4> T & (Molecu-
lar weight, MolWt), & 4 32 /& (Hydrogen bond acce-
ptors, HBA), & ##{it{A& (Hydrogen bond donors, HBD),
i MEPEEIEFY (Topological polar surface area, TPSA),
] i % #E 05 (Number of rotatable bonds, NumRot-
Bonds) 1 N, O. S, P Jii F 4= 11 4~ 4r F Rk, LA
X 11 AN 3 REAE RN 92 b 500 vk A oA 92 b ) 43
A TR R i N S, ST SR VAEs B 41
B 1T, BT A B B A B BT 4 AT AR R 2%
Tt 351) 43— 0 2 ) g 16 4R, AR5 R TE i) 455 78 75
) i 3 5 0 2 1 R0 43, AT 98/ 22 R A -
eI A P2 ).

S O A R AT R B 4 AR B R B
XTGPl R oy HEAT 4 1 A BRI Gk, H FE 22 1k
N3 -1 ST ATS A AE 5 22 1 ) 0 PR A i D

(U AS RV G2 b F 5 X5 AN [R] S A4 R L . AN T] g ok
B TR B G2 1 AR AN R], PRI, 76 34T 22 )
A AR, T A R S TR BT | e S
PR RE, WS AR S DR 7 s, (B2 HATE A
BAREEM , Al e T B4 A 800 1 A AR
PRI, e ) P SCHRAZ 40 L v S 4 O G
B BN, Wang & R H B SR E F AL B AR
XA S Wb E B TR BE R T OB B4
B, Ren 559 &5 w57 4 1 52 90 2 AR HE A7 8 il 58
AT T 2838, 45 20K 57 i ol S2 56 5 ke
T RAFAALE A, W] LLE— 25 45 g I Y RO

(2) FILFH 25 53 A2 OB AL A i 5 45 0 s 1k
A5 AH X N 1Y) 9% ol ) o3 F 5 48, T O S 5 TR
THY SMIELS ., F B (&8s REIT) A1 H br 45tk 2 18] /Y
KFR, B RAE PR A A R 19 1 b AH R T
B2 BH 1R A AY R W 7

(3) EARAG BA = ROR BB 2 b 53, 7

TN A LR 23 P EAT SR AR B, B
12 DA 22 T 38R A S5 B9 o 1 P SOV O Je 4 2 A
ST AR A AR R A E R R T 8k A R
4 1 Ak o7 2 BT AN BEAE AR F 52 U0k A — 2L
F T EUN A R T 2 8 4 0F A e
(4 25 N, AT RE A= B 1 R R E G2 TR Y
02

(4) Az B 1Y) 2 157 73 5 B8 28 0 S0 6 3 ik
PR Z h PEBE, 1XRE Y S U6 0 U 2P PR AR A B I B
7. Pk, i e 20 M 7 35 M 38 Bk A B3 Y SRR
ZENMAOR R — AR BR T SR, AR o T
i T B LA B (AN BR R E L RRE IR L AR
55). 22 FARDU A AE Az A 28 o i 107 P % JHG 5 B afe
JEBER.

(5) A= B4 71 B 28 20 1 A LB AL 25 BT 1k,
G S B T AL R A S5 R X B
TR A 2R N RE A R R AL 2 25 (W) B T B2, [ O
Fr—E W RUETYE. 5350, HATVE 2 A2 B UL s T
ORI, B2 R B AR Y AN ] A= 2%
TR 73 180, LA AR BRG] B A R R B 2%
PhERE, X TR MR BRSO 7 B A R X

FIRAAFAE L3 )R g o, (HR 7y 12
SRR AU TE 25 ) S F 5 S ) 58 IE A E B T LT
A4, A Bl SCAS 2 4l 25 B B BB 52 T3 I 3R 858
149 G 1k 390 73 1 BOHR B, AT AT 230 DR B0 A 2k )
I A S i T S B e R BT Rz S
PEAT PR 5, Al B R 46 /1 i 2% 2 b 9 73 1 BF 52
AL & Yy as ]. o5 —J7 T, ) e e S 6 R 3
T RROR, X 8 3 A 2 il ) 1 2R AT S 4 6
HIE, A — 2B T e R Sk R

5 BE%

ARICH S T Y HTHE T ML A 22 iR 23 1
ifi V8 7 ¥, 4 AU 22 ot 25 30 S0 A Y R AT
50 2 14 SRy BRAE . R P 231 A R TR A B A
Foft 73 5 AR 1 22 PR 23 1, R4 A o 1 0 R T Ik
Xt A2 LB 73 BEAT G R RCR T, B R K 4 /N 2%
b 3R Ak & W i e A S L DR 0k, AR S — 2 ] B
207 BUAT I 2 15 oy 1 A OB RL. (HL iy T G kR
oy TRFE IR IR, AT A T 22 TR0 i 15 Mg ke AR 3C
i 3 25 28 Tl o 1 BUE ST A AR R IR, OF
JB B R R 1 2 e D5 1w, LS Ry A RLJES ik UF 5 N
R’MZ%.
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