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Figure 1 Schematic of the Al4Chromatography research workflow
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(c) Model performance and feature importance analysis
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Figure 2 Integration of robotics and ML models for R, value prediction. (a) The developed automated TLC platform facilitates high-throughput
experiments, generating standardized TLC data. (b) TLC processes are represented using molecular fingerprints, molecular descriptors, and solvent
features. (c) The ensemble model achieves an R of 0.887 on previously unseen compounds in the training set, with feature importance analysis
identifying TPSA as the most influential molecular descriptor affecting R, values
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(a) Chiral molecular retention time dataset
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(b) The scheme of the QGeoGNN
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(¢) HPLC column characteristics
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Figure 3 Predicting HPLC retention time using QGeoGNN. (a) RT data, molecular information, and chromatographic conditions were extracted from
644 papers using NLP techniques. (b) Molecules were represented as atom-bond and bond-angle graphs, with experimental conditions and molecular
descriptors embedded to comprehensively represent the three-dimensional molecular information, enabling the distinction of chiral enantiomers. (c) The
chiral recognition ability of HPLC columns is influenced by the particle size, matrix, substituents, and linkage type (immobilized or coated) of the chiral

stationary phase, which must be considered in ML modeling. Although internal diameter and column length also affect chiral recognition, these
parameters are consistent in commercial HPLC columns
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Convolutional layer
Kernel size: 6;

Output channels: 120;
Activation: RelU;

Convolutional layer
Kernel size: 6;
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Activation: RelLU;
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Dense layer
Output nodes: 200;
Activation: RelLU;

Dense output layer
Activation: Linear;

Retention index

[1Hidden dense layer
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TR A B A EH B TRITN. (b) BAEISHBOE T H

Figure 4 (Color online) Architecture of the RI prediction model. (a) Schematic of the model: Molecular SMILES strings are first converted into one-
hot matrices, followed by feature extraction using a CNN. The pooled features are then fed into a fully connected layer for RI prediction. (b)

Configuration of model parameters

486



tExpert RALE G T ZMEAR, wiEIHEITEML. 1R
AR U4 . Kovats-RIFI Az 45 F4) 500 (CR FH
PLSUTIE), AU s S e St T A2 F-BL. Fan
2 N VST 9 35 Oh 28 A B R 28 46 (pseudo-sia-
mese convolutional neural network, PSCNN)#Y [ shfi# 47
Jrk, FIHINISTE % rh it 26 5 SR EI-MSTE 5], fiE
3 U Pk A 40 A 8 8 IX 38 (PSCNIN 1) T A IX 35
(PSCNN2).

2.4  AIfEHAb GRS

KA 5 A FH 433 (hydrophobic  interaction chro-
matography, HIC)J&—MIEF o5 ik BisiK
PRI S AH BAE AT B R, B A & A
B KA, FEANAR I R KPS . 38 A VR R Sl A
(25 0 BE SO A LI, a4 B 5 [ AR
(ORI, S5 S0P AIRT. Jain A FFIRF
IR TE R HTAAR T 51) T Tt 00 22 SR 1 I 11%) 2 T 2
BAIIIMAE }4.6%. 1ZAERIRE LI PG HUR I B K 2k,
M4 Bh 259 & Bt B vh LR DL e s e, ITHE S
UK A TR AR IR K 1.

eI B 5 {05% (gel permeation chromatography,
GPC)Z—Fh L " TH T-0 5 &5 401 W o o35 o3 A 1) 4%
AR H AR T4 RT3 85, RSl
MIFAEA). Nagy® NUFR T MIFANNALRY, A
Hi N GPCEH - AL R Y TR 5 S, G0t
L AL,

B F At R(on exchange chromatography,
[EC)H: T/ s+ 5 AaSAH SERL b1 se i kAl
(B (R 2R R 22 S b AT A0 B, W 2 W TR A
Ik AZBRELEMIR A T2 B 54k, Giese N
FHEEPE IE]H (linear  regression, LR). ANNZEAETY Fil]
SRR PR B B2 e A ik T BRAORT,  JfaE i R B
PEITHT R B AR S ERTIN £ 22 N . Nikitads
AR Fss 4k 2% 3] (reinforcement learning, RL)fEALIH
B AR EIE R T 20, e R R AU, RLAEHERE
A LA S B e e KAk,

KIS EAES) i

AR SCE JeMEiR T Al4Chromatography i 57 B9 i A2,
WG THFRE R . IR TR B nlfi Rty
B M ARG UFSE S D IR, H, B TN PR AL
TEAN [] 2,335 (a0 o HH S0 e 2 QSRRAFSE), Ky

BEH PR T X Ak (M AR O R n T . RS
Al4ChromatographyF 78 A5 2] 7RI & 8, (HATRR
FEAEE V2 R BUR Rk, TR N3N J7 TH 43 AT Al4-
Chromatography B9 BBk 5 A & e 5 1] :

(1) BAEWE. . KA & Al4Chromatogra-
phy®FFERIARAS. HTT, K5 QSRRIFFEMA T 454
FSCHk, (AR PR A TR A RN SRk o (35 A5
TR —ZE, I BAE A A AP, ML
GUHTR T IRINE. BRI, AR & e i = A sk
FoR, DLSCH e o hn A B R A, fln, AT
R EAE H ML TLC /M- 2 45 G ANy AT 1
AR, W, ARREECH TR R R R It
EIE, % Al4Chromatography A58 #E X AR (4,31
B, LAY B R A 5T A 285, T RAE.

(2) Al4Chromatography 71 % J& J5'[a]. Al4Chro-
matographyfifF 57 i 8 & & M hif i 5 8 S i AH 25 A
M. AR BV AEASE AR e 2 N FH 05 1) 11 2 AT,
WIMDI LR T asE. B, SRS R R
R 21306 PCA. GA. ZHREP RS, Kk
T FF R o S R SR AT AR B U S 7 1)1 2
AR A B ABHE S ) AR IBCRAAE Y 7k, BIANCNN
H R SMILESHHIE . GNNEEHUEIRFIESE. 2May, Bl
4 ChatGPTH & &, J&T 1 & JIHLi 1 Transformerfi
C&W 5| T i, e R — Rk i
RO 58, FEALIR T SV EE Jy  RE  EE. R
i, 7] TransformerfiJ AI4Chromatographyfiff 57 i /1>,
LR RARE SR MZ—, BTG T6
TEU AR, Ak, AR R R T 138 AL
B ) PRI TR ) . S TR
272, TR AT e R PR R A B e s B, I
SR [F) €335 R S H A 500 H.

(3) WARITRBATERPHRAFAR LI A, H
AT A9 AT4Chromatography 5 38 ik it/ X ) BEAME & 11
A, BRI DB IR B, SRk
Al e B S R W e, E TS I AR AR
WS RS . PRI, Aol € i S i A B AL
Sk, ARG, B TR R AR,
SEARI T RBRER. Fln, FRA TR T —
LR 22 X 4% (physics-informed neural network, PINN),
W TLCH) BRI gy AR pR %L, [RIRHAF T —A
T 25, 18 i sigmoidif i pRECE 4 H BRI M (0,1), {75
SR AHAYBRSLH AAT A R — 8,

487



M % b & 2025528 H70% F454

41, Al4ChromatographyfifF 73 i H briil i
QSRRAGAL 2 > AR, LASE AL A 0. R,
P2 25 R BRAR R e T 280 32 B i, HASE AL ]
f REPE T T R BIETEATI RN I . ARSI SE (0 B RN
JEELT AUR AR A IR, DB Hh 42 4 1 A 4
IR, LAGEBIIAT A TARIFR . He b 32 2 S
WIERH I FF550eE%%, filin, Jiang® APYH A
SISSOJ5 £k T IEMOC R AT A A, A

FATRSRM AR, SC8L T AR RS HREES.

AT A P TR WAL= A bk iR
I R, RS N 3 ) sk 2 5 I 1 BB v el L
A AR AR ALE:, T IR A R, KR
AR, i e — 4 S kR, TR R,
Al4ChromatographyffF 5 s 28 & & F & IR R 1,
FRATIAEEAS S5 T2 il DL 5 W00 A eI A 8 N L R
&, SLFEHESZ G L 5 k.

%% 3k

1

Klucznik T, Mikulak-Klucznik B, McCormack M P, et al. Efficient syntheses of diverse, medicinally relevant targets planned by computer and
executed in the laboratory. Chem, 2018, 4: 522-532

2 Segler M H S, Preuss M, Waller M P. Planning chemical syntheses with deep neural networks and symbolic Al. Nature, 2018, 555: 604-610
3 Ahneman D T, Estrada J G, Lin S, et al. Predicting reaction performance in C-N cross-coupling using machine learning. Science, 2018, 360: 186—
190
4 Burés J, Larrosa I. Organic reaction mechanism classification using machine learning. Nature, 2023, 613: 689—-695
Taraji M, Haddad P R, Amos R 1J, et al. Chemometric-assisted method development in hydrophilic interaction liquid chromatography: A review.
Anal Chim Acta, 2018, 1000: 20-40
6 Weininger D. SMILES, a chemical language and information system. 1. Introduction to methodology and encoding rules. J Chem Inf Comput Sci,
1988, 28: 31-36
7 Cereto-Massagué A, Ojeda M J, Valls C, et al. Molecular fingerprint similarity search in virtual screening. Methods, 2015, 71: 58-63
8 Kearnes S, McCloskey K, Berndl M, et al. Molecular graph convolutions: Moving beyond fingerprints. J Comput Aided Mol Des, 2016, 30: 595~
608
9 Schiitt K T, Sauceda H E, Kindermans P J, et al. SchNet—A deep learning architecture for molecules and materials. ] Chem Phys, 2018, 148:
241722
10 Fang X, Liu L, Lei J, et al. Geometry-enhanced molecular representation learning for property prediction. Nat Mach Intell, 2022, 4: 127-134
11 Li S W, XuL C, Zhang C, et al. Reaction performance prediction with an extrapolative and interpretable graph model based on chemical
knowledge. Nat Commun, 2023, 14: 3569
12 Xu H, Lin J, Liu Q, et al. High-throughput discovery of chemical structure-polarity relationships combining automation and machine-learning
techniques. Chem, 2022, 8: 3202-3214
13 Tan A, Zhao Y, Sivashanmugan K, et al. Quantitative TLC-SERS detection of histamine in seafood with support vector machine analysis. Food
Control, 2019, 103: 111-118
14 Hu X, Fang G, Han A, et al. Rapid detection of Pericarpium papaveris in hot pot condiments using thin-layer chromatography and surface
enhanced Raman spectroscopy combined with a support vector machine. Anal Methods, 2017, 9: 2177-2182
15 Choi E, Yoo W J, Jang H'Y, et al. Machine learning liquid chromatography retention time prediction model augments the dansylation strategy for
metabolite analysis of urine samples. J Chromatogr A, 2023, 1705: 464167
16 Cao M, Fraser K, Huege J, et al. Predicting retention time in hydrophilic interaction liquid chromatography mass spectrometry and its use for peak
annotation in metabolomics. Metabolomics, 2015, 11: 696-706
17 Park H, Lee ] M, Kim J Y, et al. Prediction of liquid chromatography retention times of erectile dysfunction drugs and analogues using
chemometric approaches. J Liquid Chromatogr Relat Technol, 2017, 40: 790-797
18 Jang I, Lee J, Lee J, et al. LC-MS/MS software for screening unknown erectile dysfunction drugs and analogues: Artificial neural network
classification, peak-count scoring, simple similarity search, and hybrid similarity search algorithms. Anal Chem, 2019, 91: 9119-9128
19 Xu Z, Chughtai H, Tian L, et al. Development of quantitative structure-retention relationship models to improve the identification of leachables in
food packaging using non-targeted analysis. Talanta, 2023, 253: 123861
20 Okamoto Y, Ikai T. Chiral HPLC for efficient resolution of enantiomers. Chem Soc Rev, 2008, 37: 2593-2608
21 Pérez-Baeza M, Martin-Biosca Y, Escuder-Gilabert L, et al. Artificial neural networks to model the enantioresolution of structurally unrelated

488

neutral and basic compounds with cellulose tris(3,5-dimethylphenylcarbamate) chiral stationary phase and aqueous-acetonitrile mobile phases. J


https://doi.org/10.1016/j.chempr.2018.02.002
https://doi.org/10.1038/nature25978
https://doi.org/10.1126/science.aar5169
https://doi.org/10.1038/s41586-022-05639-4
https://doi.org/10.1016/j.aca.2017.09.041
https://doi.org/10.1021/ci00057a005
https://doi.org/10.1016/j.ymeth.2014.08.005
https://doi.org/10.1007/s10822-016-9938-8
https://doi.org/10.1063/1.5019779
https://doi.org/10.1038/s42256-021-00438-4
https://doi.org/10.1038/s41467-023-39283-x
https://doi.org/10.1016/j.chempr.2022.08.008
https://doi.org/10.1016/j.foodcont.2019.03.032
https://doi.org/10.1016/j.foodcont.2019.03.032
https://doi.org/10.1039/C7AY00151G
https://doi.org/10.1016/j.chroma.2023.464167
https://doi.org/10.1007/s11306-014-0727-x
https://doi.org/10.1080/10826076.2017.1364264
https://doi.org/10.1021/acs.analchem.9b01643
https://doi.org/10.1016/j.talanta.2022.123861
https://doi.org/10.1039/b808881k
https://doi.org/10.1016/j.chroma.2022.463048

22

23

24

25

26

27

28

29

30

31

32

33

34

35
36

37

38

39

40

41

42

43

44

45

46

Chromatogr A, 2022, 1672: 463048

Xu H, Lin J, Zhang D, et al. Retention time prediction for chromatographic enantioseparation by quantile geometry-enhanced graph neural
network. Nat Commun, 2023, 14: 3095

D’Archivio A A. Atrtificial neural network prediction of retention of amino acids in reversed-phase hplc under application of linear organic
modifier gradients and/or pH gradients. Molecules, 2019, 24: 632

Fedorova E S, Matyushin D D, Plyushchenko I V, et al. Deep learning for retention time prediction in reversed-phase liquid chromatography. J
Chromatogr A, 2022, 1664: 462792

Torigoe T, Takahashi M, Heravizadeh O, et al. Predicting retention time in unified-hydrophilic-interaction/anion-exchange liquid chromatography
high-resolution tandem mass spectrometry (Unified-HILIC/AEX/HRMS/MS) for comprehensive structural annotation of polar metabolome. Anal
Chem, 2024, 96: 1275-1283

Taraji M, Haddad P R, Amos R 17, et al. Prediction of retention in hydrophilic interaction liquid chromatography using solute molecular descriptors
based on chemical structures. J Chromatogr A, 2017, 1486: 59-67

Yang Q, Ji H, Fan X, et al. Retention time prediction in hydrophilic interaction liquid chromatography with graph neural network and transfer
learning. J Chromatogr A, 2021, 1656: 462536

Pollo B J, Alexandrino G L, Augusto F, et al. The impact of comprehensive two-dimensional gas chromatography on oil & gas analysis: Recent
advances and applications in petroleum industry. TrAC Trends Anal Chem, 2018, 105: 202-217

Dunn W B, Broadhurst D, Begley P, et al. Procedures for large-scale metabolic profiling of serum and plasma using gas chromatography and liquid
chromatography coupled to mass spectrometry. Nat Protoc, 2011, 6: 1060—1083

Lubes G, Goodarzi M. GC-MS based metabolomics used for the identification of cancer volatile organic compounds as biomarkers. J Pharm
Biomed Anal, 2018, 147: 313-322

Lopez P, van Sisseren M, De Marco S, et al. A straightforward method to determine flavouring substances in food by GC-MS. Food Chem, 2015,
174: 407416

Pereira V L, Fernandes J O, Cunha S C. Comparative assessment of three cleanup procedures after QUEChERS extraction for determination of
trichothecenes (type A and type B) in processed cereal-based baby foods by GC-MS. Food Chem, 2015, 182: 143-149

Sugitate K, Saka M, Serino T, et al. Matrix behavior during sample preparation using metabolomics analysis approach for pesticide residue analysis
by GC-MS in agricultural products. J Agric Food Chem, 2012, 60: 10226-10234

Sequeiros A, Labidi J. Characterization and determination of the S/G ratio via Py-GC/MS of agricultural and industrial residues. Industrial Crops
Products, 2017, 97: 469-476

Vigdergauz M S, Martynov A A. Some applications of the gas chromatographic linear retention index. Chromatographia, 1971, 4: 463-467
Tarjan G, Nyiredy S, Gyor M, et al. Thirtieth anniversary of the retention index according to Kovats in gas-liquid chromatography. J Chromatogr A,
1989, 472: 1-92

Matyushin D D, Sholokhova A'Y, Buryak A K. A deep convolutional neural network for the estimation of gas chromatographic retention indices. J
Chromatogr A, 2019, 1607: 460395

Matyushin D D, Buryak A K. Gas Chromatographic retention index prediction using multimodal machine learning. IEEE Access, 2020, 8: 223140-
223155

Matyushin D D, Sholokhova A'Y, Buryak A K. Deep learning based prediction of gas chromatographic retention indices for a wide variety of polar
and mid-polar liquid stationary phases. Int J Mol Sci, 2021, 22: 9194

Veselinovi¢ A M, Velimorovi¢ D, Kali¢anin B, et al. Prediction of gas chromatographic retention indices based on Monte Carlo method. Talanta,
2017, 168: 257-262

Jirayupat C, Nagashima K, Hosomi T, et al. Image processing and machine learning for automated identification of chemo-/biomarkers in
chromatography—mass spectrometry. Anal Chem, 2021, 93: 14708-14715

Qiu F, Lei Z, Sumner L W. MetExpert: An expert system to enhance gas chromatography—mass spectrometry-based metabolite identifications.
Anal Chim Acta, 2018, 1037: 316-326

Fan Y, Yu C, Lu H, et al. Deep learning-based method for automatic resolution of gas chromatography-mass spectrometry data from complex
samples. J Chromatogr A, 2023, 1690: 463768

Jain T, Boland T, Lilov A, et al. Prediction of delayed retention of antibodies in hydrophobic interaction chromatography from sequence using
machine learning. Bioinformatics, 2017, 33: 3758-3766

Nagy T, Réth G, Benedek M, et al. Enhanced copolymer characterization for polyethers using gel permeation chromatography combined with
artificial neural networks. Anal Chem, 2023, 95: 10504-10511

Giese S H, Ishihama Y, Rappsilber J. Peptide retention in hydrophilic strong anion exchange chromatography is driven by charged and aromatic
residues. Anal Chem, 2018, 90: 4635-4640

489


https://doi.org/10.1016/j.chroma.2022.463048
https://doi.org/10.1038/s41467-023-38853-3
https://doi.org/10.3390/molecules24030632
https://doi.org/10.1016/j.chroma.2021.462792
https://doi.org/10.1016/j.chroma.2021.462792
https://doi.org/10.1021/acs.analchem.3c04618
https://doi.org/10.1021/acs.analchem.3c04618
https://doi.org/10.1016/j.chroma.2016.12.025
https://doi.org/10.1016/j.chroma.2021.462536
https://doi.org/10.1016/j.trac.2018.05.007
https://doi.org/10.1038/nprot.2011.335
https://doi.org/10.1016/j.jpba.2017.07.013
https://doi.org/10.1016/j.jpba.2017.07.013
https://doi.org/10.1016/j.foodchem.2014.11.011
https://doi.org/10.1016/j.foodchem.2015.01.047
https://doi.org/10.1021/jf3029557
https://doi.org/10.1016/j.indcrop.2016.12.056
https://doi.org/10.1016/j.indcrop.2016.12.056
https://doi.org/10.1007/BF02268816
https://doi.org/10.1016/j.chroma.2019.460395
https://doi.org/10.1016/j.chroma.2019.460395
https://doi.org/10.1109/ACCESS.2020.3045047
https://doi.org/10.3390/ijms22179194
https://doi.org/10.1016/j.talanta.2017.03.024
https://doi.org/10.1021/acs.analchem.1c03163
https://doi.org/10.1016/j.aca.2018.03.052
https://doi.org/10.1016/j.chroma.2022.463768
https://doi.org/10.1093/bioinformatics/btx519
https://doi.org/10.1021/acs.analchem.2c02913
https://doi.org/10.1021/acs.analchem.7b05157

30 & 2054528 £70% F458

47

48

49
50

51
52

53

54

490

Nikita S, Tiwari A, Sonawat D, et al. Reinforcement learning based optimization of process chromatography for continuous processing of
biopharmaceuticals. Chem Eng Sci, 2021, 230: 116171

Schwaller P, Laino T, Gaudin T, et al. Molecular transformer: A model for uncertainty-calibrated chemical reaction prediction. ACS Cent Sci,
2019, 5: 1572-1583

Chithrananda S, Grand G, Ramsundar B. ChemBERTa: Large-scale self-supervised pretraining for molecular property prediction. 2020

Ross J, Belgodere B, Chenthamarakshan V, et al. Large-scale chemical language representations capture molecular structure and properties. Nat
Mach Intell, 2022, 4: 12561264

Frey N C, Soklaski R, Axelrod S, et al. Neural scaling of deep chemical models. Nat Mach Intell, 2023, 5: 1297-1305

Kang Y, Park H, Smit B, et al. A multi-modal pre-training transformer for universal transfer learning in metal-organic frameworks. Nat Mach
Intell, 2023, 5: 309-318

Arazo E, Ortego D, Albert P, et al. Pseudo-labeling and confirmation bias in deep semi-supervised learning. In: 2020 International Joint Conference
on Neural Networks (IJCNN). New York: IEEE, 2020. doi: 10.1109/ijcnn48605.2020.9207304

Wang X, Jiang S, Hu W, et al. Quantitatively determining surface—adsorbate properties from vibrational spectroscopy with interpretable machine
learning. J] Am Chem Soc, 2022, 144: 16069—-16076


https://doi.org/10.1016/j.ces.2020.116171
https://doi.org/10.1021/acscentsci.9b00576
https://doi.org/10.1038/s42256-022-00580-7
https://doi.org/10.1038/s42256-022-00580-7
https://doi.org/10.1038/s42256-023-00740-3
https://doi.org/10.1038/s42256-023-00628-2
https://doi.org/10.1038/s42256-023-00628-2
https://doi.org/10.1021/jacs.2c06288

Summary for “ N\ T4 GBI AE (ISR AR5

Al-enabled chromatography research

Jinglong Lin & Fanyang Mo’

School of Materials Science and Engineering, Peking University, Beijing 100871, China
* Corresponding author, E-mail: fmo@pku.edu.cn

Chromatographic techniques, developed since the early 20th century, are fundamental for compound separation and
analysis, evolving from paper chromatography to high-performance liquid chromatography (HPLC) and gas
chromatography (GC). These advancements have significantly propelled research in chemistry, biology, and environmental
science. Concurrently, artificial intelligence (Al) and machine learning (ML) have demonstrated robust data processing and
analysis capabilities in the chemical domain, being extensively applied in retrosynthetic analysis, reaction yield prediction,
and elucidation of chemical kinetics.

The primary challenge in chromatography lies in accurately predicting and determining chromatographic conditions,
traditionally dependent on empirical judgment and iterative experimentation. Al introduces innovative solutions with data-
driven model prediction capabilities, enabling rapid virtual screening of conditions, thereby reducing trial-and-error
frequency and cost. AI’s advantages in improving analytical accuracy and efficiency are particularly notable when handling
complex samples that traditional techniques struggle with.

This review details the Al4Chromatography research workflow, encompassing data collection, feature engineering,
model building, and interpretability. Key applications include predicting retention factors in thin-layer chromatography
(TLC), retention times in HPLC, and retention indices in GC. The development of quantitative structure-retention
relationship (QSRR) models, pivotal to AI4Chromatography, is highlighted. The workflow involves collecting data from
databases, literature, and experiments, using natural language processing (NLP) and web scraping for rapid data
acquisition.

Feature engineering, crucial for meaningful data extraction, involves molecular representation and experimental
condition encoding. Common Al models include random forest (RF), extreme gradient boosting (XGB), light gradient
boosting machine (LGB), artificial neural networks (ANN), convolutional neural networks (CNN), and graph neural
networks (GNN), implemented via frameworks such as Scikit-learn, PyTorch, MindSpore, and PaddlePaddle. Each model
offers unique strengths in handling different chromatographic data and can be tailored to specific analytical needs.

Applications in TLC involve predicting retardation factors using ensemble models with high accuracy. In HPLC, models
predict retention times and enantiomeric resolutions, aiding in optimal condition selection. For GC, retention indices are
predicted using CNN and ANN, facilitating the identification of volatile compounds. These Al-driven models have
significantly enhanced the efficiency and accuracy of chromatographic analyses, enabling reliable results with less
experimental effort.

Despite initial advancements, several challenges remain. Firstly, high-quality, large datasets are essential, yet
inconsistencies in database openness and chromatographic condition descriptions pose difficulties. Secondly,
Al4Chromatography research must evolve to integrate both hard-coded features and soft-coded features, such as those
derived from Transformer models. Future directions include semi-supervised learning, multimodal learning, and transfer
learning to maximize data utility. Thirdly, embedding chromatographic knowledge into Al algorithms is crucial for
building physically accurate, mathematically precise, and computationally efficient models. This includes developing
physics-informed neural networks (PINNs) and advancing knowledge discovery techniques to overcome the “black box”
nature of neural networks.

The vision for the future is to rapidly acquire chromatographic data through automation, build Al models with embedded
knowledge, and discover new chromatographic insights, forming a virtuous cycle. The Al4Chromatography field holds
immense potential, and this review aims to inspire further progress and innovation.
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