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Abstract Synthetic cannabinoids (SCs) are synthetic psychoactive substances that can pose a public health risk.
The SCs are structurally variable and susceptible to structural modification. The rapid emergence of structurally
unknown synthetic cannabinoids has led to new challenges in their identification. In recent years, machine
learning has made great progress and has been widely applied to other fields, providing new strategies for the
identification of unknown synthetic cannabinoids and the inference of possible sources. This paper describes the
principles of commonly used machine learning methods and the application of machine learning techniques to
mass spectrometry, Raman spectroscopy, metabolomics and quantitative conformational relationships of synthetic
cannabinoids, aiming to provide new ideas for the identification of unknown synthetic cannabinoids.
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TR R 24 ) R S AR 4 2 4 SO T B RS
PRTE MY T 5 R 252N AR L, AR TR 2 S
25 ML FH 25 %) 0 2 BEARARUME X B 25 0047 0 2 0 %
D7 A6 0] R8I i A SE P () 25 W S F 2, TRk
b 55 i T3 657 X 2 ) SR A AR AT g 3 B A
F, NI R F RS IPATBOR . 38 B A2 2
F&SCEANTTE PCA T HEE :, TWH-018 4% Fitiill
i A’-THC-like fb-59), X 525 nY 25 122 — 3L, &
BLEFBN IR KR ER 321k CB1 Fl CB2 £1 X,
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FE 1A R & & (quantitative structure - activity
relationship , QSAR) W4T J& I F G it T Bt
TR A YR SR R AE YT R 2 ) G R
AIRERY 22Tt Bl S35 T i foe /N —3fe [l 5 3k
BALVE TG O R RO R EWSE . T
BRI WAk 2 5 R R AR ) TS PR 2Z (8] A
KFR, WAL T 2 0] LUE B E SR, B4 -
R E I A B FE bR o it QSAR #FFE AT LA
X BU AN G O RR 2R B PR A T R0, Ak 59
TR BA B TR RAAE R ZEFIAE OGO R Y QSAR HFFE AT LA
M AR LA Py S RS B, it —25 )
B KRR WG VY B A . H AT A BRI
FH QSAR HERIRHFE A5 KRR Al CB1 SZ {4 F1 CB2
ZARMEE G AL G YRR PR .

Lee 255 @7 —/> QSAR #AY 45 Fh G Rl kK
R (G5 A AR R BT 5 H: CB1 ZARSE & R F
B R ALK . IZWFREE T DU SRR F1 14 Fh G ik
R 5 CB1 ZARSE 1Ay %4, i1 R/CDK T
IR B R ALE W o TR R AL S W Y T
o2t A FLYE (simplified molecular input line
entry system, SMILES) 3R/R 40 43 F 48 4, fifi
22 JC 2 M 1] U5 0 3k R i e /s — 3 [l 9 B3 A
QSAR [, SE Lt Y BEHL A 56 ST S E,
RAF AR, 2SI AT AR P R T T v
BB B R 2R Y LR, S TIN5 KRR 3R A
WE AR AL T —Fh BT A 5 ms . Paulke % S T
QSAR KR, iZ AR Al LIRS A Z LW B o0 T
Wiy 7 A JAL & W % CB1 1) 35 AL Ty (LA 45 & 0 B
K FR) o R @ AR R R LS
SEAR AT 1) R, R AR IR X A AR AL EE TR
PIAS I3 1 Z [ B AR ARLEE o K R BB B8 ARGk
(inverse distance weighting, IDW ) 1135, f#i F +15 3¢
S IE AR P T T A R AT 5 UE . T S Y
QSAR FERIA] LAV —Fh i 5, P | 7 Biehy TH,,
AT T e 00 G R JRR 2R B8CH A I XK %
PEAL G YIRS T

6 HftATAEBKXRFIRAMNEEHHEAR

ATLLANCIER AN Sy | Te At 73 B G
SRBEFUR A RE AR B TR, IEfER 2z

i FH o Risoluti %P9 #8950 T K FH I 20 AP 1E 45 &
PCA WAL AT B2 07 B AR T 26 0 it v BURS Aif
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A YR R B R 2 OB R BT R A B A6 I
PR, 2835 A I T A

W BT OGS HOR SN, R R HOR (nucelear
magnetic resonance, NMR) 5 F 45 I 5 24 B3 i
DL AN EEY), BENE S b A ) AR v 2 i A Ak
SRR LT B, 55 BUORRE i 7 18, A SCHk
i3, fd ] NMR £ AR 73087 & UK BE R UR-144 K
HAR Y, S2B0 T X 10 R0 A0 25 ke f BT
J3 A SCHRAEETF NMR 4Bl 515055 5005 O R
Wy B i A5 AG ff AT DL R Y, F NMR BA o2
JT TR A AE L, X EAT B 4 B ) f IR AR B R
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W dRIE . K] 2 X PLER 2 S BOR 5 HAH R S5 &
FH T8 MU RR 2R SR B8 07 v LA o G
FElEAT T LA

7 REERE

PLAS - > Bk e i K o i 8l v B 3B I
FEOE, Wb A7 98 Fo b A I 15 B, 76 B R
EQIIES RIS i R s B s % N 28 T N T SN e
To ARICAH T HEA BRI ER SRS LA
2 Bk MLERSE S S PLE g A
CH A R R Z L5 AR IR 5, 54 24 A
FE I ROC R G A T AR R LY B4 .
WP A A RE, SVM, ANN, iZ1LAE T
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