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Application of SERS collaborative machine learning in biomedical detection

CHEN Yunfan', WANG Yechen', WANG Long”*, AN Qi'*, FENG Zeguo’
(1. School of Materials Science and Technology, China University of Geosciences, Beijing 100083, China; 2. Department of Pain
Medicine, The First Medical Center of Chinese PLA General Hospital, Beijing 100853, China)

Abstract ; Surface-enhanced Raman spectroscopy ( SERS) enables highly sensitive and specific label-free detection by capturing the
vibrational signatures of molecular chemical bonds. It offers significant advantages and broad application potential in the analysis of
biological samples. However, its clinical translation remains limited due to challenges such as spectral complexity, variability, limited
reproducibility, and overlapping characteristic peaks. Machine learning (ML) , which allows computational models to learn patterns
from data and make informed predictions or decisions, has shown great promise in deciphering complex SERS spectra and advancing
their biomedical applications. This review highlights recent advances in the integration of ML with SERS, detailing how ML
algorithms enhanced analytical performance. It also outlines common data preprocessing techniques for SERS, describes core ML
workflows, and examines their roles in classification, quantitative analysis, and disease diagnosis. Furthermore, the review explores
emerging applications such as molecular structure prediction, Raman spectral database development, and discrimination between
DNA and RNA. Finally, the current challenges and future directions of ML-assisted SERS are discussed, with an emphasis on
improving robustness, interpretability, and clinical applicability.
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Fig.1 (a) Raman scattering principle; (b) typical sers substrate; (c) electromagnetic enhancement mechanism
(d) chemical enhancement mechanism
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FBRFEA 5K AT E T, NI 3RAS o] T LS 2 ) A i A 5 (B 2(b) ) ™ FE S AL B AG A1 A Xt
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(2) ik 3

L ERARIPERE , T Xt SERS JRIA YIS TR IE | JoME A — LSRR R R R AL EE Savitzky-
Golay V-1 51 L BRILLR RS , LA IR BE 28 M 245 25 bR i 4R Ty i 2 A PR A 2 m) A 24
ARG PRI S , JF o A 2ot AR iR 22 LR

(3) HRAYN G504

WLER S I BRI G PR AE I GRS Ik AR AN AR =3y, BRI 7 2 OG22 3l 5 R A kA
2E XHIE ( k-fold cross-validation ) DA K 4 37 45856 11>k PEAR AR Y 1472 fL RE

O A& LIAIE BB AERENLRI 50 & 4, Hof k-1 A FRIBINZE, R4 1 A T4l ZaRER k
W, A TR REFE bR, W W5 0 HE B — 72 (leave-one-out) | B4 41 (leave-one-group-out) 55

@ ANREIE A F A S S5RGBT 003K, DA PAR AR R 78 T 7 FH P 38 R, A D 75 A7
FEATAUA TR, AN IR, X T ML a2 ST SRR I R v A4 B Y |

(4) BRIBGUE 5 PEAS

TEVN GRS | 75 2O A R A T PEAS , AR ORI MERR R A e . DT 2% AR A FE .

@ 12K HHZE (loss curve) ; FF Mol il i A Hp SR iR 224840, An & 2 (c) iz, F G (EBRAIR , A 7R 1 i
L0/ R

@ Zik & T AE Rl £k (receiver operating characteristic curve, ROC) M [l £k T (9 i X ( area under
curve, AUC){H:ROC I T IPAG 73 JBUAE A R B {E R B9PERE , AUC nl i A AY 225 PERE , Anl&I2(d)
iR,

(3 YRV M4 (confusion matrix ) ; 434743 AR Y (14 F0UI0 1F A 2, 0 B 9 A 7 91 38 s S B 288 1) 5 o) 2k
5, 2(e) piR

@ HAWPEALFE AR . A5 HERT R (accuracy ) A #fi >R (precision ) . 7 [11 K (recall ) | 47 5 M ( specificity ) %5,
BEAN 78 B R B 34 )5 1% 24 (common mean square error, MSE) #4781 2% (root mean square error,
RMSE) “F-#44 %1 1% 7% (mean absolute error, MAE) Fl#5 {25 ( standard deviation, SDM ) &5 48 b5 3 1 1 1
MR 2E
1.2 SEEN

TEARAT HORE B U h 2 OGRS | $E M hr SO o i i SR FAERR M — EE MR N ROCTERY AL, DLas2E
SIHE R — R RS A T REfS AL B HLRE &2 2% H Z R Bl , IF v AR AT 55 75 2K 3 R 43 25 Il
H RIERIREEX 4 K2, Hldnsy > iliw 2 Fh BRIt a2 s, R Oy i 4 AT B X Tl A A 44
Rt 58, MRE2= 2107 WA TE], Ml 2= > al E— 2 43 o Jo WS B % > (unsupervised learning ) Fl & % ~J
(supervised learning ) IR, it Jo B2 >0 36 BT 0] 5C 2 AR A I O, 3l s B U sl R 07 k42
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2 (a) FETHLES2IHY SERS BRI ZRAMA M —ad B> 5 (b) LENSE—2 (1) FsE 230 (D) Ja ARG AR
HEH RN B E IS PRI LT RORE SR I T LA™ 5 (o) ISt Bt rh it O il 28, 45 4004 ek 0S4 A 4 2 2 346
FHIRTEELR N IEA 5 (d) Sonil B s RO MERE IR IBFEFF 2R ™ ; (e) ROC IIZFIAHRLY AUC fE

Fig.2 (a) General process of SERS data training and testing based on machine learning'®’; (b) the upper image shows human

urine samples after the first step ( I ) and the second step of centrifugation ( Il ), while the lower image compares the
spectra of urine supernatant samples before and after ultrafiltration'®’; (c) loss curve during the training process, when
overfitting occurs, the loss of the test set increases, indicating that fitting should be stopped within the dashed line** ; (d)
confusion matrix representation showing the classification model's performance on test data™’; (e) ROC curve and
corresponding AUC values" "’

1 SERS &5 ablaias I ML 55 B0 B I XA X ¢ 2

Table 1 Correspondence between task types and supervision modes in SERS combined with machine learning
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(1) JCWiB==>J7E SERS 43+ Al W

T B LR > PR AR A R B 4 = A ks nT MRAL J7 R A L 35, 78 SERS 2 Mr h A8 2] 1) 12 hif
RN T, W A JC W 2 ) S0 85 2 443 M ( principal component analysis, PCA) #1432 B2
(hierarchical cluster analysis, HCA) %, PCA J& SERS %{#ig &b il b a5z i FH i) B4 7 1 | BENE 7F 17 B3 85 = &
5 B [ stk AR 0 TR ERUR T IX 20 AR TR 2R 500 40 A G B G R AR )l B2, PCA W] LUK &
AR ey — 2R sl = EPE A [ DART AR AS [ 2 A 1) SRS O, P i 22 S ge i 2= w21 . )
i, Ding % FI F =4 PCA /875 KJE (fentanyl, FE) M1 ( morphine, HER) | 58 i/ ( ketamine, KET)
K AR AW SERS SR ISIHA, B uF T SERS V-5 76 5 db A il 5 5 570 v i i A 1 (B 3 () ) o BBAE,
Lim %% 254 SERS 5 PCA X} EYL A [] i 80 75 AU 40 I E AT T AR IC 2 5 . HCA 3 i F IR R 25 &
(dendrogram ) , T5 WM 7R Y61 22 6] B AR LM a5 2% St | IR N (7 fE A% T T35 AT Sl 3L A 500 s P ol e R 500
HHET PCA HCA HA o RE4E R T A0 PRS2 OGS L 3, IH I AE 75 22 B8 T s 5 B AE Y R
N EARRWE 1, a0, 78 SERS 41 43 25T H  HCA 8T 20 H1 6 FREAN B 19 600 416 is % , 2
IR AR RS, FFH 8N T A 50 28 10 = GURFAF - 2 1 F Ay 5 B AR AR AR R AIE 5 D) B S A1 1) S AR A
(FE3(b)) ™ R TN B 2£ 2T 7E SERS Bdi /b vh 2 B @ (H HAE AL B 140 N R 48 2 1 & ZREAR AT
FEAE—E SRR 910, S5 v () 5 S M | TP o e 58 SR 4 2 R 9 A8 Ak 1T BB i) R 2R 45 S iy mT Sk
BEAh, BT I R S = B 09AR A5 S, FLAERR B AT 55 (AN 2 W7 ) Th sl AT R . BE X ek ik,
RT3 25 5 W B 2 ) i, AR i R (18 43 28 RE S Rz Ak M RE
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El 3 JoliE2#>J7E SERS RN H: (a) =JCiREW (cp: 0.1 pg/mL, cppe: 10 wg/mL, cypr: 10 pg/mL) S H B —21 431

3D PCA 184 I FIAHR B SERS JERE®T . (b) X l& Y 4-%i JL ML IE (4-mercaptopyridine, MPY ) SERS 4T 2 48 8244y

M, 1L T 20 I S 5 (extracellular matrices, ECM) 1116228 7 i 73 28 P 7 BV R T A7 A ECML AR e ik A %
HEAE I E RERE M S B RVECRE F A0 IR 43 3 A g

Fig.3 Application of unsupervised learning in SERS: (a) 3D PCA score plot and corresponding SERS spectra of a ternary mixture

(cpg: 0.1 wg/mL, cppe: 10 pg/mL, cpp: 10 wg/mL) and its individual components'™®’; (b) systematic cluster analysis

of the measured MPY SERS, using classification factors based on ECM surface chemistry, including surface charge, overall

ECM chemical characteristics, and the type and number of interacting functional groups, categorizing bacterial species into

three major levels'*’
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(2) B Wi B ==>J7E SERS 43+ Al

WE B AL B 27 o Bk OB T b v SO S (0040 0 2 B W0 G o T A5 R VR R BUREAR B IR A ) L fiE
fi% & 54 ¥ SERS M M MERAPEY L HET, EIF & 2R B 5 o) Bk L 8 R RS M R Y
1 5 D\ A7 B A9 e B /)N — € 15 (partial least squares method, PLS) 3| ¥ &2 44 %) 57 # [w] 3 AL ( support vector
machine, SVM) & TR0 8075 DL Kz B T4 28 [ 2% ( neural network, NN) fy& v Gl w  FEREA %L
AT PR EL SERS #9855 43 M 0 ke FBE =2 T 1 G 8 2 4R M I iy BBk e B AE ; TT XF  OR ML B i 4
RIS — T B SC R W58 AR A 22 50k 0T (EAR R A, X8 B 4 ) B AN S
T8 o (A 4325 W] H T ' e B (A Wb W BE I 2 ) . PLS J& & & HH A 1|1 5 7
Rz —, 0 B2 S8 — 48 7e N+, DL KR B i B SERS Y635 5 45 1 2l = 18] () 2 4kt 7
2, I8 AL [ ) B A SRR 0 il Leong %5l FH 4N K £ £L & 40 KR T 4 SERS LK, K
Al PLS [l )3 g S M v 2k, LIk D- (&R TN L- (MR AIR S E (K 4(a)) . Frig ey fl B
A R A (X AE R*=0.96) , 3 AT 78 45 X5 22 1% B3 FBl P 7 A 00 2 A 60 3R 45 900 114 1l 4 e
B, 165 —WHFFE R, Janci 2 1Y JF & T — R TR I £225 v 4 5 A SERS GE R, % T PLS
[0 A 0S4 T SERS it 5 4 Me ik B B 6 2R, %7 R TTTE 0~ 200 mg/kg F VR JBE 1 FL 1A 52 500 T 5 0
FELIFTE1139.9~1643.7 em ™ WG IS X BN R B R 4P iy Pk #a 3 (T R? = 0.962, fif &5 B Ky
7.250) ., T PLS F B3 JH T4k ¢ R0 M, 76 4b BR AR 28 1 a0 43 2% A B50Hm s 3 7 B SR T O i
Il > BBk . SVM s H T/MNEAR B 45 | IF e A R AR e e iE — o th ) C &R . AR i 3
TR RO A5 A e u), DL Sk B R S 1, AT SE B2 B 4 ¢ L Diao 457 3T SERS i (E
SHEL SVM B XA [ 41 M FE A B (GO/G1 .S Fil G2/M 1) B9 A AR HE AT T 42, vl AR Gk B
85% ., i, 4bT GO/G1 W Hh WA 44 T I ¥ 4 38 45200 95% , 1 S WW1RT G2/M 01 i) 33000 o A 23R 43 il Ry
81.8% 1 64.7% , M4, it ROC #h£E EAl SVM P fE , GO/G1 .S Fil G2/M iy AUC {E 435~
0.98.0.87 1 0.84( &1 4 (b)), Kim 2 3 — L F J SVM X ft FE AN | R v e 25 0 5 3% (A /0 Ik
FEVEARTE) HEAT T 20250007, 0 5 HER A 2 95.0% RS EE 9 95.8% , X ELHF ST L5 K], SVM FE ¥
503 AT 55 R B SR BE |, 9T SERS W& B B T,

B BRI (I BE L AR AR (random forest, RF) ) i #4 £ 221> P SRR O SR 45 L 45 2 | i oo A5 701 of: iy 4
FEu D LA, BN, Shu 570 Jo AR i SERS IO f# W% L B T 3% (laser desorption ionization mass
spectrometry, LDI-MS) Z5 &, FF & T — X v XUR 3 VB FEAS (R BRSSO B vk . WF9R N 2 36T RF
Fide /N X Wi 4 5 1 558 F- 71 )9 (least absolute shrinkage and selection operator, LASSO) , #J# T SERS/
LDI-MSFil & i XU A A 5 BS 7 IA L, IR RS AE & 3 BA 91 A g5 ik BA & v i AUC 4351 R 0.949
(95%CI:0.917~0.977) F1 0.911(95%C1:0.812~0.984) (Kl 4(c)) . WAL, % LR 21 (0.86) W EMR T
B —15E2% SERS(0.64) il LDI-MS (0.73) , 3% WA RUBE 285 S 135 76 7 10 o KURS D v AR A 34, 2 T A5 B 22 I 2%
( convolutional neural network, CNN) {5  RE 8 43 25 Ab B 52 2 5040 , JU IS A F ROMBE SERS %44k 70 17,
HAOPEHAE T BR800 6 B2 At (b 2 SR BOCHERRAE , MORTHE 38618 4 T AE S ¢ . Chen %1 I FI A7
BRGNS Ag AR FFREUS K BUiee A ME B /N BT A9 SERS Y63, IR CNN #Ef7 4028,
LUETZ 5 A E) 100% F1 87% (Bl 4(d) ) . WFFE AN GLH ] Fl-score WA M:fE , CNN 7E 5 FiA7 Wi B~
R P 2R AR (Fl-score =0.885) ., &bl Jiang %' HF & T —Fh 24 CNN(MLS-CNN) , F T34 90
{9 fE B XS HE T 585 (IR S8 5 LTS AR A Y SERS $idfe , 3 1 o S BUBGIR % DR (kG v 20 2, AR iy (k2
WA 53K 100% 9 R 20 2 vERf Sl 1 89% , W] CNN 7E SERS 45 it )32 07 19 7 o U Wl =4 I e
SERS 7341 i B B 1 (BT i i #8045 (overfitting ) AV, JEHOR A GG REA B A BIRE DL T o 4
SRR L TR Rz R 45 Bk 3 R TR EROE EROUT AR B R M R AR e Ah AN FE A B R
AR5 50 T R S BUR AN Z A RE T TR TR, PR R4 ARG LRI PEAl A5 4511, 5 SR BU™ A%
B TR, FE e, AR A% SERS 43T A& i 1 A0 vl S
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P4 A WE 2 2)4E SERS H R . () R ELEE IR ¥ 43 b 5 92 BR B S R T 43 HU Y L 2R (9 PLS [IA ™5 (b) (1)
EEE 3 /\KEJ%E@FJ%@K"&H@&HWFB’J SERS DG 3153 19 SVM Fil il 25 SR iR 4G 45 R, (i) SVM R ROC i
24075 (¢) #£T( 1) LDI-MS.(ii) SERS #(iii) SERS/LDI-MS Il ZkBAF 1 v XU 5 (£ 40 ) i fee e B ( 42 )
E’ﬁﬁuﬂl #2432, (iv) T LDI-MS SERS #l SERS/LDI-MS 4} (12 Wil 1 ity AUC {51 ROC ™ ; (d) (i)
CNN BUBESE 25T Bt (il ) HER 22 PN i) V12600300 AR I 0045 2 28, (i ) 5 CNIN JEA MO 45 0
VAR

Fig.4 Application of supervised learning in SERS: (a) PLS regression plot of measured values molar % versus actual values molar
% of L-tryptophan'®'; (b) ( i) confusion matrix of SVM prediction results obtained from SERS spectra of exosomes from
three different cell cycle stages, ( ii ) ROC curve of the SVM model™"; (c¢) stratified prediction probabilities of stroke
patients (red) and healthy controls (green) in the training cohort based on ( 1 ) LDIMS, ( ii ) SERS, and (iii) SERS/
LDI-MS; (iv) AUC values and ROC curves of diagnostic models based on LDI-MS, SERS, and SERS/LDI-MS datal™’;
(d) (i) framework of the CNN model, ( ii ) accuracy curve and (iii) loss curve of the training and testing datasets
during the learning process; (V) confusion matrix for addiction classification using the CNN model-**!

1.3 EEWN
%%*ﬂ%ﬁMgﬁﬁE@Lﬁ et AR 2] Tz W L ff SERS 752 2 AR W 5 T b ) Ak o b
BT, Hrb, PLS 2oy 0w WL, PRk BRI LLZE & 25 IR (E {5 B B M 20t
i‘ﬂ(ﬁ% T S BT P40 (0 52 40T . B4, Leong %51 —I50955 51 %ot BRI 52 v, 1) FH A 5 /s — 3 4 331 43
(partial least squares discriminant analysis, PLS-DA) #& %X} COVID-19 £ 2 g B ™ {4 6 I 05 4 A 33547 43
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2, IFE B — RNV 73 F 32 AR DI RE AL 19 SERS ~F- 15 4 4 FR: DU P W A AR rh B9 45 A PE A ALAE &4 (&1 5
(a)), WISEA5REN 1% PLS-DA BT X 73 JCAE MR FIA AEIR COVID-19 [ J7 Y 73 2K Uik ik 96.2%
M IR 99.9% ., HAh, IRIR (uric acid, UA) JEMREMC I AL =8, B 8E A 2 58 JK T i XURLO 145
PR ZE YRR G, T LT (creatinine, CRN) W2 DA 5 IR 0 D BE AY SCBESE b . TEAHSCHESE
Jones %% K H] E-SERS Z5A HLa% 24> Ik, %} UA F1 CRN #Ef7 T8 i A, BF58 % B, UA F1 CRN
(1) SERS {5558 BE R I AN [F] () H LA | DA T R 8 b e LA o 22 58 Uiy =4 E-SERS B fE . b5, bt
FEN R WA e /N € [ U9 — £ J2 J8% 1 4% ( partial least squares regression-multi layer perceptron, PLSR-
MLP) LA 2 555, X E-SERS BUHE7EAT 4347, IR0 1 A D8 v 8 23 A v B, ToUIURS B 53k 0.94
(EI5(b)) o X—J5 a2 PRIK AR 0 — ZR G0 AR W bn a5 R I, Ry 52 2% A= WU REAS 1 1 G T
Brigfit T rlrfie, B T PLS, /= W73 F2 [7] )5 ( gaussian process regression, GPR) t#% ) 32 i FH F % & 7 #7 .
Garg %1/ FF & 7 — Bl Z2 78 B AE 2 0 [l A4 8 % SERS U & {f Bt 2 SARS-CoV-2 ¥ JE i [l (10° &
10° pfu/mL) . AFFEHIFHBMLTE A7 35, 3L 2447 19 SARS-CoV-2 FEARTE 107 ~ 10° pfu/mL ¥ J3 15 P # 57
SERS 45 , 3136 T4 L A R BIH i GPR BB (18] 5(¢) ), A5 SRRM i AE 10° ~ 10° pfu/mL i [H]
PN B T A 55 S e B ELA 4 i — 350t , RMISE. 4 0.52, 158 2 %% ( coefficient of determination, R*) ik 0.84,
FEAR 23 5% R RSN 5 1T, Wan 2607 R B SVM (S RF I AL ) R A AU AR [R) A 25 i eitb A7 T 4028 R SE Bl T
XA 2 BE BTN . AR FT B X EZEIKIBK ( thiabendazole, TBZ) ¥ (107 ~ 107" mg/L) # SERS Yt i 4t 4fs it
175328, L) 40% BAE - T2k, Tl 4x 60% TR, Fr iSRG Hi R (K1 5(d) ) 21, SVM 5 SERS
55T LA R o AR FERR BE N AR 255 B8 i — 2D ik T IRTER 255 B o Arh i i WS g . Bl
SR A A Re 1R T, DL RO 22 A R A IR A2, SERS i A I € B — A B2 oo b
PRIYZEG Tk, XL SEIE b2 2] ik B85 T SERS FEAL A iR 43 28 e oM b i e, b AR
Yy 25K P2 Bt 1 SRS B RN = R AR R R

B AF PR ML 7E SERS 704 th BOOLH, A b 20 H 5 E G fb 2 it O ik ik A7 X 0y, e gef#it
27 (U PCA (PLS 55 ) 3 HOB TSR B AU BEE BRFIE SRR 385 FH 1 BCHis 45 A4 1 b 722 £ (] DG &R
LNERTEIE . X SE)7 PR R AT R o TR il A b B NEE I . SR, 78 SERS D63k oA,
IR A S e AR R R, S BUE S i e DU P i 7R R 2, ML
Z T, ML J5¥% (4 SVM RF NN 45 ) A e 56 19 A PR B, B A o KA AR e A RE 1 5 A S AR $2 )
AEJT. LA SVM Ry 8], o 3o 4% R BRI S 1T A7 280 1K 3 e 24 25 ) v A S50 280010 5 iR B 2 > J7 ik in CNN
M BE ELHE PR ARG rh 2 2] 22 )2 YRR, SE 3 21 i 2 W 0 1], X 265 1k e A AL B S RIASE | vy et s s
T W 2 A T A B B R, DT I8 3 R AR B 97 AL RE D R TINORS B IRk, RS R 2R T R 2R TR R
SERS Zitdl 5341 Hh A 450k S AR T (R TRGT 24 1i SERS 7EAE ) = 2 vh 19 w5 38 1 W FH 75 R AL A= > B it 7
IR KRR eI 28, R HES)) SERS ARG IR ALy G T A,

1.4 SERS-ML H#lER% S H ik I #

SERS-ML Hil & A $m 12 W PR I 55 24 1) 07 16 55 L T3 50T RE T A0B BAR , L2 > Bk i 5
SLANHTNDE X ZEAR KRR S RE BT OE R, BHET, SERS-ML R4 & H B 446 PCA |
SVM KNN RF S840 07k AT/ MEARL S OGRS ) 02 SRS BOh © R 3L RAFPERE, SR, BiE 4L
PR Jre S REA S Ze VMR IN AR G AR RFE B S AL B ARGtk A 50z fh e 77 I T 4 W 2 % R R
AR, TREE2% 2] (deep learning, DL ) J7 ¥ X H: oy 3] 3 A9 1E 2% > BE 7, 7E SERS Ul AR rh 32 3 12 G,
BAVZEFG N CNN  ResNet 25 7E I 41 M0 RU3  AH 40 28 A1 55 vh R I Hh 68 R Il T 205 e T80T s
AT S AP, R, 1B A o) R A ) S SRS AR 5 | DL A A 1 AR AR Bk | BSR40 A AS 1) 45 )
S N, Tan 2508 SERS B4 THEFE S F G RIIE RS2 > SRS 45 A, SIS B 11 ORI R &
YA A1 TR S E L IR F] 100% B IEITER A 3% B4 8 iR 28 . IR RMUAKO ik A ik il
Yk A ATERR AT R 2R R A Y, 0 BRI R AR A, BRI i RS 2= I TR R AR R A Hr BRI T
Zheng %5 FE R (1 AAKCTF: SERS” -5, WA HIDGIE 55 19 A8 A Ab B8 ( TP/ 567 B 15 1 B ol 20 o 45
454G, SCBL T RS BRSO B AR TR MR 10T C B R T L S0 A G R
HRR T B ORI, SRR O S R S T S R SRR KA AR Y s A AR M TR e A T, DS



32 R R % M (B % R 55 60 &

— T, Sun SV QIEE LA SERS 5 A543 AL I TR EE Bl 2 £ il & A T CNN-GRU-Attention 1 &
PR FH TR 2 TR ) 2 R U E A, AR AR 5| AT TG FR PR JT ( gate controlled cycle unit, GRU) 57
P, T T RS ICCRE MR Lt R ), 7ESCIe b LTS5 k%] T R =0.982 7, RMSE =
0.389 6, AL G Iy L ER I LT T 8% , IR 2E AKX 40% . BFFE R I, iRl SR W o) 22 4 FRAIE 2R 48 5 I ) 4K
RERAT M T AR G T IE AR IR S A 2RI v ) SRR R, S AR T Y I AR AL T BB AR . — T 1, B
% SERS-ML [] 5 bR i F A i B A0 1)« BAAR " e B I 29 R 2 FEIG IR st D, IO A AR i AN i B |
X R SR B 2k B A D S P R (40 FDA/EMA TAIIE) MR T S B Bt Xk, WFoE B 42 0 T anASHff
PR AR ARG B {5 B2 5000, DA R 880 2 AL DASR A OGSO IX O0G i BE S5 5 1%, MM s A AL Y
AR SIGRAEAERE ), 53—y if, SERS - ML 4t 1) & B tho 1 Ifs 22 5 S S0 Bh AR, A 68 X6F i o B R A 1
Wiﬁ\ulliﬁﬁ%ﬁiﬂ:mﬁ%ﬂﬁizlﬂxﬁ%”ﬂ ARAI G AL T I R ARBLA AT AL 3 () SERS JEJiE, 45
BT 2E I MA G AR DX AR B 5 2 v SR R, LAE S SERS-ML M S 565 Z A 5% ] i IR
5o ny se Ak Ak

25 LT BE R RS IE 3K 3l SERS B MF 5 KB n) B Refd b i ik . E i 3R A AL R AR ) I
RESAE AR | 35 ] i ek 5 T B , SERS—ML 1E 24~ SR, HI i R B R AR 4% g, B A AN (A 28
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K5 SERS 7eE BRI Y SLH]: (a) FIIZIrT 2K IBEALEY SERS JEYHH AL 15 COVID-19 AH I i I I #4 K MEA
LAY, SR JG B B35 19 COVID-19 JEHLIRILAI ] PLS-DA X SERS SGilE 1743261 s (b) FIHIAK M. E-SERS J:ilf
Fiil UA 1 CRN 7P PLSR-MLP 52475 25 HAKCRAE UA A CRN #3530 i 579125 PLSR-ANN B il
B L ™ 5 (¢) (1) SARS-CoV-2 7tk I B 44T, 24 1) SARS-CoV-2 1P #4345k SERS DGk, (i) &
R4 (principal component, PC) iz, (iii) WML 10 ~10° pfu/mL A4 f# SARS-CoV-2 /i) SERS i i) PCA 43
HrBif i PC T A BRI, (v ) B A7 B O R AU GPR BRI SARSCoV-2 W ™) 5 (d) TBZ 4 rhilll %k

B2 (TR A AT
Fig.5 Representative applications of SERS in quantitative analysis: (a) detection and capture of COVID-19-related respiratory
volatile organic compounds using SERS substrates functionalized with multimolecular receptors, followed by classification of
SERS spectra based on patients’ COVID-19 infection status using PLS-DA"®'; (b) schematic diagram of the two-step
PLSR-MLP algorithm for predicting UA and CRN concentrations using unseen E SERS spectra, along with a comparison of
actual concentrations of UA and CRN in the test dataset versus predictions from the two-step PLSR-ANN model*®?; (¢)
( 1) multivariate regression quantitative analysis of SARS-CoV-2, showing the mean calibrated SERS spectra of lysed
SARS-CoV-2, (ii) PC loadings, (iii) PCA score scatter plot obtained from the SERS spectra of lysed SARS-CoV-2 within
a concentration range of 10> to 10° pfu/mL, (iv) Prediction of SARS-CoV-2 concentration using a GPR model with a

[66] ,

rational quadratic kernel function'® ; (d) confusion matrix of TBZ concentration training set®’’
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1.5 SERS-ML FEEEf" 12 i & A9 52 A

SERS—-ML FESSRI2 Wr G R 30 B RV 7, U HORAE Z R e UL PR | o 28 2 e s M AR AR
KPR R B —Fh v R ARR A B S R A TH

H i, SERS—ML 7E$55 12 W v i) 1 R 5% 32 22 43 v 7 R FHAS [] 28 784 1) A e AR 45 ) 2 ) S8 i
FE—TREFE Y, IR ) 5 1 pS3 AT A RPN A — B (R A Wi hR G4 . Herndnovel-Vidales 257
it PCA Fl SVM B3k 73 A7 H: SERS Stk , & BEF A= I 5 58 A8 Y p53 (1) 53 B3 AT 35 94% , {H FH 8 —k 28 X
Y UE S, B MR R A R, K IR > 0.946 mmol/L, (i ] H & 17 2 3 TF 2 S e AH SE pFgT 42 4 1 n]
e, AR R REURF T M E BRI 22— FEIRERE T, DR 1 8 A% 1 I e o 06 v 1 706 3 e 24
g ( circulating tumor cell, CTC) RJ BE#E ASNE L, JFP AR AL EY . CTC nl @ IR AR 37 2 A0 % e PR A
Gy M A S BB AN, £ R AR 2 W RS VA TR I R B K RS W v 1) S B A A AR
P> AR, SERS £ ARAE CTC K7 i s 7 w35 k2 . (il , 3 13 AuNP-MBA-rBSA-FA & &4l %
() — e RS R SPERY SERS AR MRS 78 5~ 500 AR/ mL 1975 BN, H: SERS W45 B 5 95 41 it
Bz b R SE R (R*=0.993 5) , R IZHET vl 5B i b CTC A AR ™ Ak, Pang %517
FET —FhJET Fe,0,@ K FE45H4 1 RUE 515 5 SR W, FLAE R &0 J& 1 988 CTC B, 2B AT 36 1 A4
i/ mL, SRR R ARG, (1% SERS RATEGil R M AR AR A E St TR RE 01 A A Fr it —
HAfAL,, Fang %67 i FHARBCASAE A SERS L, I 17 1fiL 40 M 55 22 o s 400t 14 26 T 7 2 3% (181 6(a) )
SERBIR  ETRA S R RIE I 7 88 40 M 5 it 40 i 2 B A A B 25 5

BRMhR Sh , SERS—ML 765 JFAARAG I o (4 B FH IR B HR A . IAEK , Z 68 SERS F-& 17 54 K 4
-G IR TR TS A SR R SRR R AR RCR B A I s R R R AR U T R
T ABFE DN 2 B4 IRFEAS BT A AR 1 5t o BT HERA AN 2 S5 2R v S A PR 22 S kR, iR THMEfE,
FE LRGBS DS AT Re ) ST R R 40 s B b BERsT[v] , foln A7 W5 R (s 485 X hr 20l
WAL ZE A PCA Jridk 6 OSBRSS A TP U], 38 e A 19 PCA BRI A [RI/E AL
BRI BT B 25 A 25 R0 1 ) 7 4 B ASI  TT, Hu 257 ik [ 9 Flilfs R % UL Staphylococcus B
JE 117 BRANEEIE 2 752 4~ SERS Yl i b1 7 17 RGeioT, 455K R, 76 3 FOCMB 2= S Bk TR
2 AR RINEAN , Rand F55R 0.973 3576 10 PP 22 ) Bdirh B AP 2 I 28 A %2 15 31 98.21% , AUC 1
1£99.93% (8 6(b) ) o XIMFFEALKAE T SERS—ML #5751 75 5 2 240 1 A 2 38 591 v iy vd ke e, oAk B 1 G
T PR B A R 12 B w118 7 FH T 5

TR 28 2R G005 1, SERS-ML 78 H XU S0P ) 5 4 S e J R ML AR 0% ), Preitas 25 & T —
P TR g oK B 5 i SR L0 B IR AS SERS 7 48, 3 Ao A6 00 Jg Jo 240 il e 1 i 1 46 v RUBR AR 4, 45 B L
A iE SRR ST M i S R e KU PR X A3 AR FRAE 15 min PS8R, BT R R JLAD P i T
MZE R AR SS R e s 324t T n i, EAb, Shu %5 $2 H A SERS 5 380 A W F 5 3% 1Bk A DU 43 B
S N0, 1 WL LTS REA rp S B 7 e IR AL S SO B AR I, 3 o ML 2 T R A ST A e X
i RS0, AUC 435135 0.949 F10.911, FEACHHPELE R 2 Wi ) SERS-ML 1 5 B i 5% K& W P, Chen
S o AT T AR AR, B R TR R 2 2 ) B AR AN B, Kao A5 i — 2Bk S g6 S 2
SERS - i F TR R A A I R 2 AT 1 X P 2 AR L 5945 A 1 SRR, A T4 < BRI S5
TR AEms A FH AR 57K 94 K- £ 88 ) 4R PRV B I 7= A OGAR I, 45 & PCA R PLSR B 5L ks 43
THR U AL A W] A EREL, IFAE 40 158 IR ™ B v 38 ik 5 A R 245 R 19 3 A OGP . AN TR AT
30 min , H & 5Z R A i

JRAE SERS-ML 7£ 280 77 [n] 13RI H s S B8 , JLSCBRIG PRI 3100 I i 22 Pk R . G038 I IR AR AR 1)
RS U B2 g — B AR AL IR BT BT Sz AL RE TR R LA KA B 2 SR T A R S AT BRI
RAF o ARRMFFE I LAT T TH H R T M i i | TR (R vEAL SERS BUE 7 ; k Jé Z SRl SR g
WS EE 58 A G RTE AR 2 IR BRI A R AR T et s T & A sk | e 3 a2 1) (e 485 SRS o
5, IE5 I AT R AL J5 i SEIRURH & PP ML, 3558 SERS-ML £ B SCt BB Y B h i n] S 1k 5
AIERAEE
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Applications of SERS—ML in disease detection; (a) illustration of label-free surface-enhanced Raman spectroscopy ( SERS)
combined with deep learning for rapid tumor cell identification, schematic of a ResNet unit ( ( i ) architecture of the ResNet
model, consisting of convolutional layers, pooling layers, two residual blocks, and two fully connected layers, ( ii )
enhanced Raman spectra of tumor cells obtained using silver film and aluminum substrates, (iii) spectra collected from
different substrates reflect molecular vibration differences among tumor cells, providing the basis for feature extraction by the
model, #-SNE visualization of features extracted by a ResNet model with two residual blocks ( iV) and five residual blocks
( V) demonstrating improved feature separation for tumor cell classification)”?; (b) application of machine learning
algorithms in the SERS-based classification of clinical Staphylococcus species ( ( 1 ) schematic representation of the data
flow in a CNN during the processing of Staphylococcus SERS spectra, unsupervised clustering results for nine
Staphylococcus species using k-means ( ii ), DBSCAN ( iii ) and agglomerative nesting clustering ( iV ), highlighting the
effectiveness of different algorithms in bacterial species classification) '*"
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Forward predicting the chemical identity of an untrained molecule

Model (i) One-step single RF model (ii) Two-step “classification and regression” framework
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Fig.7 Model performance in forward spectrum-to-structure prediction using ( i ) one-step single random forest
(RF) model and ( ii ) a two-step supervised “classification and regression” framework*
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Fig.8 Schematic diagram of facial and spectral recognition: (a) facial recognition of individual X involves a facial matching

algorithm that extracts facial features and compares them with a facial database'®’; (b) similarly, identifying an unknown

molecule X using its SERS spectrum involves a spectral matching algorithm that extracts spectral features and compares them
with a Raman database'**!

T B I 453, SERS 5 ML (45 & e B ) [ () b FH R 5%, FR5110& , ML & 8% F T 438 DNA FI
RNA [JCFRIC SERS JEit , LA X A3 M S st 4 A Wrbn i . B, Chheda %55 ) FRS e 00,78 AO AR 40 K
UKL ( AgNPs) 1 A IE FLAY SERS 3244, AW 5147 7 L (1) BL8% DNA FI1 RNA SRR B 48, T 5 H SERS 15
S W EE S T — RV BA B (IR B AN B kA ) BOREAS | B S HE— 2B BT T RS R
JEAE VPR EY miR-21 S H AR, T BT 43 SERS JGilk, i 5T & IF k& T —Fh 3 F T e K4 0 #r
(functional data analysis, FDA) FYHEZE  F T 275 DNA Fil RNA SRR H R . ZHEZRA & 4 S CEE P IR .
i R A S35 G RERL T ; 3T GP AN BT GP iIBLRKE IR (K 9) .

Raman Intensity (a.u.)

=

Raman Intensity (a.u.)

Raman Intensity (a.u)
i

— | |

; =
*\M“* C
-':" acy)
T e ars
e P ——
—.

o0

A
2000

Raman Intensity (a.u.)
ﬁ)’
1 [E

2000 500 1000 1500
Raman Shift (cm)

500 1000 1500
00 1000 1500 2000 Raman Shft cm)
Raman Shift (cm™")

) (S1) Spectra Collection and Augmentation .
{ original spectra modified spectra '

Random
Gaussian noise
——

A ' A
LM A |

A

’l_A_L ) ~——————— (84) GP-based Hypothesis Testing -
(S2) Spectra Pairing

\
Distribution Final Decision|)

k) | t
e (‘& ,LA_A—) —> OBy —> Extrome roglon = same-pair
( I—*_L,I-A_A— ) diff-pairs . Tost statistc

(i, pairs that truly | b vee
(BB s | e
i ( N ‘&) —_— GP — -  diff-pair
. Extreme region
same-pairs \ /
(i.e., pairs that truly h Test statistic /,/
belong to the same - =
oligonucleotide)
(I CPBasamMeRIngl] TN
Spectrum 1 Spectrum 2 Difference |
,/ -\\\ - 1 ’,\\
= IVA\Y
( o i w ) — ! ﬁ [

=== True function (unknown) ~ ® Inputdata —— GP model " GP-based uncertainty

9 SERS %54 ML [X4; DNA Fil RNA i 2[5
Fig.9 Process diagram of differentiation of DNA and RNA using SERS combined with machine learning

[86]



%510 MRz WL, 25 : SERS BRIHILAR 27 > £ 2 1y 2 24546 I v 9 1 37

SEYGLEIR R %I A RERS R X 22 AN R SEAZ 1T IR Y SERS Jtils , I 7E MR 1 | R BUE FRF 5 21
EhR LA TGRSk S Tr i . W52 A0, SERS 5 ML WYZ5 & I B iz Wi i A o 19 TH. I HAT
TR BRI R LI

3 R 5k%

ARZERMER T ISR S OLIE (SERS) HHLAS 2% 2] (ML) 76 A= 4 2 25 K i R . FRATT B Se A 28
T SERS 5 ML &5 & (WAL IR A 5508 5 A B B8 Ak 3 BERII 25 B00E S dF i, BEJS , L4557 ML
7E SERS 59 = 245 K00 o i S B 07, 0 R AR 43 R 0 M AR 3, BLAh, i1 HE T SERS &5 &
ML 7 000 43 F- 4548 @7 his R UB 2 | DL K X 5> DNA R RNA 2577 T v .

SERS 5 ML (1l & 0 A4 B 25460080, 0 HOR 0% 2 WG 5 0 42 it 7 — sk R IR R A H R
A= H R S0 AT T H . SRS RRN 7 A0 L, SERS-ML 5 Gt A AN AE S A 1 8 P AG ) 5
BAEE 5 B B R B e e RN B 5 R A B W R R b 5 BRI sl pE U HRTE
AEFRAG A% R AER S R AR T HLAR A 2T B A AR OB AR E 2R AR AR 2 (B A A I3 22 57, AT S RS
SR ERSHT ., FIN ZERT R 225 (CangF e ) A e i A b 38 R AR IV FEAS Y SERS F8SUA1E I
GEG PR 2 B AT SO FH RS 118 P SR 1] 5 43 28 B 5 R IR M L 2 W7 75 1T, SERS-ML &
BrRetE X IR U P R RS E S AT O A R 5 0 2, I A R R DU B () B AR I R BB 5 A
SERS %54 ML 34 A 8 FH T30 TE G P B A i 2 6 JC B AG I, G 3 1ok 3P0 AN I PR B AE 38 miRNA B 61 4
fiE, SEPUGFUNR R a5 1) R T 5 2 A W, BE A (45 N 2 A S AL AL IR R %
FoARABAT EBAE R S5 A0 I3 £ B8 PT 2 3 28 v v SE AR 0, #E 3l SERS ML [i] B 5 HH JAL 7y i AR AT 28 2 fgde
Yiseonlife b, SR, AR B AR e B Hh BT 5t , AR SE B i AT T I — RS Sk K, iR ff R4
PERIF G FEE AR S0 «

(1) BoH i SRRz kB ST AIRE . 477 SERS 454 ML FORFFE 7650 3 B 7 TR A7 0 2, e A
A PR AR AN — | ORGSR I SRR, i BRI T HAESCbrdg st rh iz Ak re . iR BE Sk
TR S B Pk Sk ) 25 5 ) e R BUBE AL LG AEES T & SRR ARSI SRIUANFRE . A, R R SR I 4
JrE BT 3 IS R B R AN, A543 HT (PCA) AE A SERS HvE FHIMBE4E T 2 A5 FE g
FVRRAE 4 7 T 2 90 B A (R AR 45 4 S04 10 S L ( SVML) 2543 25 2% I 110 Je D03 J50 AT 7 ik — 2B 4R, o
SETEAL AR | v W 7S B B S e A R

(2) FEAVAT i RErE S LI A 2 . HET, K240 SERS-ML W58 SR T 5 TRy 4326
5 EAESS AR 208 T 43 2575 J5 W AE L AR . i JRAR =07 20 B ik R PR (LA o= ME A % (L
Z X R AN 5 A AR A AR B TR A AT, BRI T AR I R T i P PE SRR B b ik — 2D i
I A g B A Wi n R ML RS 27 ST AE R s | AL TR AF B B PR, A% 8 (40 SHAP | LIME ) 8% &
U5 B ARSI T SERS TEXEIZ T b ] {5 BE 1Y S48y 1]

(3) RIS A B PE 5 37 SRR [ B, AN [RI2E A ) ML B3 (AnpR sy w2 4 BEALARAR B
P22 26 55 ) X R 4 B RS B JAT 55 HAR A R R BaE Fe e, B Al i o 22 R FH 20 560 1 D 148 47 455 U 4y
Bz RGMEIPAL AR T 55 DU ECR N . ORI RO 5T RS N ST AR AL AL 8 A S Rk
PRIGES , WAHR AT b & F T A SERS 41457 Y FH IS A HE A Se BR i A

(4) SERS HJEM A HLER 2= AR, 2 Y TrpsE b, ML 285 T80 73 A )2 1 , 11 %) SERS
SRR RS IES 5 R, F90 0 JLRMERE (40 BF ¥ —M [F9 et R0 n%) 5
FERE MG () o S5 AT ol A5 . PR, R SR A 6 M B vl A A PE T 1 R M & R T ) ML A
fE1 SERS JLJIC 3 TF S, 0T & A5 F LM = Wi AL ) B A |35 FH T R A ) R B LI, EE S
“iig B (1 3BT RGEAIEE . SERS SHLAR 2= > 1 U )l G i Ak T JR B B, A DA o7 7E B0 I 4 o) RS AR T
ff R SR BO R I SR R IR T S A TR B R & 5 R G R T, DU B2 AR N SZ 50 256 1) I IR
Jop ) SE bR,

SR8 SERS 454 ML (WBIFFEIHNImPR AL , (A A ) 43 B 65088 1) 10 T 5o 0% . EL T, SERS & 9 IE



38 R R % M (B % R 55 60 &

WS — b S FH L AT 8 A9 A B T2 A T AR R 2R S 9K R 2 8] A9 S 2 AAH B T, A S G 0 A
BEDT AT TR, ARRAT TS L E i S e e e S AL A, 42 R GRS i 2R, DI ML ALY
Mz ALRE ), MR ZRIE F T SERS 0 A Bt ML Bk | LUGE— 25 37 g 5808 A 15 100 o P A PT RE P, e
Hb, AT $ETF SERS FELIRISWT b Il R o] M, T LAZS & S K BURAG T4 G 1A A %t SERS St A7
B DHRBOCHAE AR S YIE B, TS v e Rl ) E R M A RO, R, 7 SERS 23 #fr il ML
I, B AR 2R R HEAT PR Bk, TR LAl O Sk i i . B2, SERS 45 ML (R HIB K P2 T T A Wb
ARSI B2 B R RS AE W B 22 o 4R A3 TR LA, RUE ML SE 51 A58 T SERS
Wi AR BEAL AT (EIF AN RESE e B AL GO 7 M7 ik, 75 1o DR i dhe It & A9 R Al _E s it 1, O
SRR, ROk, BEFH ML EORAY K SR USRS 1 BLR | SERS RN 1HE 2 2 245 2 2 40 s
(R DRt — 24 O — AU BB W TR AT A 4R 1A ) 503

S 30k

[1] CHEN Y F, AN Q, TENG K X, et al. Application of SERS in in-vitro biomedical detection[ J|. Chemistry—An Asian Journal,
2023, 18(4) .e202201194.

[2] YIJ, YOU E M, HU R, et al. Surface-enhanced Raman spectroscopy: a half-century historical perspective[ J]. Chemical
Society Reviews, 2025, 54(3) .1453-1551.

[ 3] FLEISCHMANN M, HENDRA P J, MCQUILLAN A J. Raman spectra of pyridine adsorbed at a silver electrode[ J]. Chemical
Physics Letters, 1974, 26(2) :163-166.

[4] JEANMAIRE D L, VAN DUYNE R P. Surface Raman spectroelectrochemistry part I. Heterocyclic, aromatic, and aliphatic
amines adsorbed on the anodized silver electrode[ J]. Journal of Electroanalytical Chemistry and Interfacial Electrochemistry,
1977, 84(1) ;1-20.

[5] ALBRECHT M G, CREIGHTON J A. Anomalously intense Raman spectra of pyridine at a silver electrode[ J]. Journal of the
American Chemical Society, 1977, 99(15) :5215-5217.

[6] LEE P C, MEISEL D. Adsorption and surface-enhanced Raman of dyes on silver and gold sols[ J]. The Journal of Physical
Chemistry, 1982, 86(17) :3391-3395.

[7] KNEIPP K, WANG Y, KNEIPP H, et al. Single molecule detection using surface-enhanced Raman scattering ( SERS) [J].
Physical Review Letters, 1997, 78(9) :1667-1670.

[8] NIE S, EMORY S R. Probing single molecules and single nanoparticles by surface-enhanced Raman scattering[ J]. Science,
1997, 275(5303) :1102-1106.

[9] BENZ F, CHIKKARADDY R, SALMON A, et al. SERS of individual nanoparticles on a mirror; size does matter, but so
does shape[J]. The Journal of Physical Chemistry Letters, 2016, 7(12) :2264-2269.

[10] TIAN Y, FANG G, WU F X, et al. Raman spectroscopic technologies for chiral discrimination; current status and new

frontiers[ J ]. Coordination Chemistry Reviews, 2025, 526:216375.

[11] LIN S, DONG M Y, LI C, et al. Machine learning-assisted ultrasensitive SERS immunoassays across wide concentration

ranges toward clinical ovarian cancer diagnosis[ J]. Advanced Functional Materials, 2025, €09813.
[12] HAN X X, JI W, ZHAO B, et al. Semiconductor-enhanced Raman scattering; active nanomaterials and applications[J].
Nanoscale, 2017, 9(15) :4847-4861.

[13] HAN X X, KOHLER C, KOZUCH J, et al. Potential-dependent surface-enhanced resonance Raman spectroscopy at
nanostructured TiO, ; a case study on cytochrome b5[J]. Small, 2013, 9(24) :4175-418]1.

[14] LATH S, XU F G, ZHANG Y, et al. Recent progress on graphene-based substrates for surface-enhanced Raman scattering
applications[ J]. Journal of Materials Chemistry B, 2018, 6(24) :4008-4028.

[15] LEE Y, KIM H, LEE J, et al. Enhanced Raman scattering of rhodamine 6G films on two-dimensional transition metal
dichalcogenides correlated to photoinduced charge transfer[ J]. Chemistry of Materials, 2016, 28(1) ;180-187.

[16] YILMAZ M, BABUR E, OZDEMIR M, et al. Nanostructured organic semiconductor films for molecular detection with
surface-enhanced Raman spectroscopy[ J]. Nature Materials, 2017, 16(9) :918-924.

[17] WANG X T, SHI W X, WANG S X, et al. Two-dimensional amorphous TiO, nanosheets enabling high-efficiency
photoinduced charge transfer for excellent SERS activity [ J]. Journal of the American Chemical Society, 2019, 141(14) .
5856-5862.



55 10 3] MRz WL, 25 : SERS BRIHILAR 27 > £ 2 1y 2 24546 I v 9 1 39

[18] DING S Y, YOU E M, TIAN Z Q, et al. Electromagnetic theories of surface-enhanced Raman spectroscopy[ J]. Chemical
Society Reviews, 2017, 46(13) ;4042-4076.

[19] PARK W H, KIM Z H. Charge transfer enhancement in the SERS of a single molecule[ J]. Nano Letters, 2010, 10(10) .
4040-4048.

[20] VALLEY N, GREENELTCH N, VAN DUYNE R P, et al. A look at the origin and magnitude of the chemical contribution to
the enhancement mechanism of surface-enhanced Raman spectroscopy ( SERS) : theory and experiment[ J]. The Journal of
Physical Chemistry Letters, 2013, 4(16) :2599-2604.

[21] KNEIPP J, SEIFERT S, GARBER F. SERS microscopy as a tool for comprehensive biochemical characterization in complex
samples[ J]. Chemical Society Reviews, 2024, 53(15) :7641-7656.

[22] CUTSHAW G, UTHAMAN S, HASSAN N, et al. The emerging role of Raman spectroscopy as an omics approach for
metabolic profiling and biomarker detection toward precision medicine[ J]. Chemical Reviews, 2023, 123(13) :8297-8346.

[23] ZHOU H, XU L G, REN Z H, et al. Machine learning-augmented surface-enhanced spectroscopy toward next-generation
molecular diagnostics[ J]. Nanoscale Advances, 2023, 5(3) :538-570.

[24] CAOD W, LINHC, LIU Z Y, et al. Serum-based surface-enhanced Raman spectroscopy combined with PCA-RCKNCN for
rapid and accurate identification of lung cancer[J]. Analytica Chimica Acta, 2022, 1236.340574.

[25] LOO J, CAI C X, CHOONG J, et al. Deep learning-based classification and segmentation of retinal cavitations on optical
coherence tomography images of macular telangiectasia type 2[ J]. British Journal of Ophthalmology, 2022, 106(3) :396-402.

[26] CHEN P C, LIU Y, PENG L. How to develop machine learning models for healthcare[ J|. Nature Materials, 2019, 18(5) .
410-414.

[27] LI H M, WANG Q, TANG J, et al. Establishment of a reliable scheme for obtaining highly stable SERS signal of biological
serum[ J]. Biosensors and Bioelectronics, 2021, 189:113315.

[28] WANG Y P, YUCW, JIHY, etal. Label-free therapeutic drug monitoring in human serum by the 3-step surface enhanced
Raman spectroscopy and multivariate analysis[ J]. Chemical Engineering Journal, 2023, 452.139588.

[29] LUY, WANGJ Y, BI X Y, et al. Non-invasive and rapid diagnosis of low-grade bladder cancer via SERSomes of urine[ J].
Nanoscale, 2025, 17(12) :7303-7312.

[30] DONG YL, HUJY, JINJL, et al. Advances in machine learning-assisted SERS sensing towards food safety and biomedical
analysis[ J]. TrAC Trends in Analytical Chemistry, 2024, 180.:117974.

[31] DUKSTRA R J, SCHEENEN W J J] M, DAM N, et al. Monitoring neurotransmitter release using surface-enhanced Raman
spectroscopy[ J ]. Journal of Neuroscience Methods, 2007, 159( 1) :43-50.

[32] SHENJ H, LIM, LI ZF, et al. Single convolutional neural network model for multiple preprocessing of Raman spectra[ J].
Vibrational Spectroscopy, 2022, 121.103391.

[33] THRIFT W J, RAGAN R. Quantification of analyte concentration in the single molecule regime using convolutional neural
networks[ J]. Analytical Chemistry, 2019, 91(21) ;13337-13342.

[34] RALBOVSKY N M, LEDNEV I K. Towards development of a novel universal medical diagnostic method: Raman
spectroscopy and machine learning[ J]. Chemical Society Reviews, 2020, 49(20) .7428-7453.

[35] YANG L, SHAMI A. On hyperparameter optimization of machine learning algorithms: theory and practice[ J]. Neurocomputing
2020, 415.295-316.

[36] SHIN H, OH S, HONG S, et al. Early-stage lung cancer diagnosis by deep learning-based spectroscopic analysis of circulating
exosomes|[ J]. ACS Nano, 2020, 14(5) :5435-5444.

[37] FENG J Z, WANG Y, PENG J, et al. Comparison between logistic regression and machine learning algorithms on survival
prediction of traumatic brain injuries[ J]. Journal of Critical Care, 2019, 54:110-116.

[38] DING Y, SUN Y, LIU C, et al. SERS-based biosensors combined with machine learning for medical application[J].
ChemistryOpen, 2023, 12(1) :e202200192

[39] YADAV A, NAIK R, GUPTA E, et al. Single-shot, receptor-free, rapid detection and classification of five respiratory
viruses by machine learning integrated SERS sensing platform[ J]. Biosensors and Bioelectronics, 2025, 279.117394.

[40] HAN S, PARK J, MOON S, et al. Label-free and liquid state SERS detection of multi-scaled bioanalytes via light-induced
pinpoint colloidal assembly[ J]. Biosensors and Bioelectronics, 2024, 264 :116663.

[41] JANCI T, VALINGER D, GAJDOS KLJUSURIC J , et al. Determination of histamine in fish by surface enhanced Raman
spectroscopy using silver colloid SERS substrates| J . Food Chemistry, 2017, 224.48-54.

[42] ZHU J J, JIANG X, RONG Y W, et al. Label-free detection of trace level zearalenone in corn oil by surface-enhanced Raman



40 R R % M (B % R 55 60 &

spectroscopy ( SERS) coupled with deep learning models[ J]. Food Chemistry, 2023, 414.135705.

[43] LEONG S X, TAN E X, HAN X M, et al. Surface-enhanced Raman scattering-based surface chemotaxonomy: combining
bacteria extracellular matrices and machine learning for rapid and universal species identification[ J]. ACS Nano, 2023,
17(22) :23132-23143.

[44] ZHAO J L, CHEN J F, TANG J, et al. Artificial intelligence assisted label-free surface-enhanced Raman scattering detection
of early-stage cancer-derived exosomes based on g-C;N,/Ag hybrid substrate prepared by electro-synthesis [ J]. Chemical
Engineering Journal, 2024, 498.155526.

[45] MATSCHULAT A, DRESCHER D, KNEIPP J. Surface-enhanced Raman scattering hybrid nanoprobe multiplexing and
imaging in biological systems[J]. ACS Nano, 2010, 4(6) :3259-3269.

[46] LIN L L, ALVAREZ-PUEBLA R, LIZ-MARZAN L M, et al. Surface-enhanced Raman spectroscopy for biomedical
applications; recent advances and future challenges[J]. ACS Applied Materials & Interfaces, 2025, 17(11) ;16287-16379.

[47] SHIN H, JEONG H, PARK J, et al. Correlation between cancerous exosomes and protein markers based on surface-enhanced
Raman spectroscopy (SERS) and principal component analysis (PCA) [J]. ACS Sensors, 2018, 3(12) :2637-2643.

[48] DING Z X, WANG C, SONG X, et al. Strong w-metal interaction enables liquid interfacial nanoarray-molecule co-assembly
for Raman sensing of ultratrace fentanyl doped in heroin, ketamine, morphine, and real urine[ J]. ACS Applied Materials &
Interfaces, 2023, 15(9) :12570-12579.

[49] LIMJT Y, NAM J S, SHIN H, et al. Identification of newly emerging influenza viruses by detecting the virally infected cells
based on surface enhanced Raman spectroscopy and principal component analysis[ J]. Analytical Chemistry, 2019, 91(9) :
5677-5684.

[50] MARTIN F L, KELLY J G, LLABJANI V, et al. Distinguishing cell types or populations based on the computational analysis
of their infrared spectra[ J]. Nature Protocols, 2010, 5(11) ;1748-1760.

[51] LEONG S X, KOH L K, KOH C S L, et al. In situ differentiation of multiplex noncovalent interactions using SERS and
chemometrics[ J]. ACS Applied Materials & Interfaces, 2020, 12(29) :33421-33427.

[52] NGUYEN C Q, THRIFT W J, BHATTACHARIEE A, et al. Longitudinal monitoring of biofilm formation via robust surface-
enhanced Raman scattering quantification of pseudomonas aeruginosa-produced metabolites [ J]. ACS Applied Materials &
Interfaces, 2018, 10(15) :12364-12373.

[53] MEUNIER C J, MCCARTY G S, SOMBERS L A. Drift subtraction for fast-scan cyclic voltammetry using double-waveform
partial-least-squares regression[ J]. Analytical Chemistry, 2019, 91(11) :7319-7327.

[54] ACOSTA C M, OGOSHI E, SOUZA J A, et al. Machine learning study of the magnetic ordering in 2D materials[ J]. ACS
Applied Materials & Interfaces, 2022, 14(7) :9418-9432.

[55] LEONG S X, KOH C S L, SIM H Y F, et al. Enantiospecific molecular fingerprinting using potential-modulated surface-
enhanced Raman scattering to achieve label-free chiral differentiation[ J]. ACS Nano, 2021, 15(1) ;1817-1825.

[56] ALOBAIDI M, MALIK K M, SABRA S. Linked open data-based framework for automatic biomedical ontology generation
[J]. BMC Bioinformatics, 2018, 19(1) :319.

[57] DIAO X K, QI G H, LI X L, et al. Label-free exosomal SERS detection assisted by machine learning for accurately
discriminating cell cycle stages and revealing the molecular mechanisms during the mitotic process[ J]. Analytical Chemistry,
2025, 97(9) :5093-5101.

[58] KIM W H, LEE S, JEON M J, et al. Rapid and differential diagnosis of sepsis stages using an advanced 3D plasmonic
bimetallic alloy nanoarchitecture-based SERS biosensor combined with machine learning for multiple analyte identification[ J].
Advanced Science, 2025, 2414688.

[59] SHU W K, ZHANG M J, ZHANG C Q, et al. An alloy platform of dual-fingerprints for high-performance stroke screening
[J]. Advanced Functional Materials, 2023, 33(5) :2210267.

[60] DAS S, SAXENA K, TINGUELY J C, et al. SERS nanowire chip and machine learning-enabled classification of wild-type and
antibiotic-resistant bacteria at species and strain levels[ J]. ACS Applied Materials & Interfaces, 2023, 15(20) :24047-24058.

[61] TAMTAII M, GUO X Y, TYAGI A, et al. Machine learning-aided design of gold core-shell nanocatalysts toward enhanced and
selective photooxygenation[J]. ACS Applied Materials & Interfaces, 2022, 14(41) :46471-46480.

[62] CHEN Y F, LI HT, SHI J, et al. Diagnosis of early opioids addiction by label-free serum SERS fingerprints with machine
learning[ J ]. Chemical Engineering Journal, 2025, 505;159412.

[63] JIANG H Y, UNIVERSITY C S, ZHANG Y B, et al. Comprehensive serum analysis via an Al-assisted magnetically driven
SERS platform for the diagnosis and etiological differentiation of childhood epilepsy[ J]. ACS Applied Materials & Interfaces,



510 19 MRz WL, 25 : SERS BRIHILAR 27 > £ 2 1y 2 24546 I v 9 1 41

2025, 17(8) :11731-11741.

[64] LEONG S X, LEONG Y X, TAN E X, et al. Noninvasive and point-of-care surface-enhanced Raman scattering ( SERS )-based
breathalyzer for mass screening of coronavirus disease 2019 (COVID-19) under 5 min[J]. ACS Nano, 2022, 16(2) :2629-2639.

[65] JONES T, ZHOU D, LIU J, et al. Quantitative multiplexing of uric acid and creatinine using polydisperse plasmonic nanoparticles
enabled by electrochemical-SERS and machine learning[ J]. Journal of Materials Chemistry B, 2024, 12 (41) :10563-10572.

[66] GARG A, HAWKS S, PAN J, et al. Machine learning-driven SERS fingerprinting of disintegrated viral components for rapid
detection of SARS-CoV-2 in environmental dust[ J]. Biosensors and Bioelectronics, 2024, 247 :115946.

[67] WAN Y, WEI Q, SUN H, et al. Machine learning assisted biomimetic flexible SERS sensor from seashells for pesticide
classification and concentration prediction[ J]. Chemical Engineering Journal, 2025, 507:160813.

[68] KHONDAKAR K R, MAZUMDAR H, DAS S, et al. Machine learning ( ML) -assisted surface-enhanced Raman spectroscopy
(SERS) technologies for sustainable health[ J]. Advances in Colloid and Interface Science, 2025, 344.103594.

[69] TAN E X, CHEN J R T, PANG D W C, et al. Transfer learning-assisted SERS: predicting molecular identity and
concentration in mixtures using pure compound spectra| J|. Angewandte Chemie International Edition, 2025, €202508717.

[70] ZHENG P, WU L T, LEE M K H, et al. Deep learning-powered colloidal digital SERS for precise monitoring of cell culture
media[ J]. Nano Letters, 2025, 25(15) :6284-6291.

[71] SUN X R, XUAN L R, LIU C L, et al. Quantitative analysis of deltamethrin residues in water using surface-enhanced Raman
spectroscopy[ J |. Spectrochimica Acta Part A, Molecular and Biomolecular Spectroscopy, 2025, 343:126545.

[72] TANG J W, YUAN Q, ZHANG L, et al. Application of machine learning-assisted surface-enhanced Raman spectroscopy in
medical laboratories: principles, opportunities, and challenges [ J]. TrAC Trends in Analytical Chemistry, 2025, 184.
118135.

[73] MAHMOUD A Y F, TEIXEIRA A, ARANDA M, et al. Will data analytics revolution finally bring SERS to the clinic? [ J].
TrAC Trends in Analytical Chemistry, 2023, 169:117311.

[ 74] HERNANDEZ-VIDALES K, GUEVARA E, OLIVARES-ILLANA V, et al. Characterization of wild-type and mutant p53
protein by Raman spectroscopy and multivariate methods[ J]. Journal of Raman Spectroscopy, 2019, 50(10) :1388-1394.

[75] WU X X, XIA Y Z, HUANG Y J, et al. Improved SERS-active nanoparticles with various shapes for CTC detection without
enrichment process with supersensitivity and high specificity[ J]. ACS Applied Materials & Interfaces, 2016, 8(31) :19928-19938.

[76] PANG Y F, WANG C W, XIAO R, et al. Dual-selective and dual-enhanced SERS nanoprobes strategy for circulating
hepatocellular carcinoma cells detection[ J|. Chemistry—A European Journal, 2018, 24(27) :7060-7067.

[77] FANG X L, ZENG Q Y, YAN X L, et al. Fast discrimination of tumor and blood cells by label-free surface-enhanced Raman
scattering spectra and deep learning[ J|. Journal of Applied Physics, 2021, 129(12) :123103.

[78] RIPPA M, CASTAGNA R, PANNICO M, et al. Octupolar metastructures for a highly sensitive, rapid, and reproducible
phage-based detection of bacterial pathogens by surface-enhanced Raman scattering[ J]. ACS Sensors, 2017, 2(7) :947-954.

[79] RODRIGUEZ-LORENZO L, GARRIDO-MAESTU A, BHUNIA A K, et al. Gold nanostars for the detection of foodborne
pathogens via surface-enhanced Raman scattering combined with microfluidics [ J]. ACS Applied Nano Materials, 2019,
2(10) .6081-6086.

[80] LI H, CAO Y B, LU F. Differentiation of different antifungals with various mechanisms using dynamic surface-enhanced
Raman spectroscopy combined with machine learning [ J]. Journal of Innovative Optical Health Sciences, 2021, 14(4).
2141002.

[81] HU X, ZENG Q Z, XIAO J, et al. Herpes simplex virus 1 induces microglia gasdermin D-dependent pyroptosis through
activating the NLR family pyrin domain containing 3 inflammasome[ J ]. Frontiers in Microbiology, 2022, 13.838808.

[82] FREITAS C, ELEUTERIO J, SOARES G, et al. Towards rapid and low-cost stroke detection using SERS and machine
learning[ J . Biosensors, 2025, 15(3) ;136.

[83] KAO Y C, HAN X M, LEE Y H, et al. Multiplex surface-enhanced Raman scattering identification and quantification of
urine metabolites in patient samples within 30 min[ J]. ACS Nano, 2020, 14(2) :2542-2552.

[84] CHENJR T, TANE X, TANG J X, et al. Machine learning-based SERS chemical space for two-way prediction of structures
and spectra of untrained molecules| J]. Journal of the American Chemical Society, 2025, 147(8) :6654-6664.

[85] JU Y, NEUMANN O, BAJOMO M, et al. Identifying surface-enhanced Raman spectra with a Raman library using machine
learning[J]. ACS Nano, 2023, 17(21) ;21251-21261.

[86] CHHEDA J, FANG Y T, DERIU C, et al. Discrimination of genetic biomarkers of disease through machine-learning-based
hypothesis testing of direct SERS spectra of DNA and RNA[J]. ACS Sensors, 2024, 9(5) ;2488-2498.

(3. WA



