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AEEET Y ERES . AN KR E
KA R VL & (Hypophthalmichthys molitrix)

ARRME, AAWRENANAL R EER, FETINEFIHEMRENER, ¥4,
W A BF 2 5 ST AR B TR R FRAE, LA 6 ML ] H ke SRR R &E,fm%
MES X R BRI AT IR AL IE, FRBE 7T R EX 0 RN B, JFUAS B AL,

RO, BEAFELERAT FRE XN LR L,
VERE A F] 90.5%5 81.0%. HF R 4
MEBFEENBFIEFTLNTE G RN THE X4

A, NHERE MK E A G

Heo gENRAEE M1 (AdaBoost M1)%
EREY, IR E A4
s WA RIRERRET TATHAE

7, AR b FIRR Y BB LA E N N E

KR G B A RPH; BREGE; MLEFE
FESHKS TS207.3;0657 XHELERIRFE A

VLI F= 1) b 55 0 22 1 A Lol T
EERIRAOKE LY R FEFNX Z —. JE5
T, KRILHE &R a3 238 378 F, Hrh 149 Ff
RV AR O RS, 2019). LAk,
T A HAS RS W E TSR e
WTHARBEWRE, SEAVT RS0, 5% E 5
W, EVZRVERREE TR, B W R K 4
(Chen et al, 2020), Hi&Hx—a#, FoEH 2020 4F
BT T AEES R T, JF A 2021 F 1 A 1T H
A 4 TH S 18 AR B (DT 55, 2023).

fEHR “PIRZMA” Z*, @L(Hypophthalmichthys
molitrix) 23 B FEIR KL Kz — BELITFUFAE
%SﬁMMPﬁ%%%m#JMQ,T@%mﬁ&
HFFK ARG MR T EA EZEHXia e al,
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A 5 R B B R U (Du et al, 2025), G “Euall]”
AR AT, (AT 853 7 5 ORI 4 AR T
Wigs, RN E IR S T S . TR
FARR , T B IR AR 5 AR S PR B R A
BT B B (Ma et al, 2018; Liu et al, 2024), H T8
A 5 FRFEBEE A AR L BE AR, A R R
5 0 Sl 2 Sk W AE R 1T P R R f (Zhang et al,
2025) XA HIERCE, WA 7R A
BRGMIRE , ik, X5 EFA: 5356 6k 5 1%
BRELEE,

H A F X0 37 A8 55 3R 50 K™ i O vk R A
FE 618 1 (Duarte et al, 2022). JGZ 2 #H71 (Camin
etal, 2018). FUE [N KL (Liu et al, 2020). HAfl
2Bk (P A AE, 2024) LA K 4124 53 #7175 (Duarte et al,
2025; Yang et al, 2024)% . 20750 M REws 8 AR 4

H R 11 (2022YFF0608200) %5 B . % 7,
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Pk i BRSO T R Ge bk 22 5, (AR A
AN AWK AR AR 2, BRI T HAE H W I
R R o B Ak 2 ] R AN A AR K S S AR
TECRARRAE, 2025), SR H-A HE A A R B i b 3
PR, fOLELIE Bbr S LR SR
JE [ 2R HOR N 5 32 R R 3 T, ZEARAR K Sl =i A
RIAESE T B BIRORAEIAR . 63 7 ik mAR R, (1
R 2R AR AR, M DA S B B A 5 SR B K 7 i B
KEEEDC A3 o AHLEZTR, 7K™ i JULR A 20 B I 1 20 1l
ZoK B | KA AR Wis B RE 1 (Zhu et al, 2023) . B
Wy 2E ) K A JF (Fonseca et al, 2022)55 2 [N E 0, BE
Rt 3t S B A 5 R AR P S AR S s SR 2
FRBH K G A R 7 SR AR M AR A B M ot
ORI 5 A K ™ 38 F AN A7 AE G D0 (RS 7R 5%
2023), —HENMNAL RS 2B EE5 .
X —RHAIE S bl B AR 5 SR K 7 i 1 B ) AR AR B A
TWAER ST S 0 T, ST, AMFRET
BENLR AL ZUR TR , 25 & RIRIPL#R 2 2] ik
VLI A 5 25 5 i M A, DU R KV
AEAR” BURTRMEE AR SRR, B RV s A= A 38
B .

1 MR57EE

1.1 HH&R5iKH

AW A BE 29 JRCRE A KR FRITLEL)
MFRFEEE 20 45, i EK = REHA0F T BEIR K ol
7T H AR AL s IR T LI A MR T SR B R AR A 14 2% .
B AT 5256 F A AR TS Ll 2.0~3.5 kg Z ], REARZEAR
AR ik BLREIT , R PR o0 i 1 7
TIRACAL I o B i P JC TR TR T UL ER LA ZH 21
50 g, MRAGETR 30 min, Ffi)5 B T80 CHALEIAIE,
GiEE %

S P R AL T B (5 2, 2 99.9%,
CNW). IECKe(ikgl, 4N 99.9%, CNW), &
U5 (o Hral, 4ifEh 99.7%) A A L (o Mral, 4l
H99.7%), FING H E 258 R AR R A R A

1.2 SCIRYEE

Sl A9 S BN 4% - Millipore Synergy®#
47K R 48, DHG-9005 i PAE I T4 (1 RS 2% 52 4
B ABRAT]), Tissuelyser-24 Z LM AH WAL
SR A BRA ), N-EVAP 112 BIES T
(Organomation Associates Inc., 32 [H), S A (015

B A (7890A-5975C) (Agilent Technologies, 3£ [H).
1.3 XIWH*E

REWF 42 B . R4 ek R 1Y Bligh-Dyer %
(Bligh & Dyer, 1959). FRHX 50 mg LINAIZUEA, Jin
A1 mLCM ¥ (PR - & 5=2: 1, v/ V), [E I
WSS 3 min J5, B h, FFEL0)E.
] B A5 WP 250 pL 0.9% NaCliE# , K
BRI .G, BUNEEADAH, T AL P13
PREE, ARASE NGB .

JE 15 R R Ak < K P ERAS 2 0 R R RV AR T IE C
St , TR EE A 10 mg/mL TR ; BEJS In A ZEAR TR
Y 0.4 mol/L KOH-HEHAW , ARG T 37 CHt
FrhErE 30 min HFATHERfL . SOWEEHE A SR
U LB 7oK, BRI E 2, LR AV,
285 0.22 pm A HLIE R 85 i ASERE, M 6
T ST

1.4 %A PIZH A BE R ER A T

e W1 R 28 2 i 7 I 1) o ME 5 e B A A R R
AH 01— 1% 15 4% R (GC-MS)#E4T o % T AR —
AT XT R 15 R ARG 5 R AT 8 i T o

B4 i DB-WAX 4045 (4354 (30 mx
250 umx0.25 um, Agilent Technologies). &/ THRE %
PR WIEEAEE A 70 °C L 488 2 min; A 20 °C/min
FHEZ 200 C {48 0 min; -4 1 ‘C/min J} & 220 °C,
{588 0 min; FiJ5 LA 2 °C/min FF%& 232 °C, {48 0 min;
%5 Lk 20 °C/min FF & 240 °C, {484 5 min. YFFE IR
FEBN 240 °C, FERERFR 1 pL, R SERE T2,
AR 10 ¢ 1. A R AR (LEE>99.99%) , Ui
#4 1.0 mL/min.

JRE . R T2 7 (Electron Impact, ET)H,
B, BTREE N 70 eV, B TFIRIEE RN 230 C,
T F R 30~550 m/z, I RER, HH
FEIR B[] 4 3 min,

1.5 HIESWEHIBEENHE

JI A SEe AT 3 R AR I S5 P S o b
1E Excel Fil IBM SPSS Statistics 27 2k 5¢ . 2 17]
2550 E AR IR HEC X AR AR ¢ K 59 (Paired
samples r-test)#17. #—2, L Weka 3.6.15
PEATHRIE NG B BR (A 0 8 , A T3 T 6 P [FIALES
22 S B IR BB R DL X A A S SR A A L AR
WFFE ke AR IL 63 45, Jorr WF AR 29 4% FRH 34 45,
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FEARTE 20 1 HeBIBEALRI 20 R I 2R 4E (n=42) 5 i 4
(n=21), IR 10 Jr32 XEUF 5 ph 7 MR AR AR 25 &
B 7 TR R RE AT PEA

1.6 HEBEFIIEXMIERF

R R GEVPAG B 2 2] S50 AR B AR 5 55 B i 5 )
155 h IS IV, ASBTSE P BE T DL S 7 2 85 L pRAL
AR . MRS R L Juar IR L AR ) e AR LU
KA 53 248 Ak BT 6 A HA AR SR AL AR
FMERE Y. UL W 4% (Bayes Net) . % 45 9] 19
(Logistic) . K ¥T4P% 7% (K-Nearest Neighbors, K-NN)
FiE B3 T3 M1 (AdaBoost.M1) . ifi AL 7% Ak
(Random Forest) #1287 32 (Decision Table) ] T3 F L
PR ZE 2R 1 T e i 1 S A 5 R ) M 1 . AR S A
R A R AR 48— & 100,

Bayes Net: s&— & FHRER KA T H, mA
li] JC3A [&] (Directed Acyclic Graphs, DAGs) I 4 /F#E %
#%(Conditional Probability Tables, CPTs)4 i, A% T
TR GE IR A T3k , AR Ab P AR 5 [R] 52 2% A MM G R AN
B MR B 55 i HL & B 35 #(Tian et al, 2023), £
BT DHE A B DX o0 Y A 5 FR i e AR . ASBiF 9 R H
K2 Bk T a5t 27 > .

Logistic: s&—MrZE MBS ARL, BIEH
S B AFA LA R R 5, iR Z oA 5 —
A EZ A A8 i Z B9 5 ZR (Dinh er al, 2019). A
FEHRIENAE SR 1.0x10°8,

K-NN: fER—FiEPE i blas s > e, &
RE A% 315300 8 A5 B 4 v & 0 TR B (G O BRR
[CHEE), Il S HURARIE R & AR A A
FRBE AT 43 250 — B 2% 2] J5 1 (Cai et al, 2023),
AWFFRBE T PEL k=8, I RHLMAE R IE .

AdaBoostM1: JE—Rk QM R: T ik, @
b AN 224> 55 43 26 48 1 W7 A TRl AR AR [A] A
I I A R A 2R AN, TERR D, B
OPRMEA AL, MR RYPAE IE AR 8, R A4
THYE K B (Yang et al, 2023), AWFE L LMT S FEA
Iy

Random Forest: J& T —FP 4 pi2: 2 550k, fE028
AR S R 2 o B DR R BEA 2,
SRR R ZHBRE U, RRUB AR T b b 3 4R AL
W, BAPIMERE SR . RS S SR (Losel er al,
2024) AWFFEBCE R BEC 200, HAS BRG] 45 PR AR
TR

Decision Table: J&—Fl ] Tk S5 1438 1) 4544
T H, 38 AR M s R o ALk, #.0 B4R
SR A DR R AR S By T B S N ERAE ) A
£ (Arnold et al, 2018)., AHF57 % F Best First ## &
BIL AT RRE R
1.7 =BT

HERGR Accuracy:
ACC=(TP+TN)/(TP+TN+FP+FN) (1)
RIYE Sensitivity :
SN=TP/(TP+FN) )
51k Specificity
SP=TN/(TN+FP) (3)

Hir, TP MEPHMER, TN NEBHME, FP NI
PERL, FN AR Bk

2 HBRESH

21 HASHFEHININARERERSERN

A5 R FH A 3 — £ T3S (GC-MS) B AR K6
TN A 5 G L R L SR R 2Lk, B A 5 S i i
LRI 18 RUARNGR . R FR L M ZE R R (3R 1),
I B SEAE S AR i 1072 (MUFA) B 5 & 12 35 1 T BT
Ak, BARIREIZE C16:1. C18:1n9c % CHE MUFA
2155 b B A L 20 8 1) Z N M AR T R (PUFA)
T RS TR EE, JUHJE C22:6n3, C20:5n3 K&
C20:4n6 “F2H 43 iR A AR 7 R (SFA)FE BF £E 15 57 B fife
T AR ) G S 2 M 2 5 o X 45 Mg 7 TR 401 4 1 Sk 2 M 40 B
SERW, BFA 5 IR EENLR A ZUR TR BR C14:0.
C18:0, C18:3n6., C20:0 K& C22:2 NfffE B EME R
(P>0.05), HRIENIMRBIfEIESIT 22 5R .

W A b5 3 0 G LA 20 20 T IR B 1 R 2SR
S5O 1 PR i TR A BERE AR BT PUFA & R 5
5. SFA S AR A RRAE , 11 5% 7R A D) ¢ B M A s 1
SFA 5 MUFA &, B, fERZEPrd, WEH
AR b REUE A RS PSS R . AR
i, A 3 DIRFEGEREA (Farmed 1. 2. 3)#k] 7> 25T
A BERTTE R RIFR o E— 2 W R I, UK Bl B A B
REM BN R T HE S C20:4n6, C22:6n3 Fl
C17:0 SEAR MR & it LA BRI C14:0, C16:0., C18:0
F C20:0 5% SFA i, i FRAH B (1 SRISFREAE ] 5
M. % Farmed 1. 2. 3 =/NFRBEBEREA B0 B RR
FEX Er i o 2 B, BAREATTRY C20:4n6 1 C22:6n3
FHEBAL, HH C17:0. C20:3n3, C20:5n3 5L &
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A E] 0.8%~1.4%. 0.3%~0.6%. 3.1%~4.8%,
i Cl14:0 , C18:0 . Cl16:0 fg Wi M2 & = 43 % M
5.1%~5.2% . 15.8%~17.8%. 9.3%~11.6%. %Lt
%) B 107 P2 2E SRR A B 422 30 1 P A 5, AT B
R w0 TRAEHE . SRS, ST IR
[ SR A BT RE S g M IX 0 B 1 15 S e, 0 20 0
TZITEAEPSEAREE R b By AT A Tk S A R

®1 BHESHmEsiAAARHRANR

(%, FEIEARIERE)

Tab.1 Fatty acid composition of muscle tissue in wild and
farmed H. molitrix (%, Mean+SD)
BiTR 57 A fie I fi
Fatty acid Wild H. molitrix Farmed H. molitrix

C14:0 4.75+1.89 5.71+1.93
C16:0 19.35:+1.342 21.78+44.80P
C16:1 8.00+1.66° 12.3642.56°
C17:0 1.0440.26° 0.7640.40P
C17:1 0.9740.242 1.4340.54P
C18:0 11.1642.41 11.6345.16
C18:1n9c 16.59+44.892 22.8446.45P
C18:1n9t 3.71+0.392 4.15+41.05b
C18:2n6¢ 2.85:40.442 2.041.20P
C18:3n6 1.01+.58 0.8240.77
C18:3n3 5.5546.412 1.9142.15P
C20:0 1.03+1.07 0.96-1.05
C20:1 1.09+40.292 1.7640.97°
C20:2 0.48+0.16 0.5040.47
C20:3n3 0.61+40.172 0.3340.23P
C20:4n6 6.39:+1.382 2.32+1.38b
C20:5n3 6.4741.11° 3.77+41.89P
C22:6n3 11.78+1.992 4.9342.04b
HaFPENTER SFA 37.3345.50 40.83+11.39
FURIR SRR MUFA  30.3546.422 42.54410.02b
ZAMIFIPEER PUFA  35.1246.942 16.6347.25°

T FATEBIR B ARA R NG TR R 22 57 1835 (P<0.05).
Note: in the same row, values with different lowercase
letters superscripts are significantly different (P<0.05).

22 ETEMRE-NFZINTEHELENREMN
132

221 ATAREAMNEFITH T AL ARG
M R R GG LS 5 2 B SN RE ST, A

SRR TR A S SR EENLA LSRR 18 R MR 1)
M X & &, FJH Bayes Net. Logistic, K-NN .
AdaBoost.M1, Random Forest Al Decision Table 6 Ff
PR S B00E G Ah et 1 B AR 5 A e A AL
SRR, fEUIZET, K-NN. AdaBoost.M1 Al
Random Forest B 5 HERA 3 5y , AT IAF] 85.7%,
Jre B AR I B s B i HU A RE T . ZEIN AR,
Bayes Net, K-NN, Random Forest fll AdaBoost.M1
A UBIMERG R 76.2% . HoAx 2 FpLER 2 > S0k
MR RN 71.4%, RHIZARETI 855, 7T REATF
ARG . BT, K-NN 5 AdaBoost.M1
e ZRAR 55 A 2 30 By o I il R e, O B 2R
M 6 S 1 g AR

% W & T AE F§ 1E i £8 (Receiver Operating
Characteristic, ROC)i#l i 2 i ELFH R (v il 5 & BH
PER (x BINZIERYICER, T PPAl S S A B e A ] )
SIEE T PR, Mg T B (AUCHE N — >
fRFB bR, RO 1 RER R R RS S RE y , HOBUE S N
0~1, B o 9 AR AL A A o P R 65 e P i . Oy i
— AU A B PE R, ABFSEXT AdaBoost.M1 |
Random Forest fll K-NN 4§ 6 Fhfil #5272 557 fir ) 2
F1R) BT 14 B 2 SR 1E 47 ROC i 4R (92241 (/] 2) 33+
AUC {H(F% 3). 45 W78, Bayes Net, AdaBoost.M1
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Fig.1 Cluster heat map of fatty acid composition in wild and farmed H. molitrix
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Tab.2 Accuracy of different machine learning algorithms in constructing models for discriminating wild from farmed H. molitrix

TREAY Y% Training set MIALE Test set
ode REE % & () EAf R o REUE (3 SEIa () E A R ()
Model R SN/%  Fp5bE SP/%  ERIHE ACC/%  REUE SN/% Rtk SP/%  HERR ACC/%
Bayes Net 78.9 82.6 81.0 90.0 63.6 76.2
Logistic 84.2 60.9 71.4 80.0 63.6 71.4
K-NN 89.5 82.6 85.7 80.0 72.7 76.2
AdaBoost.M1 84.2 87.0 85.7 90.0 63.6 76.2
Decision Table 72.7 82.6 78.6 80.0 63.6 71.4
Random Forest 84.2 87.0 85.7 80.0 72.7 76.2

SONRERLE) ROC £k
Fig.2 ROC curves of different machine learning algorithms
for constructing models to discriminate wild
from farmed H. molitrix

a: S b WKL,

a: Training set; b: Test set.
I K-NN 7EYI R85 505 B R B s 9 AUC B
(3T 0.9), Bon i RAFpyfeseE k. H, AdaBoost.M1
FEYIN RS AR f5 i U HE B R A Rl sE, AUC {BAE T
AREIPAS N B, IR S AUC 3035 3
0.94 F10.93, 25463 2 /Ry R | F5 5t S fErf
FEERAT I, AdaBoost. M1 FEYII ZR4E 5 IHALE 1) ACC
{EH AUC {7 6 Fiildsr L h i b, R
HEABE LG TUNTERE, R UITEEUE R,
2R C RS B A RO X 4y B A 5 SRR A (H i
6 LA s ) Bk O ARG R A A SR T A ), JUH

R3 ARNBFIEEWEFESHRER
7 E ROC HZ& M AUC &

B2 RIS 3 vk by W A b S b Tab.3 AUC values of ROC curves for different machine
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learning algorithms in constructing models to discriminate
wild from farmed H. molitrix

ik T Hif AUC
A
Model s i e
Training set Test set
Bayes Net 0.94 0.92
Logistic 0.77 0.66
K-NN 0.92 0.92
AdaBoost.M1 0.94 0.93
Decision Table 0.81 0.91
Random Forest 0.79 0.77

Logistic 55 Random Forest 7£ Il Zx4E F1illiak 4 [
AUC {HIALT 0.8, R U HA RS E 1 5 B e R 22
o 0 RO R A | R IEVE VR AR HE— 2D Ty A A A
TERE .
2.2.2
AR o My

MY Ja T R R ALE 5 3] Hk 0 B A 6k 5 R
Ry AR ) R RCR 572 b g

A 5% R IR 56 M 7 AiE 1 #F - 4 P74l (Correlation-
based Feature Subset Selection, CFS Subset Eval)&.i%
HEATHRAIE G L , BRATHE sy 7 MFAERRNIRR , 435
Cl6:1, C17:0, C20:2, C20:3n3., C20:4n6, C20:5n3
Fl C22:6n3. FETLLLE 7 ANMFHESENITR, 1 2.2
JIR I 6 FhbL 2% > S5 B A 5 SR R A T R A
M, G ER, FRETESS, FrA SR S0 1 e
YR CGR 40 W TIUIGE, SRIEMNERRE
i 85%; MiXEE, Bk Decision Table DA K Logistic
Hb, HARRRI T MER S T 80%. b, K-NN
5 AdaBoost.M1 FILIL T HALT | I ZRAE Y iR 5
KF] 90.5%; MHAHE A HERTRILE] 81.0%. ZEHIRE
B, a0 0 ] DA 2 BROT A AL i | BRI 75 T4
DEALARIE 23 [ 2540, AT $ THERL Az L RE ) S e
PR, BETR TR RIS R A AT AR

R4 BUEGEERARRNBFIEFTHETFESFERLEHNERNERE
Tab.4 Accuracy of different machine learning algorithms in constructing models for discriminating wild from farmed H.
molitrix after feature selection

Yl Z54E Training set

MR EE Test set

FEE A

Model RGP SN/% 551k SP/% iR ACC/% R SN/%  F5571E SP/% I\ ACC/%
Bayes Net 84.2 87.0 85.7 90.0 72.7 81.0
Logistic 94.4 78.3 85.7 90.0 63.6 76.2
K-NN 89.5 91.3 90.5 90.0 72.7 81.0
AdaBoost.M1 89.5 91.3 90.5 80.0 81.8 81.0
Decision Table 89.5 87.0 88.1 80.0 63.6 71.4
Random Forest 94.7 82.6 88.1 100.0 63.6 81.0

Ryt — 2L PPAG AL R PE BE , A9 3L T RRAE 0 2
3 itig

B Y A i K IR I 2 i) T Bayes Net ., Logistic . K-NN
SFHIARN ROC MIZR (18T 3), FFH5 TR AUC {6
(3R 5). 4R TIR, SFHETRES T B4l AUC (HYY
H 42Tl B Logistic 5 Random Forest #b, HAH
R ZRAE 5MHAE N AUC (H¥ET 0.90, FRERHE
7 156 dnb 2 M R TR R AR I e T, SRR TG G A
AR R TR R E S T . AR S,
R A e A 1) U B 2o B n] HL, S48 K-NN 5
AdaBoost. M1 7E I 25 AT 5 b 09 HEff 23 & T
HAbF E:, {5 AdaBoost M1 TEVIZREE AR LE F 1Y)
AUC fH4r 31355 0.97 1 0.94, 7R HIEF K-NN /)
et S EEE. Wik, 7 6 FiblassdR/ikd,
AdaBoost M1 KK I I, MOR ] AdaBoost.M1 #5
YAy WY A 5 S A 2 SR AR

30 AREREXFEEFREGNNHERBEHERAR

sbAl

KT it L AL 2H 209 i s 1 20 1 52 22 o IR 2R S i
Hrp e R i FE R Z—(Ren et al, 2020;
H B 1845, 2025). 7£ SFA v, BPAE 53R5 R C16:0
5 C18:0 &rig#im . M —Fg s, kb4
BELLVR WA A LI B A B, T 3R A i 5 At f
FIRSE, HAREORIAE R R | IR IR ) B A AL
W, XEEEFEFEEE ST C16:0. C18:0 MHA M
AR %) i (Mukherjee et al, 2010; Acar et al, 2018;
Wang YH et al, 2024), XA G8& —FIKM C16:0 5
C18:0 I m MR . ¥ MUFA 41 b, B4 53
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B E R B R C18:An9c i, H IR ik i 2
o TR A X — 25 Rl S R AR R R T
TR E S A AN R (ANSERF ) B VIR G . iR R I,
K7 it LR 2 2R 7 R 4 132 Bl B L 4 1 4 A5 e
K (Yu et al, 2018; Liu et al, 2022)., k-t T H =
B M. MUFA & @ 003, # s EKR ™
TR S BR IR(E18 845, 2018). BBl , SEFFIME
£ C18:1n9c (Lopez-Marcos et al, 2024), K, H4:
BEAAE T 37 FEBE C18:1n9¢ S 4K. 78 PUFA 41
T, BAEEENLAN AR R PUFA SR B ES

3 FRRAER L 5 AN [ BIL a2 ) S vkt 1 B A4 5 5 e
YEHIALY ROC ik
Fig.3 ROC curves of different machine learning algorithms

for constructing models to discriminate wild from farmed
H. molitrix after feature selection

a: YIZE; b M4,
a: Training set; b: Test set.
x5 FHEREEARVNFIZIEEZHBEFESRAEL
%5047 ROC MZ M AUC &
Tab.5 AUC values of ROC curves for different
machine learning algorithms in constructing models
to discriminate wild from farmed H. molitrix
after feature selection

Bayes Net 0.96 0.93
Logistic 0.95 0.87
K-NN 0.95 0.93
AdaBoost.M1 0.97 0.94
Decision Table 0.90 0.90
Random Forest 0.92 0.88

M Nl AuC

ey

Model VIS gk

Training set Test set

FFemih, JuH R C22:6n3. C20:5n3 PIK C20:4n6
S {H PUFA 2500 5 3%, UL, WPAGE BAT T &
EIRUE, AR AR T VAT S AR 1 SR
o 3 X — 22 5 0 E BRI A, A
SRIKAAR (4 B A M5 o LA KSR SSRNTR AR
XL KRR B & PUFA A (Muhammad er al,
2024), T % ik T 45 £ A0 de Ak e g K R A Ay B —
K, FR%tf%E PUFA & 4%,

B 1 ARDEHAL AR, 7K L IR 2 2 7 1R 2 ki 32
L WK AE 1 (Zhu et al, 2023) 121525 1k
(Scheuer et al, 2024)5F A ZE M, FABEE A L2 2
17K Az 2B W 1T A PN g I T 1 N R D A R R O Bl
(Yoon et al, 2022), MR H YA S A &
MR o £R AR fb Al 25 5% i 200 B B35 388 -7, 38
WS PUFA ST, D4R Ra et . IRELAE R
FARPLE BE M8 (Chen et al, 2022; Dildar et al, 2025).
S RE A B2 5 i K AR AR R AR FROR , SRR
) ECAG W5 2 & A (Kumar et al, 2019; Maltsev et al,
2021), WA EYHELBEAI., SBSMEITE
W THAEA A AR, AN FZKIEEREE TR
a0 25 5T BEE — 25 5 K T 0 I T R 2 K
(Jovicic¢ et al, 2024), 7 4b, FAEBEGIEHEAR, 2
Bl EERAR, JO T 150 Az A AR Sy B 1 Bl 5T R
W8l , X i — 20 1 O A 5 R 00 B T R 4 R 22
(Huang et al, 2022; W, 2023), MiAM5E T
BEREAR I A 56 2 WA 5 PRI AR L, R ARG )R
B> —

I 1 P 20 2 X 43 B A R 35 B /K 7= i 1 B4
Fr(David, 2019), EIRMAENINHL NN & mED,
{HH PUFA & . CAVRER, B4 6 (Wang
LM et al, 2024) L4 S 85 A fii £6 Fl i {6 (Amoussou et al,
2022)f% PUFA il SFA & 4 , i #2564 A& ) MUFA
T, FRWEFE 53K ARG D R A R AF
TE I 25 22 5 o ARWF 5 o SOR B — AR R BT (GC-MIS)
Gy MR A 5 SR A AL A v 0 R T R LEL K A LT A i
WL 229 C20:4n6, C22:6n3 . C20:3n3. C20:5n3
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%% PUFA &y, FRoi N2 C14:0. C16:0. C18:0
% SFA i, 5 LRiFsRas R —20

RASHraE R, YA 5 55 SR b SR - nT
T DA . 50) 3 A T A AS [ 18 SR S 2 , 18 BH R s 1 4L B A
X o 3 v A mEE T, W15 E T A AR D R R
E S A AR 5 FR A R T A7 . RS 3 AR BERE
AR AN A B T A SR IS A R, (R AT R i TR
V) i 7 P 4L B 25 5 TS, PR T3k 3 A SR B B RE A )
I J0 T 20 J AR A B B30 T A i, S BGX AR 1 &
Koo SRR K A Farmed 11, 12, 13 H1X
F P BERE AR B i, D58 L AE SR 2 A M v X 3R A R
TREFAE AR

3.2 AEHERFIEEIF AL RE A0

A R S €033 — E R 0T i 0 M A SR B
JULPR 2 2R A 7 R A LA 7 43 A, - i AR U — Ak
T A5 RR TR P ARG 5 o BSR4 X 1 i B S AR 1L
TR B YRR, (AT 2 R S B S 45 i
T A SRR W vh B AR 1 8], B BT R AR K SR R IR
LR AT T T2 5 . B, ETIRImRS
(R0 BT 7 125 L 7 22 e o 3t BB 30 900 5 9 e 0 I F
15272 W FH (Grazina et al, 2020; Dou et al,
2024; Eugelio ef al, 2025), %6 T, AWF5RETHEL
PSR B W R, %o B A 5 R A B IE A T S 1) . Ry st
PR HERR RN B AR, AR RS AT 6 Fhil
i o) R AR S N B A 5 SR e T PR L itk —
PR IRV HISOR 5 B, R CFS Subset
Eval S8 AT RFAE T 3% o 1207 VA8 1 PP ARG A8 1 5285
Z A B A DG | 5 T PPN pR B 3 ) e LA e
HHHIE S B (Chang ef al, 2023), fxZH5E T 7 > Xk
FREAS AR (C16:1, C17:0, C20:2, C20:3n3 . C20:4n6 .
C20:5n3 il C22:6n3), XLLfRiRZ A PUFA., A
WFsE4a i, PUFA 7ERFA SR M HEE R 0
¥, FRER M AR IR R S IR SR R R TR,
AT R 0 53 B B AL AT 5 i A ) 2 AR B R TR
i T8 T ) 8 ) BT A 5 1 i e M A AP g B S AR T
SEBT X B A e ) R  E

FERBEATRRAE TR GO T, AN RIS 2 SRk
MHER R 2E SRR, IIGEMNHERER 71.4%~
85.7%; MK MIHER RN 71.4%~76.2% ., Hrf,
K-NN. AdaBoost.M1 Fil Random Forest 7EII| x4 I
HERR I 85%, Won SR IARES . SRiM
Logistic #ll Decision Table £ I A9 HERG R IIL

T 75%, WREMFAES I GG, HAEZRME, £
=3B AdaBoost. M1 F1 Random Forest 3R I T
BAFp i ge 1. /R4 Random Forest 78 Il 254 A1l
A b BOMERA R B 5] 85.7%F1 81.0%, (H HAI %
& 5N AUC AL 510 0.79 F10.77, B EHK
F AdaBoostM1, P HSHIFREER 2, BHAS %
FMEFS TP K-NNAER—FiEPEaE 5k, 7R84
{5 s AT 55 v R LRI RS AT, X AR A REAR 25 TR TR ok
TR 1 S A AR 11 i 7 T 1 A ) 4 5 A vy, A R T A4
ML & HE4E I (Srisuradetchai ef al, 2024) . R ZHHFE %
Ar AL B LA — 7 R R T, (R A R 5 AR
TE AT AT B R AR T 25 1]

3 R AR R4 P DA 200H e A5 AR A 0 o A
P v AR ) 40 591K B (Ekinei et al, 2023; Niu et al,
2013), AHF5E 1t CFS Subset Eval JEAT4HFAE T )5 ,
BRI RE A 21 42 k3 , ok HF— 2Dk B B i e 15 2] 1
7 Fh O AR 17 TR A B AR 5 R B G A S A ) A
FH o TERFA: 5 S50 i A S IR rh | RPAE B AR T2
Xt RE M FR B G A TR AL B, BESIBR S EUR . 5T
85 KA TR 2R OG5 I TUAR R B, [RIBH R B gt
e KRR B WAL ) 25 S5 (A% O B T R R AIE o 514
C20:5n3 il C22:6n3 J&HF AL fifk N K IR B 5 VRUFAEY)
HORBU bR M PUFA 78 258 A b 3 d B 25w I
PR I EL A8 B0 1 X A0 B ) o Tl A DG AR AR SR, AN Y
PET& TR R BIREE, hdan T Iz AR ). S
SRR, P BRI ZRAE A R SR T 85%.
* Random Forest #1 AdaBoost.M1 HJVERZRIY KT
90% , W38 1ok B2 OC SRR 7 R FRAE RE A 2 L BRITAR
fFE, FEAUBIRSE 28, Mt/ it 06 i XU (Sim
etal,2023),

i CFS Subset Eval FFIEFTi%E A A Al 55 k42 it
TR bk AR : Hoh K-NN F 2 TAR4E . & X 43 B 14
fEAS 1A, o LR T2 o R R g 1 O =X i s 385 [
i 4 AdaBoost.M1 FEME T 15y o B O HEAIE , 358 T 5553
KARRFIREE Sy, MEH A A iz A . B,
K-NN 5 AdaBoost. M1 1E4 i B BEHE f5 , 7658 A= i
() S AT 55 Hh R RE SR B R AP RIOR . SR B HER R (E S
AUC M KB, AdaBoost.M1 FINHL T H AR,
HANGAE B HERT 2 90.5% (SN=89.5%, SP=91.3%),
T AE B HERR RN 81.0% (SN=100%, SP=63.6%), Il
ZAEHMIRAAER AUC 435355 0.97 F1 0.94, ¥ T
K-NN, 7R B8 m i G0 FE Fiz AR 77 . tb4h,
Bayes Net, Logistic fll K-NN 7EJI|Zx%E ) AUC 1
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KT 095, UIHLRHEILALIG , ZRMEBTAI S T &
RO o 5 B FTIR , FESE T LR BRI R 1 Y B A 5 5
B BE M I, 4 CFS Subset Eval 451 i ik J5 |
AdaBoost.M1 7£ 6 Fibl 2% > Bk R B R R 25
AR

AWFE I E T 56T LR 21 208 D7 2 1k 45 & ML A%
2 ) RS N B A 5 3R K S T AT o AEPEAN Y
6 ik, AdaBoost M1 7EALIEU/NEA | S 4L
St O T R B A RE L, LI R S A
HEFR A58 90.5%F1 81.0%, HUAS T A5t i) T 2
W HAT, TR AL I HEARME LS
FREE K 7= it S ) vk O A = SC s R AR 2, Il
A 5 AR MET S 1 90% (Grazina er al,
2020), EARAHBIRGIR S HAFTE—E 20, HAN
SR REASR AR 52 2%, ELR 537 b A A i A A
BRSSO LUAT S0 BORE A /0 X S8 1) 1 7 R AP A o
TS PR 2R AR 0 b T B AR 5 e A S A A ()
FEMERE , (R B e W R B AR 7R 5 2 LS 5
TABEAS RAFAI N ATE 1. RS A R4k
WS AEY RAEAS T A BE At L, e 091 v o R 15 AN [R) 2
TRIREAS, LRGeS e A A i s M SRR L RO,
AR A0 5 N TR RE RN A sh AR I F- & AR 45
G, tetn . A EEEAE 5 IRAE K IR R gt PR R
AR, AR TR A I &S, TR S AN
(]t B YLK 5 it B S 3], A T 3 W0 A8 5 7K Al AGIE
PRALPREE | AT REAH R SRR

4 it

A A 15— R BT (GC-MS), 43T
T A SRR AS N ITRA N2 5, I8 A
LRIl ) R A A T Y AR S R A e A AR AT
FERWT, FRFE G AR R R T R (SFA) & s B i, i BT
A U] 2 5 22 AN R D5 R (MUFA) . d8 i CFS
Subset Eval 83 BE H 1Y 7 Fh 45 AF IS I 92 15 4 7 500 e
4t J5, T BLAELR U M RE B AR T, Ho,
AdaBoost. M1 I F HABE L, YIZ4E S MHLER
THER R 5 R 2 90.5%5 81.0%. 1T AU N B
A 55 7 B e 1) S PR T R AR, KR A B
VLI A A P 0 AR S PR B 5 DL R PR T
B ARIRS, B A R RS
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Fatty Acid Profiling and Machine Learning

QIN Lei', NIU Bing', LU Jizhou*”, CHEN Qin'"

(1. School of Life Science, Shanghai University, Shanghai 200444, China;
2. Chinese Academy of Quality and Inspection & Testing, Beijing 100176, China)

Abstract The Yangtze River Basin, one of the world’s most biodiverse freshwater ecosystems, has
experienced a sharp decline in fishery resources and a continuous decrease in biodiversity in recent
years owing to long-term, high-intensity human activities. To facilitate holistic conservation and
restoration of the Yangtze River’s ecological environment, China implemented a “Ten-Year Fishing
Ban” policy in 2020, with a complete prohibition of commercial fishing from January 1, 2021.
However, during the enforcement of this ban, some merchants engaged in illegal fishing of wild aquatic
products and misrepresented them as farmed products for profit, severely undermining law enforcement
and ecological recovery. Hypophthalmichthys molitrix, an economically important freshwater fish
species in China, is frequently involved in illegal fishing. Owing to the high morphological similarity
between wild and farmed individuals, traditional identification methods are inadequate to meet the
demands of high-precision and high-efficiency regulatory oversight. Therefore, developing a scientific
and reliable technique to distinguish between wild and farmed H. molitrix is critical and urgent.

To address this, this study focused on H. molitrix. The aim was to establish an accurate method for
discriminating between wild and farmed individuals by systematically comparing differences in the
fatty acid composition of their muscle tissues and integrating various machine-learning algorithms.
Wild H. molitrix samples were collected from different sections of the Yangtze River and from
commercially available farm samples. Fatty acids in the muscle tissue were analyzed using gas
chromatography-mass spectrometry, and their relative contents were calculated using the area
normalization method to obtain comprehensive fatty acid profile data. Subsequently, a discrimination
model system incorporating six typical machine learning algorithms—Bayes net, logistic regression,
K-nearest neighbors (K-NN), adaptive boosting M1 (AdaBoost.M1), random forest, and decision
table—was constructed. The performance of each algorithm in discriminating between the wild and
farmed H. molitrix strains was systematically evaluated.

A correlation-based feature selection subset evaluator (CFS subset interval) algorithm was
introduced to screen fatty acid variables to further enhance the model performance and generalization
capability. This process ultimately identified the seven most discriminative fatty acids: C16:1, C17:0,
C20:2, C20:3n3, C20:4n6, C20:5n3, and C22:6n3. The six aforementioned machine learning models
were reconstructed based on the selected key fatty acids. Their performance was systematically
compared across multiple metrics, including accuracy, sensitivity, specificity, and the area under the
receiver operating characteristic curve (AUC). The results indicated that feature dimensionality
reduction significantly improved the overall discriminative ability of all models. The model built on the
AdaBoost.M1 algorithm demonstrated optimal performance, achieving an accuracy of 90.5%
(sensitivity, 89.5%; specificity, 91.3%) on the training set and 81.0% (sensitivity, 80.0%; specificity,
81.8%) on the test set. The AUC values for the development and test sets were as high as 0.97 and 0.94,
respectively, indicating excellent fit and generalization stability. This model can be considered as the
optimal choice for discriminating between wild and farmed H. molitrix. Other algorithms, such as
K-NN and Bayes Net, also showed significant performance improvements after feature selection,
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further validating the crucial role of the seven selected fatty acids in distinguishing wild and farmed H.
molitrix.

In summary, we systematically analyzed the fatty acid profiles of muscle tissues from wild and
farmed H. molitrix. By combining effective feature selection with multiple machine-learning
algorithms, a reliable discrimination model for wild and farmed H. molitrix was successfully
constructed. This method not only provides a robust scientific basis and practical tool for the
traceability of aquatic products through technical pathways, but also offers technical support for the
effective implementation of the fishing ban policy in the Yangtze River Basin and for the scientific
conservation and ecological restoration of fishery resources, demonstrating the broad application
prospects and practical applications.
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