H45% 3 o B o i JE Vol.45, No.3
2024 % 6 H PROGRESS IN FISHERY SCIENCES Jun., 2024
DOI: 10.19663/j.issn2095-9869.20221124002 http://mww.yykxjz.cn/

TEEDRE, TOKH, ZEKRK, SKIE, TFIT, BHER, ARikve, 2258 JET Deep Forest 55k i Xt iF S IR SR 5L (AHPND)

TR AR R R . b Bl R, 2024, 45(3): 171-181

WANGY G, YUY X, CAI X X, ZHANG Z, WANG CY, LIAOM J, ZHU H Y, LI H. Construction of an early warning mathematical
model for Penaeus vannamei AHPND based on the Deep Forest algorithm. Progress in Fishery Sciences, 2024, 45(3): 171-181

E T Deep Forest & xBTS AT IR AR IR SE 7R

(AHPND)f Z £ F B

FeapEt? Fixm Hppgt % B EFHEx!

ErA Y futrt £ £
(1. FEUK=REF R BRI =T IR HS 266071
2. HEEERE P OEERAESE R REREEEE IR FE  266071)

HE TR 3 3 7 L 44 2 BT (Penaeus vannamel) 214 fT J 5 37 3% (AHPND) By % £, B 2020 4F
Tréb, EFANAMTRERTETESE RN/, 0F5RFREMROTEEMLE T, HED
BF. ik E B @EERAE 18 MESRTLE Fiir, B EMAEETER. BE5H
Sz B AR M, TR E FHAT IR, X T Python 1% 5 47 12 45 & Deep Forest, LightGBM .
XGBoost & & HEAT R4 #AEFn N M 6E3F #], fF EIE N Python2.7, DT H F 184015 4 Hr N ¥
REPEK), UMITRETRMIEATE A & R(VER), RGN FRTREEREGE TN
BAE s M A B AR B AR I, A B R 44 3038 45 R St N AR BEAT A0S0 1L, S5 A BBy BIATHAE, W
AW IR R A R BRI R R RO I R R A8 AT B X B AT R AT IO A LT & T Deep
Forest 4 % 0 sT AR (T JE R R 20 1 B 3% . oI (Mbrio) Bt . RIR4 T BB b E oy 4 4 1 &7
EFARAEAL, A E K 89.00%, AHFE M A T4 A Kk M A B X AHPND & 4 oy B0 fidk, A8
KA 45 R Iy AT AHPND SR T TR B L 7 B F AL A, JF x4 e 7R 7 Ak o B 5 42 (3
TRAXEA R,

KR I, AEFRESA R, ML FEA; Deep Forest % ; Python i &

hE4SES S917.1  XHEERIAEEG A XEHS  2095-9869(2024)03-0171-11

X MR 2 S B 5K BE 5 (acute hepatopancreatic  PESCZERETE, LRGP

AR, —HE

necrosis disease, AHPND) A TTH ). Bupttsm . JET-%
. TERERAER SR X B, — B RAMELIAYT, &
RAERTER KR AT, 25 5 28 RO R SRR b A7 R
THALTT AT (BT F5, 2018; Soto-Rodriguez
et al, 2015; ##f5, 2018). M AHPND iif 74 s Fl

] A X IR B T I 114 7™ 0 2% 16 (W 52 52 56, 2018) i
% AHPND 9 #U5 TR A ST, ANT1Z 2 AR 3
e Bt A 1 751 57 BE 005 A 20 1 KL 3B Bl i /0 DR % 0 G
ST, A R T B A AR R
e,

* EZKE S EITR](2019Y FD0900102) . 1 7R 44 4= 11 7 b 4075 A7 3 H (LINY 201802) F A5 b A} 4% % 10l (SZ-LY G202028)
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9 T TN A S A A5 2 S Ak, o iR A S i
Y 3 K A R SR VL 3G 3 VIAH i sg i R R | 38 FHAL
RO %, MR T OCHE Y A R @SR A T
KRB, JESe BRGSO I L4 R E
SR KL 11 95 9 T 000 1 T 5 RIORG B B AR AR KRR B |
BT ri B BCF 207 . BETE A I 40 Fil
Z 2 (4, 2020; Haet al, 2017), 3 30 43k, AT
BRER Iz Mo FH B 2 2B, B 0 R R
1 F 5 £ FE (Underwood et al, 2021; J7 3R %, 2016;
Hamer et al, 2020).,

T TR 2 H AT T B ST i IS R L
ARk, B NAMIFFE N BAEAAE D 9 3 DX T4 1T B
14T EAIBFRR , R R BAR T 12 0 FRIEY
A RS e TP R B AR AU, X T A B 7 4
A Fr Al 2 T e A B 1 48 7/n /E F (Huang et al,
2019; Rumpf et al, 2010; 54#565%, 2021), Tk FEK™
Sl E TR A A R o e B 55, R KR
SR A3 BT 37 B 7K T He ot f 2 A  BHE A T
BRI (D E, 2013; #=lh, 2017), K-S B
M)A RRIR . 18 E S5 N Z A EERNEER, #
FE P R A B T, A A A IS A
FERTR AT () TR, B R UE TR0 A 7R foS ff 1 A
A 4E M (Beaz-Hidalgo et al, 2010; Paillard et al, 2004).,
1M & F XTI AHPND  F5030 5 T 7 7 i A5 784 1 A A5 412
W, WFE i PR AHPND PSR 55, AL RE S

Xof 9 95 114 TR T A R A AR I N T BRI,
] SRy X MR R A M 14 fe B R R B b R S

AR 5 38 5 R A T X I AHPNID %2 A HH S g 26
B T AR A AR B S e R A 18 4
fige 3k Wi R 28k, 38 0 — kAR AT Pearson #H ¢
PO, BE—RHBRAHKEHF, ETF Python 1554
FE4h 4 Deep Forest Fipkib T4 /B, (h AR
Python2.7, [] B} SR FHAS [ (14 35 D S B (4 116 1k 12 a0k
A7 T TR SR AT M BE EL B, 9 25 # 3 T Deep Forest
L ()l 3 SR FE LA XTI (Penaeus vannamed) 21 T
B R R BT ) A A

1 HEXRE

M 2020 4F 7 A FFAR, X TFATEAR VM T R
FEIX IR 4 P IE R IR SEL . BRI DL T
AN 2.4~3.3 hme, $HUEREL N 22.5 J7Rhm?,
o WS 463 91 FLAA %o R P-4 8 24 4 (7.0£1.0) o/ 2
PORFEIL S FLANXT IR ARt | 36 7 . PR B o B | filtfiR
TR A P4 ERAR I A R B R T A AR B IR 7 o AR R
“PRIE IR 15 £ = IAHIE L &R , 454 AHPND
ARSI F 08 P o BT, A58 I 18 /> 1] BESE MRl
XTHR AHPND & 25 AR5 | 5 D B B DR300 4 7 1
(F 1), BEFENTFER. K&, ®E. pH. DO,
AR AR, 9 KM P AT 55 3% 40 5 A

*k1 HEHWFRASEIIR
Tab.1 List of parameters used in data analysis

¥ Parameters ZH4%E Parameter code A7 Unit
iR Air temperature 1 C
/K Water temperature 2 C
L Salinity 3
1% 8% pH 4
i 48 (DO) Dissolved oxygen 5 mg/L
Z A (NH;-N) Ammonia nitrogen 6 mg/L
T AH A & (NO,-N) Nitrite 7 mg/L
KA %k Bacteriain water 8 CFU/mL
KRR %k Vibrio in water 9 CFU/mL
JKAHRE & . Proportion of Vibrio in water 10 %
WRR 44 4%k Bacteriain shrimp 11 CFU/g
SRR B8 Vibrio in shrimp 12 CFU/g
HFAYR & (5 & Proportion of Vibrio in shrimp 13 %
DT BERREE AKP 14 U/mg
TR IR ACP 15 U/mg
B AL Y B AL SOD 16 U/mg
WHEE LZM 17 U/mg
W AL PO 18 U/mg
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B (Vibrio) s S5 8 A e 7 b . MR P OFF B AR P ) il 035 5%
0 T AR BB I 5 B, A 3 e R [
2B (AKP) . FRIEBEIR (ACP) . IR TEME(LZM) . A
i LT (SOD) . By &AL HF(PO)], AHICHE S RETT
RGBS % Tk 45 (2023)

SRR R AR B R AR R BN EIC SR, KR
EREE . DO 1 pH KA Y SI A4 K BT A (36 )
ME, ZAMEMSRRH WTW 6600 4356 B
(7 ) 245 5 S SRR I A 28 R I S ) &l s, T 85 3R
YT AN SO MR 3 TSB Al TCBS ~EHU 754Ut
B E , MR ARSI & Ha s B A, XTI
A G 28 T 1% P 0 FH i ot 2R W B AR B R A
92 il 1% AR 0 R (T A AR, 2023)

2 HiEwmstE

2.1 SIBRITEE

] — R0 25 1 T R A B AH S s 140 4, % 7%
B 3o A R AR ) 8 A U IR B b 1 AL A T
MR, PRI B — 2 1Y F AR E FRl2 vk . 38
IR TCA R, B RIS EE A 100 41, Gk
s 25 41, flRFREEdE 75 4.

22 HURRELLE

F1 T [R) 52 ] R 2 [0 47 76 1) 1 49 R K/
SRR AV AL 1 RS, R e S S S I 2R
AL R TR G E L WA BRAF-AY 100 ZH IR Ak
KM mapminmax pREO HiE T IH—f A B, AL PR
Je B AR FE[0, U=z, B X FRoREE 1M As

YRR 2408 1 B0 X=(Xg, X, ooeee L %i)3
Y=(Y1, Yar 0 Vi), Hodr, max(X)F1 min(x) 43 Bl
X ARt B e K AE A/ IME . BREL S AR

y; =3 mint ®

- max(x) — min(x)
2.3 T E-FHIME

XU 3 A 5 PR R T L A O R DA R K R
MR B o8 R 55 UTAH G, T ik 26 K -2 0] SUAEAE
LR MR R, Hrh— AR B2 R i) — 2
S ES il 1] SPSS 21 #4:3#E 4T Pearson A543
BT, A3 AT 25 A5 i R 5 500 & A5G O LA B A . 22 i)
PR, TR ST P (E. R X &
AR LA, B Y RN 2 MR, ENE
X= (X1, X200, %0) 3 Y= (Y1, Y2, ", Yn) » AR 4 Pearson A5
FER T AE X

n

(%=%)>_ (% -V)

E @

J > (x5 (3 -5

NgE

[aN

r =

i=1
Arb, XMy 2350 2 N ERRF R A28 T
5 TR G AR 5 R BT L B A S S 00 R0 X
FUNFRRIE , DR, A S AR K] A b G ok F P9 5
AR o AR 5 RLAE B9 I AR, 28 HOHR 26 55 0 of
FHAOC R EOR Tl FHE R R 7, R 5 T80 0 R A0
SRR E A e ) — 26 PR AR D TR A TR 18 A

3 Deep Forest #RIfg 2

Deep Forest .3k A FUM L T2 530 2 BBt - 240
JE 4 By B (multi-grained - scanning) F14% B 75 bk B B
(cascade forest), Deep Forest %4k i F 44 52 9 A5 B
F2 B X R LA BOE Y A SR AT Ak p WAL B, R
Deep Forest HiE XTI ZRAEA S AT YN ZR , d5c )5 A FH T
DA A () AR S 51 32045 T ORG24, 2019) 6

4 HRE5HH

41 mMEsREMNIRE

W AL FEA 100 ZH A , BEHLPEE 70% A
BARVE RN, YAMY 309REAS BN E il

42 MR FSSHEFRIEXED T

Pearson ¢4 11 26 W (3 2), XFUF & 9% 5 IR A4
BB, ERARTE SE. LZM | BRI & L. kA
R EE. R . ACP. KIRIRE F1 PO %5 9 24K
FA 35 F A 56 PE(P<0.05), AHEZE3 90 05741,
0.5211, 0.4382, 0.3911, 0.3747, 0.3501, 0.257 1,
0.238 3 fil 0.2289, & HAYE— i [l N X L8 S HH T
L ZRER S A B E, 5RiRKIERE B
HUAH G (P<0.05), HAHX R EH-0.227 9, RUTER
T, KRR AR S KA. M. pH. DO,
A UAEAR . KA 5 . AKP il SOD 45 8 4
285 MR A AR A K (P>0.05)

— 5 L AR A O R R 4 XHE AL T 0.8~1.0 2
] AR A 6 FR, 0.6~0.8 Z[A] HIRAH LXK R,
0.4~0.6 N AEFFEEEM KR, 0.2~04 HIGH KK R,
0~0.2 S 55 AH S& BAS AH & (Schober et al, 2018),
T R SRR AN R B SRR SR LZM
A R B 4 X HE AT 0.4~0.6 Z (1], Krp 45
JEAHSEIEZR s UMAINEE 7 b . KRR TR B, R



174 ook B

545 4%

X2 BBHATFTERFTLEMBEIESHER

Tab.2 Correlation analysis results of each parameter factor and disease occurrence

S Pearson i ¢ £ %1 P {E K 5
Parameters Pearson correlation P value
SR Air temperature —0.189 6 0.059
JK I Water temperature -0.2279 0.023
ibBE Salinity 0.3501" 0.000
PR B 52 pH 0.0179 0.859
4. (DO) Dissolved oxygen -0.024 8 0.806
2 & (NHz-N) Ammonia nitrogen 0.128 2 0.204
TWHEZS %4 (NO,-N) Nitrite nitrogen 01177 0.244
KIRANH S Bacteriain water 0.374 7" 0.000
KRR B %k Vibrio in water 0.238 3 0.017
JKAKYRES (5 L Proportion of Vibrio in water 0.037 3 0.713
WA 40 T A%k Bacteriain shrimp 05741" 0.000
IFAITE S %L Vibrio in shrimp 0.5211" 0.000
WRADRE 5 b Proportion of Vibrio in shrimp 0.3911" 0.000
P EIREE AKP 0.0107 0.916
R kIR TG ACP 0.2571 0.010
A ALY B AL RS SOD -0.1016 0.315
WHE LZM 0.438 2" 0.000
W& ALl PO 0.228 9" 0.022

TE: "R BE K, R R B KRR

Note: * indicates asignificant level of correlation, and ** indicates a highly significant level of correlation. The same below.

ACP., JKIRIREE . PO FI7K ik 55 S B AH G 3R B 4 %
{H¥I T 0.2~0.4 ZIA], NEGHEHLR, UL
SO &0 o SN TR R A A e, i —
H USSR EREN R NE .

4.3 FuiREFaOME

FASEAE TR (& 1), RN AL, I AR
PRI, LZM | BRI 7 LE L KR A AL R
ACP., /K&INE . PO FI/KIR% 10 S %5 XHIF
AHPND & A= #4778 5 3 A M, S A ARG 20 4>
FAOEME, 7T AR AR AL ) T8 5

R F K S SN F 22 i) o] BEAH R, B —A>
SRS S5 — S RmAEsh, Hit, Wil
Pearson AT itt— R 545 T Z M A G HE R R,
T — S0 93 X R A58 5 ) S 2 I 2 1 A PR, A
Tl A5 R B 3.

(L) 000 2 T KR S AR A B L AR L R
PRI 5 HE . KRN R LZM 25D 75— 2 By ke
KRR, HMERBLIHEH N T 0.2~0.4 Z ],
R SRR I FR 1 B A 1 R U A R AR A1 5 2 P
SR-ERENTE . S KIKIE . PO Al ACP

S5 F ARG R B A HERET 0.2, aBA W py 7k
RS B F 2 R B A O &R

(QERJE SIF AN 5 L. PO, ACP fil LZM %
K2 —ERIEMCHE R, HE PO, ACPfl LZM
X RE A SHEY R T 0.4, APEREME, 5
WA & HeAHOC R B 4 XHE - 0.37, S5,
VLA BE T i 2 5 R X S K N R AR B A i s 5
b PR AR OC R B XHE ST 0.2, R E5 MG,

()R A M TR 5 MR AR . MR AR IER b L KA
YT . KIKINE . PO, ACP Il LZM 5 1E A Sk 56
Z, R R R AR IR B 50t A0 A A R AR, I LA
ARHI AT B2 5 M R (AR 40 7 10 B30, O 56 R e X
1 0.91, AMSRAASE, SRR . SRR LA
LZM 4056 R B4 A HE A T 0.4~0.6 0], JyrhZEfLps
A, SRR ACP A5G R B X HEN T 0.2~0.4
Z IR, G, 5 PO MSERELXHE N 017, Ik
FAH G

(A)EF AR IER 5 MMASINE (7 e KRR . K A
9N . PO, ACP Il LZM ¥ 2 IEA XM R,, HAplR
PRI 5 Lb A B 5 40 T Y LR, 2 R R 4
HHE B, AHSE R AL XHE N 0.69, NERAHE;
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EEEI 0 2 0.37 0.26 P
Whether the onset 057 052 044 039 0. 035 0.
AN B
Bacteria in shrimp O OW 045 044 (060 017 023 s
IR B3
Vibrio in shrimp 091 1.00 048 020 025
%3% . : Ol 0.50  0.20
WA 5t
Proportion of Vibrio in shrimp 0.44 . 0.50 0.14 0. b 0.18
B:ﬁﬁﬁ;ﬁiﬁ 060 048 020 0.14 0.17 0.13 028
N N Lo
Sallii';% 017 B 07 _0'17 041 —0.05 043 -0.11
@ﬁ%%gf N 029 0.13 041 0.17 ﬂ—o.os
ﬁﬁ?iﬁwég 0.18 028 —0.05 —0.17 —0.18 0.09
%@g‘ M 025 007 043 MO.IS 0.02
K
Watertemperajt(qu ~0.27 —0.11 -0.08 0.09 —0.02 EHN}
B3 Be RHE ES 28 R ®y 285 B8 g2 ®E
QE mE mE EN mf BF 45 @2 BE 3¢ X2
Kﬂg ﬁ% .ﬁ% &'—‘ #E'g #ﬂ@; g % #E; W E
WE =28 =S =28 =g R g
2 £g 28 £ =5 & =X 8
2 5§ w2 38 %% DA 5
S S 73 2
i k) B
g
£
&
A
B 1 XTUF AHPND %& A S A A9 10 AN ERAE(E AR G M s 1A

Fig.1 Heatmap of the correlation between the 10 most relevant eigenvalues for the incidence of AHPND

EAKIRGHRE A LZM A R4 X {E T 0.4~0.6 Z
b)), AFPAERREEAIOG; SRR T ACP A R %L
Y X EA T 0.2~0.4 Z[A], AS5MHC; 5 PO MR
B XHE K 0.19, LSS AH X,

(5) AR (& b 57K ARGHEE . /KIAIREE . PO, ACP
FILZM ¥ EIEMCHE R R, 5 LZM A R B4 X HE
7 0.49, FHAEFEEEA G ; 5 PO Al ACP AHC R4
SHEAT 0.2~0.4 Z[A], RFGHISE; SRR AR A
IR A R B R HEN T 0~0.2 Z 0], A FHHHE,

(6) /KRN 5 KRN E . PO, ACP Fll LZM #
E—ERENEMEERR, Hd, S5KEIEH
LZM F KRBT EA T 0.2~0.4 Z[A], RFIHIK;
5 PO Fll ACP #l56 R B4 XA T 0~0.2 Z ], Mtk
FHAH

(7)KIEIRE S PO, ACP Hil LZM #H36 R4k 44
SHEXIAF 0~0.2 Z[8], AL,

(8) PO 5 ACP. LZM #& Z B 4 XHE 53 5 A

0.96 F1 0.66, ¥ RiRAHC; 5 ACP fil LZM A FR L
BI4aXTH{E N 0.66, AIRAHIE,
gi LTk, RS XN A RRAEHE P RT 10 (9 P
Hh AN B S5 ARSI e A G, S5 R AR B
KRBT LZM R 2SR BEA G, IR | b B 4
Z WA TR A4 B 4 S TR 9, AR AR 40 BT 5 R A
YT B P R OE, I AE X IR A JR 5 R
e, AR IR G Y AR KA N Sl P B Hh 1 S B B A
s LZM 5L PO F1 ACP BRAHX:, SUFAZNE
FER AR 4 rp G R A G, $hEES PO A1 ACP
SRR RO, Uh P R IR A0 DR A 0 ) A0 S
AT RE SR e ERIEN O N, H LZM . PO 1 ACP
A REAFAE— 2 B PMRIVE FH o 76 S80I A T R 4k Ah AL 4
B R R, MRIE S HUN F Z IR A A G e R X2
BAEATHE, PodemT DUR M AN B B, IR AT
SRR IR & L LZM . KR S SRR
IR B A Sy T A R g 2 %) T 46 s
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Tab.3 Correlation analysis results between parameter factors

B K gy SR SRR TR IR KIS gy TR
Parameters Water Salinity _Bact(?rla \Abr_lom Vibrio in Bacteriain Vibrio in i} PO iz LZM
temperature in shrimp shrimp shrimp water water ACP
K 1.000 0
Water temperature
R Salinity -0.1110 1.0000
W A 40 1 -0.2960° 0.1695 1.0000
Bacteriain shrimp
R A 02816 01975 0.9100™ 1.0000
Vibrio in shrimp
BRI (5 1 —0.2721" 0.3712" 0.4449" 0.6935"  1.0000
Proportion of
Vibrio in shrimp
KA -0.3040° -0.1712 0.6040" 04839 0.1426 1.000 0
Bacteriain water
KA B 0.0882 -0.0521 0.3709" 0.3531"  0.1783 0.2794 1.0000
Vibrio in water
iy A Ak PO -0.0215 043187 0.1686 0.1856 0.2484°  0.0740 -0.18201.0000
PR P Wi R i ACP -0.0822 041077 02295 0.2527 02911° 01297 -0.16820.96101.0000
B LZM 02166 0.6494 04537 04569"° 04962 0.2010° 0.03750.6638 0.6613 1.0000
XGBoost 51

4.4 FMEBHIGE

FIH Deep Forest LA TR By W], &
BT LightGBM (LGB) Al XGBoost (XGB)%§ 2 fh 3t T+
PSR 1 8 B2 21 T 1 SR X A [ ST R - 2 5
AR, JRE RN 5 Deep Forest FUill AR 47
FEB AT, PP ) 24 B 2 BRI [R) vk A s S A £
PO RN AT AT, SR e P f il T X R AHPND &
AR RS AL AR O AR S 56T Python i
HmiE, FEBRFBUEIT .

Deep Forest 5.7 :

from sklearn.datasets import load_digits

from sklearn.model _selection import train_test split

from sklearn.metrics import accuracy score

from sklearn.model_selection import KFold

from deepforest import CascadeForestClassifier

import pandas as pd
LightGBM 5.

import lightgbm as Igb

import pandas as pd

from sklearn.metrics import mean_squared_error

from sklearn.metrics import accuracy_score

from sklearn.model_selection import train_test split

from sklearn.model _selection import GridSearchCV

from sklearn.model _selection import KFold

from sklearn.datasets import load_iris

from sklearn.model _selection import train_test split
import xgboost as xgb

import pandas as pd

from sklearn.model_sel ection import KFold

45 TR R EITF

W55 %2 I8 R R 8 3 ) R AR HE R R 20 A IR, B
WA B R SRS B LZM | SR ARSIRE 5 H
KRG S K. £hEE . ACP. KIRINE . PO FIZK i,
iz HEAR S KB/ INHES , MR 2 B 1) o 24 3 Ak vk
T, 7 1~10 ZEXTEF AHPND Tl gl |
300 A AR N o A R PE A

IR TN S5 R a0 4 s, AR 4 S8 & 5t
T AN [ B B P T %) U o i R AN T, el mT 3k
89.00%. LT Deep Forest ik, SBYEREH 1~8 1)
TR B R B A B 3 g b B i, RIS, Bl e
o, JCAER R BEARE R BN, Hor, U 8 2
TR {14 0 A 7 3% 0 25 (89.00%) , LYK 2 6 4E I 9 Zifie
#1(88.00%), 5 4EFN 10 4ERIAIHERG Ky 87.00%, 2~4
Y R T RN 85.000%, 1 4 A U A % A AT
(73.00%) , 156H] 4k BE 3ot e SO AR S A & IR AR 2%
ATy BTN R R
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Tab.4 Comparison of classification results of different dimension parameter combinations and different algorithms

SHAK SHAE #.9% Algorithms
Number of parameters Combination of parameters Deep Forest X GBoost LightLGB
1 X1 73.00% 83.00% 75.00%
2 X1+X2 85.00% 85.00% 75.00%
3 X1+X2+X3 85.00% 83.00% 75.00%
4 X1+X2+X3+X4 85.00% 83.00% 75.00%
5 X1+X2+X3+X4+X5 87.00% 89.00% 75.00%
6 X1+X2+X3+X4+X5+X6 88.00% 85.00% 75.00%
7 X1+X2+X3+X4+X5+X6+X7 86.00% 83.00% 75.00%
8 X1+X2+X3+X4+ X5+ X6+X7+X8 89.00% 82.00% 75.00%
9 X1+X2+X3+X4+X5+X6+X7+X8+X9 88.00% 83.00% 75.00%
10 X1+X2+X3+X4+X5+X6+X7+X8+X9+X10 87.00% 78.00% 75.00%

e X1~X10 4 FACRER AL . UMADRE . LZM , SMASRE i He . AKIRANEE . 2R . ACP, /KIKIRE . PO K iE .

A

Note: X1-X10 represent bacteria in shrimp, Vibrio in shrimp, LZM, proportion of Vibrio in shrimp, bacteria in water,
salinity, ACP, Vibrio in water, PO, and water temperature, respectively. The same below.

T XGBoost 5.1, SE4ERE 1~10 (158 )
5 T I A 20 3 1 A7 A AR R B8 08 2y, 0 A 78 1)
R Hm i —L0r5E, B 5 YeriAlfE R i
(89.00%), HIKJE 6 ZifRirY(85.00%)., 1 ZEIAY KL
T Deep Forest Bk HMEIHER R = 10.00%, A
83.00%, 10 4 HELF Deep Forest Bk AR 7l i
BRIk 9.00%, & 78.00%, HoKSff B A nl & F MR A 77
BRSEE— L IAUE . 22T LightGBM &3, S84
[~10 FAAR TR A Bff SR AN Bl A 32 1 AR fb T AR Ak, — B
TE 75.00%, FOMNZCRERE . MERREAL, Bz Xt
PEFNARR S, FE 025375 T REAS 38 FH AR A 5% B0 90 1) 5%
AR, 3FPEIEXT LA R /R, Deep Forest H.ik4Er
XX EF AHPND & A8 44 2 i B R PE BB Z2 AL T X GBoost
Fl LightGBM W a4k .

46 BREHH—THE

FRAE 2 50 K - 22 18] 8 AH S 1 43 A 485 SRt — 25 i
VSR , W55 e o AR HE PR 7 AR
T, B UMK S IMAITER B, LZM | ERR
OB 5 H L KRN SR, SRR RSNG4 A
KM KRN /INHES DR 28 B 1) o 4 B A vtk 7 4l
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RAMEM ARG E  AE— R FIAX FXTEF AHPND
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Tab.5 Comparison of classification results of different dimension combinations and different algorithms of screening factors

e SR KL SR A $iik Algorithms
Number ~ Number of parameters Combination of parameters Deep Forest X GBoost LightGBM
1 2 X1+X4 81.00% 82.00% 75.00%
2 3 X1+X4+X5 86.00% 82.00% 75.00%
3 4 X1+X2+X4+X8 86.00% 86.00% 75.00%
4 4 X1+X2+X5+X6 88.00% 85.00% 75.00%
5 4 X1+X4+X5+X6 89.00% 89.00% 75.00%
6 5 X1+X2+X4+X5+X6 87.00% 85.00% 75.00%
7 5 X1+X4+X5+X6+X8 89.00% 85.00% 75.00%
8 6 X1+X2+X4+X5+X6+X8 88.00% 82.00% 75.00%
9 7 X1+X2+X3+X4+X5+X6+X8 89.00% 84.00% 75.00%

B TUMAR Y . AHFSE PR R X1, X4, X5 f1 X6 4L
TR 4 ZEASEAY | RIS A 20 B B0 IR RSB 5 e
IR AN TR AR BE 41> SHOR A T EF AHPND A& A= Tl
ST AR A

5 itig

Deep Forest MU R~ 2T AL Giblan 24 > i
() BEAIL AR AR A SRR 76 | 2 I 4 B ASE AR 11 IR R A
B AT AR RR T KRS UGB 2 AN AE 55 3k
T IR JBE ol 2 90 245 AL P B0, 30 ol 7 B A AR Stk
e RENS AR A o ELEIT, FE PR 1 S Fm
Y U (MRS AR 45, 2019) . L g 2 4 30 67 g 75000
ST (I 5 845, 2018) B S22 W FH o BT STt T
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. ARARDCR 5 Ee . KIRATBEFIERBE 4 DS HORXT X
HF AHPND &A= AT F0 i, #E6f%E R 89.00%.
Deep Forest ik i) F AR R i fff e . TN A4 2R A
FE L XTI AHPND % Az BLAT FRAR 10 52 B 1 17
FHBE o For, BRAA P SRR A 5 ek 2 5 e ko
IF AHPND 2 & 1 F 2R ZE, 5 KR d i A 97
FE—7EAHESE R, AR B S [R50 e S SOULAA 1) S8 )
TR, FREGT R, BEA R AR AR, 5
KA Bl RS 35 NI MO 1 T R, e R UE
KA 1Y S e M R P 5 1R R FIAET S, X 5 AW
45— 5 (Schofield et al, 2021) ., £h ¥ B WAt & H K
AR R WA YA R, R A PR
s A I KBS K PRI, ASIF 9 78 TS 0 v £ BE
RS A HE Y SO S IR AR 2 S 8Ok R
AP, K BN R AR S ol R R R B R
(Karvonen et al, 2010; 5Kkf@ g, 2016), hIEFEHLFE
W, KR SZ SR AR s, s 5 R K ik

DO. pH. & AW Gl 45 & A B 3h A8 b (F 7k B 45
2023). fHIK AR fb a8k sh et , I H 7638 BE
DAL ) 7K A8 A X A A 4 348 R X R ML AR B 8 1) 52 i)
BARH BEA WS, Pearson M/ Hrti KB, 2 H
I Fr) 7K R 5 95 D A A 400 = R R Sk £ 2 T T 2 7
AHSEPERAR o 174 B BB, I 5 L JKAA
R 4 SR & TR E .
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14 IR N T 1Y K B 46 (Larimichthys crocea) 32 %5 4]
B PESER FUEASRL , Horp BP 45 0 25 A5 50 i 3R ik
k5] 81.53%, ZLIBEHE (2013)F FH £ e vk [n I | il
PR ETEAEE T 3 TR IR R S AL R R AR
5% PR 1) R o 0] 984 5% U (eryptocaryoniosis) il
TSR, AP ML AR AR R AR 2R f 35 5] 83.60%.
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Construction of an Early Warning Mathematical M odel for
Penaeus vannamei AHPND Based on the Deep Forest Algorithm

WANG Yingeng?”, YU Yongxiang™?, CAl Xinxin', ZHANG Zheng*?,
WANG Chunyuan®, LIAO Meijie"?, ZHU Hongyang®, LI Hao'

(1. Yellow Sea Fisheries Research Institute, Chinese Academy of Fishery Sciences, Qingdao 266071, Ching;
2. Laboratory for Marine Fisheries Science and Food Production Processes, Qingdao Marine Science and
Technology Center, Qingdao 266071, China)

Abstract

Acute hepatopancreatic necrosis disease (AHPND) is widely prevalent, has a rapid onset,

and has high mortality in shrimp culture, making it a key limiting factor affecting shrimp aquaculture
development in recent years, resulting in massive economic losses to the industry worldwide. Systematic
studies that investigate which factors significantly correlate with the occurrence of AHPND, and further
establishment of a prediction model for the occurrence of shrimp AHPND, are important for preventing
and controlling the disease. In this study, Penaeus vannamei in pond culture were preliminarily analyzed
for the coupling relationship between the occurrence and prevalence of AHPND in shrimps and pathogens,
and for environmental and host autoimmune factors by assessing the environmental factors, pathogen
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abundance, and host hedlth indicators under AHPND incidence. Then, a mathematical early warning
model of AHPND occurrence in pond-cultured P. vannamei was constructed using Deep Forest algorithm.
The occurrence of AHPND and its environment, pathogen, and shrimp immunity factors in pond-cultured
P. vannamei were continuously monitored to explore the relationship between the occurrences of AHPND
in relation to these factors. A total of 18 parameters were assessed, including the air and water temperature,
salinity, pH, dissolved oxygen (DO), ammonia nitrogen (NHz-N) and nitrite (NO,-N) concentrations,
culturable bacteria and Vibrio in water, culturable bacteria and Vibrio in the shrimp hepatopancreas, the
proportion of Vibrio in water and the shrimp hepatopancreas, and the activities of acid phosphatase (ACP),
alkaline phosphatase (AKP), superoxide dismutase (SOD), lysozyme (LZM), and phenol oxidase (PO) in
shrimp muscles. The parameter simulation prediction data based on the P. vannamei AHPND
occurrence-related factor sequence (environmental factor, microbial factor, and shrimp health indicator)
were constructed for the first time. The one-dimensional sequence was mapped into the three-dimensional
space, different kernel functions were selected in combination with the actual classification problem to
compare the model fitting accuracy, and the test algorithm optimized the parameters in the model. A total
of 140 relevant data groups were collected under the same mode, and the groups of additional exogenous
inputs during the breeding process were eliminated. After deleting invalid data, there were 100 groups of
classified monitoring data, including 25 groups of morbidity data and 75 groups of health data. Moreover,
the model was affected due to the dimensional and quantitative differences among different factors. In
order to improve the speed of subsequent experimental training and prediction accuracy, the 100 groups of
training test data processed by the mapminmax function were normalized for data processing. The
relationship between 18 parameters and the occurrence of AHPND in P. vannamei was analyzed using
Pearson’s correlation, and the main influencing factors were further screened using pairwise anaysis
between the factors. Pearson’s correlation analysis indicated that the incidence of AHPND positively
correlated (P<0.05) with salinity, the number of culturable bacteria and Mibrio in the shrimp, the
proportion of Vibrio in the shrimp, the number of culturable bacteria and Vibrio in water, and the activities
of LZM, ACP, and PO in shrimp muscles. The correlation coefficients were 0.350 1, 0.5741, 0.5211,
0.3911, 0.3747, 0.2383, 0.4382, 0.257 1, and 0.228 9, respectively, indicating that AHPND was more
likely to occur with an increase of these parameter values within a certain range. The incidence of
AHPND negatively correlated with water temperature (P<0.05), and the correlation coefficient was
—0.227 9. Moreover, the water temperature, pH, DO, NHz-N and NO,-N concentrations, Vibrio proportion
in water, AKP, and SOD had a weak correlation with the incidence of AHPND (P>0.05). Furthermore,
parameters were removed in the model construction process according to the correlation between
parameters and factors. The occurrence of AHPND in P. vannamei directly and significantly correlated
with seven parameters, including the total number of shrimp bacteria, the total number of shrimp Vibrio,
LZM, the proportion of shrimp Mibrio, the total number of water bacteria, salinity, and the total number of
water Vibrio. The prediction performance of three popular integrated learning method algorithms based on
decision tree, Deep Forest, LightGBM, and XGBoost was evaluated using Python language programming,
and, finally, afour-dimensional vector early warning prediction model based on the Deep Forest algorithm
for the total number of shrimp bacteria, the proportion of Vibrio shrimp, the total number of water bacteria,
and salinity was established (accuracy: 89.00%). Although the prediction performance of the Deep Forest
model decreased somewhat compared with that of the support vector machine model established in this
study, the algorithm was gradually screened out based on the correlation between factors, including the
effects of al factors. It was proven that the Deep Forest model established in this study was the ideal
prediction model for predicting the occurrence of AHPND in P. vannamei among the 10 dimension
parameters tried, and the superiority of the Deep Forest algorithm was also further verified. The results
provide basic data and technical support for shrimp AHPND disease prediction, prevention and control, and
lay atheoretical foundation for further establishment of aquaculture animal disease early warning theory.
Key words Shrimp; AHPND; Early warning mathematical model; Deep Forest algorithm; Python
programming language



