5 16 % 55 1 4] REEMFER Vol. 16 No.1
2025 4 1 /1 JOURNAL OF TROPICAL BIOLOGY Jan. 2025
HEAEYD DOI: 10.15886/j.cnki.rdswxb.20240031
ERN:AR ki

ETHNRFIEEMNEE~E

—/E{/E\EI\‘%]#, Em'§i2737 j‘]Jik'g/g273, %_EEEI,Z, %ﬂ‘ﬁk29 /‘i% %1*7 {EIE‘/_X\ =3
LR R PO AR, i 51 ,570228 R 2. v RGO R E B PG AR B 7 0T, I8 i,
571101 HE; 3. o E#GH AR Bt i 1 SREGns , i 0 ,571101 HED

W OEE TR ) S A AL AT TN, WA SR O TR AS 2 R B R A DR 3R, i R R VI B B
FEM TR G758 B ™ T S5 SR bR R ST HE . B A AR DG 23 A AIZ D (B 5 2y i i i N AR B kAT i ik, 48
Ja R ABERNLARA (RF). CERAENL (SVMD. KIL4E (KNN) A TARZERIZE (ANN) 4 FhiL g o) Sk i ar
BN BTN, R Shapley IAMRRE (SHAP) JEMBMIAL, /KM ENETENESRNER, i
A AT HoXE = BRI . 45 SR B . ANN RS RS F M e fe i, R*9°0.98, RMSE # MAE 435l 4 0. 16
0.10kg « B, TRMMERATRZE . ANNFLAILE 100 FEAKHE & /i 4 R iz S Bk, T/ MRSt REIR 1S
e TR A . EAR SVM BRI S5 1 i R R RS 22 T ANNBERL, (H HAT LA R . KININ T RE R TR F3 00 25 fi
KA, AR ELEFE, HAYATREAR R R IR RS, SHAP X ANN SRS g 45 B ARRE & 0. Tl
R IR . MR I 2 RN E SRR, YRR SRR T 100 mg ke, BURES R
KT 100 mg-kg™, STHAELGEH KT 600 mg-kg™!, ZTHNETEEERT 60 mg-kg™ I X 247 4577 R R B EH .
LT WG . BRI, N AL . RS R AT it S R AR R B R A

KR AR LIRSy PRI HLERS2 S SHAP

FEDZE: S1179;5606 XERFRAERD: A NERE: 1674-7054 (2025) 01-0021-10

I ZE, FUNER, X AKER , 55 . 56 T ML 88 5 51 B0k Wl & #E = i ()] Ao A S 4, 2025, 16(1): 21-30.

doi: 10.15886/j.cnki.rdswxh.20240031

B #E (Musa spp.) JB BRI B 8 KRR AR R
W5 A2 T B B R R K Y, ot 5 DU KO B 1
s R E VRN BRI —, B4 2 3 000 4%
M S, REEATH REY . 25 E (Musa
AMDPENTRE EAR R B Rz —, 5 E RS
FIAE TR 29 /2 A BLAr B b EAE AR 2 R TE
1963 4 MBIV J& 51 33k 2135 7 48 5 7 T D R B
M, HATHERE ) AR PSS B A FiE . iR
BIEIEEAE AR E & KR F R, 22 HHE
FhRE TR AL 249 7 000 hm?, H o 5255 £ 1 28.57%, A1
“RIEEwEY 272K, AR, 2R T RK
KAE, B il ) B R B R, AR &2

UgkS HER: 2024-02-22

60% ~ 80% , pH{E L 6.5 ~ 7.0 N'H , A WL & = 1F
2% VA b, WPV VB VB SEE R LR TR ERK
KT B, fRIE L IEARIR AR AR A B 06 F5 11
FRor YRR IR BEVE I 2 FEE, SR A T AR
re IR SRR A B R D AN R AR
i R I AN W e, S B RUBEAL L ER AU A A 77 2
VAR A5 B R Al EL N v AR AR
A IR A T B R, G A
A AT HFSE IE B [ A AL R R B AR
U, A A AR I T g AR, B B A A b T
R, PR SRR e G R IR )
3 T FE SR W, 6 S IR 39 ] RE R e B AR

&EIHER: 2024-07-01

EEUH: WrEE AT R B AR 3 EH MR TG RO AR I & S57R767 (ZDYF2022XDNY270) ; [E 5
B REPA AR R4 = W 4 Al 0657 (CARS-31-25) 3 “ b [E BB} g AR % 9% 5 171 (1630092022001)

(1998, I, M R F R R MR B i AL o E-mail : 1870168248@qq.com

BIEEE: B (1981—), L, BIE% . WA LI 1 595 0 W F . E-mail : yanbo315@126.com;;
A RS (1981—) , 1L, I 78 53 o W 9007 1)« 35 70 Al R 475 B B, E-mail : heyingdui@itbb.org.cn



22 HoarEY

24 2025 4

Pl G e HL R S

NEAL A T B P R R,
BB A R R R ) AR
S G R . BT R IRTS R E Y P R A
B R K, DA A R R 5T 2k I 2R P A 2R
MR R AL G s b B R O R B
b B ARAS W7 3 K 0 75 5K BRI AL 28 25 ) B 3E T
AU Wl R P B E KENAH, EEE
HFEAE ) P R TR A 08 R I 2 A K
M A TS, HLES S SIFEH A LT
F¢ B TR AR FEAGI , U0 Olivares Z59VF) H 1E A2
i B¢ /N T 53] 43 KT AR B9 T 00 (2 G B A
I K IF 5 Alabi SEUOVR Y A o HE R AL AR B A
Sentienl 2A P2 FG K T ANLI & 70 HE 2 0 20k
T f 2 G 45 A SVM AT R 5092 Tl £2 g A 0K
FE A5 FE AR THUW 1) &9 22 5 Chaudhari A1 Patil ™ & 81
55 B0 SVM L KNN AR 2= DL B S0 A0 L, 4R
BT R B R A 29 1) TR B N v A, R ET IR
92%. T JLHE, WL a2 I W ITF LR B A T 75 86 77 &=
(R T, AR R A 3 AP R R A T
MLR . ANN 7 857 5 Fl A B0 fH 2 L 38
AHBIARZ — eI BH7 R, 8
SRVE 2 HLAS 2% 21 BIEAA P9 B 7 10 RV Ak T A2
ARG M, R A ] (X S Ty v
W FHAE VAl 4 R B B, IR 3 ke s I
T 9K B R 2 4 AT T WAE, A E 2 RR
PELST BLES S ) R 7V R T RO AR R
AN T AR R ) T B 5 PR 2R T O R B R 4
4. Shapley IV i BE (SHAP) X A% 2 8 3 1k i fit
TSI N SR B R R . SHAP Y5 H Shapley
1B, A B IRAE 000 TR R T 508 B 518 Bir B Ui
AR bR TR . H AT, SHAP B2 32 B
F T WL 5 ST B BEAR, 0k Bt 2 A HRkiE .
Jones Z5EP01 R B SHAP fi# Bt XGBoost 575, KL%
MR AL = 5 7 W B K (1) R38R T VA BE & 42 07 AR
Ji 3R ZE 22 et Al L, B VA R B AR R A e ik
B R 5 R R AEOC, 1205 R 7 5 R O OGS
Attia ZEPU5] F SHAP f# B¢ 337 & [6] 4 F1 XGBoost 5.
e, R BUTIIN R K 77 RN 2K R 1Y) B B AR R
B R AR I A RS K& 3 MUK L FETE
B P A o M O PR S AR RE B 2R
2205 FH SHAP fift B RF X GBoost .SVM I ANN 4 Ff

BLES 27 3 B, I 4 PiAsE B 15006 43 0 S A e A
BV AR A ST b X 2 R I .

H A, ¢ T8 877 &2 7 1 IS 5 2] FE R
AU b A ik T, T T A B B AR B R X
WA RS B AR K B — B A A TR b
R B T, A T S e A sy, @i
W 5E 1 P 48 VI B B A R IX R SR B A o, A
3. RF.SVM.KNN Fl ANN 4 F #1288 22 >] 7= & T
Y 15 B B A 57 42 7 T A Y, &5 S L AR
2 YRR R 7 VR A8 s B AL P R B R
PR (R, LR O i R VR A B B B R s AR
"’ES%E,

1 BIRERIESWMREE

11 BERE KRR XRET 2022010 %
2023 4F-5 H , RAEH S T R B EIE E (19°23'N—
20°01'N, 109°45'E—110° 15'E) 2 77 B 77 [X, 3L 3k
B ROR B HE 163 4. WIRHIR O 2 ¥ R
TR A E R . RIS REER
0 ~ 20 cm = 135, KA, I H b 77 150 €
53, 104 1 78 5 (SBD) . pH 1H . A HLF (SOM) .
Bl fif 80 CAND A R CAP) 33 2040 (AKD A B0
(AS) A #1145 (ACa) « 32 e PR BE (AMg) 3 208k
(AFe) « XL (AMn) « 5 2 (ACw A &% 8
(AZo) 13 Fp 3@ Ve FE A . 7 sl v 4 1
AL A B I & 3 Pk B A A T e A R
FEASRAE S 220 B R 45 20 GPS Ml sE Fd sk .
LR AR R T AT S AR AR A A
12 mm A10.149 mm J& Je W Jii . A i 75 25 EH 48
A4 FH A 52 T . pHAEL AN R SR FH KR 3L e
BLVE s A WL 0 52 SR P 25 6% I A R A — A I A4
Vs DA 2R DN SR FE BRUAR A 55002 5 A A8 P )
K AL R e — B BR DT LL (03 5 SR L 32 e
A5 R A B M A U o R FH TR B IR A — L R
H 5B TR RS IS GERT s A 2O I E SR A
1 1R 02 B — WL AR & S5 B T A R A e T A
TR Rk A R A R A R B E SR
0.1 mol- L' HCI 12 $& — H J& RS & 46 B 71 K 5 6
TEASCIR S s 25 2 (I s SR A )3
1.2 HEETACIE 7RIS, AN AR AT R
B A F BRI ERAL , X 2 5 B AU T BUE R K
()RR I B SR UK T 0T BB A58/ B R AIE 2O AN T



%13

TUU S T WL S FE TN A 23

XA IR A SR PR S B SR DU AL RO Y, A
YA NS HEAT Fm TR A AR B £t BB 7 2K B
HRNE 1 DL, A ALY ) SR AR 4 PR s PR, AR S
FERS R ST T 48— X g N B AT Z-score hRUEAL
Wb

A58 TR ) S D R AT AR R R, SR IDOG B
AR, XA AT ABEARASE AR A B2, (R A B )
iR, A B T PR R A T PR RE , B 40 A T
B AT T HIAH A 23 A 5l B 5 7 B . 3
FH SR B, P8 S 25 [ Ui R Y 5 7
A7 M OC X A B, o R TR B T G AR A R

588, [F) IS R4 R ) T e

1.3 MNERMESEERZE ALKRET
R 4.3.1 4w FE 3R 55 F 1) mlr3 £0, 528 RF.SVM . KNN,
ANN H52 3 o 2 5 I 25 1 204 B X 2 o I 25 4
(709%) FIPAREE (30%) , Fo ISR B FH A% 18 2R
F5 3748 I AIE SRS S L S 5 GR D, FEAE
F B A8 2 B0 W 2 LI s Y, 7 X 4R
TR RURS BT Rz A e fig o AN 5 AT A2 3k
177 5 AR (AR Y RELRD (T IR iR
72 (RMSE) P34 28 %} 15 22 (MAE) F T PP Al 45 4 3%
KGR

*1 BEEBSHEMERRIMER
Tab.1 Model hyperparameter grid search results

#8Z %0 hyperparameter

FHLTEH] Optimization range

wARHE S EL Optimal hyperparameter
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Tab. 2 Selection of model variables by stepwise regression analysis

AR & Variable Z2 Coefficient PAE P value VIF
TR AK 0.569 0.000" 1.099
A4S ACa 0.450 0.000" 4.247
TR Z AN 0.451 0.000" 1.101
H Bk AFe 0.060 0.002" 2.181
THEEE AMg 0.068 0.013" 4.480
H %% AMn 0.042 0.009™ 1.592
HWEF AZn -0.038 0.045' 2.162
+ 178 5 SBD -0.004 0.764 1.293
R pH 0 0.982 1.143
THEE WL SOM -0.001 0.973 1.741
350 AP 0.011 0.444 1.247
XU ACu 0.005 0.738 1.578

P+ o R0 5y BRI 0. 01 F10. 05 11 55k F

Note: ** Significant at P<0. 01; * Significant at P<0. 05.
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Tab.3 Model prediction performance summary

n YIZREE Train HLE Test
157 Model
R RMSE/(kg-#£™")  MAE/Ckg-#£™ R RMSE/(kg-#£")  MAE/Ckg- &™)
ANN 0.99 +0.00 0.11 +0.01 0.07 +0.01 0.98 +0.00 0.16 +0.02 0.10 + 0.01
SVM 0.98 + 0.00 0.15 +0.01 0.09 + 0.00 0.96 + 0.00 0.21 +0.02 0.11 +0.01
KNN 0.96 + 0.00 0.20 + 0.01 0.14 + 0.01 0.84 + 0.02 0.42 +0.03 0.28 +0.02
RF 0.97 +0.00 0.18 £ 0.01 0.12 0.00 0.80 + 0.02 0.46 = 0.03 0.31 £0.02

ERELE AR SO ERSEE A 7o

Note: Results are presented as mean + SE.
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Banana yield prediction based on machine learning algorithm

HUANG Sihao"”, WANG Lixia>’, LIU Yongxia*’, JIANG Chengjun'*, SONG Kexin*,

ZHAO Yan', HE Yingdui*’
(1. School of Tropical Agriculture and Forestry, Hainan University, Haikou, Hainan 570228, China; 2. Institute of Tropical

Bioscience and Biotechnology, China Academy of Tropical Agricultural Sciences, Haikou, Hainan 571101, China; 3. Haikou

Experimental Station, Chinese Academy of Tropical Agricultural Sciences, Haikou, Hainan 571101, China)

Abstract: The yield of banana (Musa AA) was predicted based on machine learning algorithm, and an optimal

prediction model and yield influencing factors were clarified so as to provide technical support for the integrated
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nutrient management and yield prediction of banana (Musa AA) in Chengmai County, Hainan Province. The input
variables were screened by correlation analysis and stepwise regression analysis, and then yield prediction
models of banana (Musa AA) were established by random forest(RF), support vector machine (SVM), K-nearest
neighbor(KNN) and artificial neural network (ANN). The models were interpreted by Shapley Additive
exPlanations (SHAP) method to reveal the dominant factors affecting the yield of banana (Musa AA), and the
impact of the dominant factors on yield was quantitatively analyzed. The results showed that the ANN model was
the best for yield prediction with R* being 0.98, and root-mean-square error (RMSE) and mean absolute error
(MAE) being 0.16 kg-plant and 0.10 kg-plant, respectively, and that the prediction value of this model was
basically of no deviation. The error of the ANN model had converged at about 100 samples, and even smaller cost
could also achieve good prediction effect. The SVM model had only slightly lower prediction performance than
the ANN model but had the risk of underfitting, while the KNN and RF models had lower prediction performance
with overfitting, and the errors had not converged under the current sample size. The ANN model prediction
results were explained by the SHAP method as follows: The leading factors affecting the yield of banana (Musa
AA) were available potassium, alkali-hydrolyzed nitrogen, exchangeable calcium and exchangeable magnesium.
When the content of available potassium was greater than 100 mg-kg™', the content of alkali-hydrolyzed nitrogen
was greater than 100 mg-kg™', the content of exchangeable calcium was greater than 600 mg-kg™', and the content
of exchangeable magnesium was greater than 60 mg-kg™, the yield of banana (Musa AA) was promoted. When the
content of exchangeable calcium and magnesium in soil was deficient, the content of available manganese and
available zinc in soil should be increased to alleviate the stress of nutrient deficiency in the banana plantations.

Keywords: banana; soil nutrient; yield prediction; machine learning; SHAP
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