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Abstract

In the sales channels of fresh agricultural products, due to the unique nature of these products, a
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strong market information perception capability is required to coordinate the supply chain and
promote its efficient and stable operation. However, significant deficiencies exist in the real-time
integration of market information, particularly in the upstream segments of the supply chain. To
address this issue, publicly available review data across all platforms was leveraged in this paper
to enhance the real-time accuracy of information transmission within the supply chain. The ERNIE
model was used for sentiment analysis of review texts. A set of user sentiment features was ex-
tracted, and feature engineering was conducted based on existing data. Six key features were re-
tained. Subsequently, through Particle Swarm Optimization (PSO), a combination of weights was
obtained to construct an ELM-GBDT ensemble prediction model for demand trend forecasting. The
research results indicate that, compared to single models, the ensemble prediction model signifi-
cantly improves the accuracy of forecasting demand trends for fresh agricultural products. Addi-
tionally, it is found that there is a relatively stable cycle in the demand trends for fresh agricultural
products, which provides valuable insights for procurement decisions and inventory optimization
in the supply chain.
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1. 5|8

AEOR, B SO0 AR B i (N B R R A I EALIZ D IR . 2021 4F 5 Ao VIseigse (b e
FB R T AR 2 MR AR A BRI ILY H5R, KA GTE— DI ™ i LN g4
FIEBLAEAD) , HhE AR AR FE M AR, SR R AL, SRR A B L
SRR AT TR ARV AR B A R A E B IR . AR A LTRSS AL D B A B R B R
(2023 4 b 247 o [E] A 6 B B T A ORI S ) R, 2023 ARA B HLRE A BRI 6427.6 147G, [RIEIG K
14.74%. SULANS, BEERRAEEE BT e, MERENY R, Lol EsA ™ kR Cak
RN TR A AT IL. BT AR SRR L, R AT O O . KR AA
FSAEAN A, S ECE P M EAER R A1 A3 8] By B, AT BB R AT I R ECRES . B
i v BT B A 2UE SR IE R A R T DR AR B R S AR E BN, e D s B B R AE AR SR R, 1T
BERIEERCE .

5 RIS AL N B B h e BB A, ORI SO R e T el
Fey e = 2 2 R A IS R R A5 R S S S X AR B RN B[ 10-[3], WS B SRR 5 Rl A (8]
MR R R [4]. BIRE B3NS b A B BRAR T i R R Ak, (LRGSR A B AL S M HERg 1 J ax i k=
ELAR WM R ) B RS, RLRERS SN BRI I F BB, DI, S5 B e B S HERE
RRIUNEE, FHRAR UMM ST, FEILER S M S ROET ki . BEE I
RIEI R LHADZER L L 6 SIS FE A A S ET S B, DR RAE LT DX i
BT R IK R 550 . Wang (2022) B B FEAE L VPR IR A5 BER AN S 7 B B IR R, K
BLBEHE XV TE BN I3 i, PPIR TS S 77 i B IR IR R KR TR [5]. A4, T4
(2022) B FHAEZEITIE FP VPR e . 15 CL R R S RFAE, DL 129 OB REIR G- AW FUREAS, RELIXEE1Ti8
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FRAEXT 58 B 7 AR T ARG [6] 0 Zhang 2582021t /3 HTTE LRI IR Hh G TS Fe s Fre i B & 72 i
B PRI BANME AN = N 28 IR T8, M TR R TG AY 7], 7 W ERAE(2024) 52 tH— Fh Ak T 7E L4k ™
i VPR SE TR IZIR 7, KL VPR SR R IR OGBS BN H T 4 SR AT (8], R S Ad
FWNZ TR 2 8 Word2Vee S5& 4071, IX 8777 BARE UK R % 2] 7 TR T — € O, (BAE
AEER R SOSCARRS, AR TR SCERRANIR . T SORBAMEA 5 im) . IRk, Bl R B S BOR [ PR
K, FET Transformer F) T Z5iE S5 AR (40 BERT. ERNIE Z5)1E UAK /R Z 2] I H BB A KF
%]/& ERNIE (Enhanced Representation through Knowledge Integration), @it 5| N &R 58 A1 |2 A8 CHE
fift, AE A SO AT 55 R IR 9]

FE RO 5 SR T i) /I, B 50 2 A1 1 50 i Ak BR AN AL A AL B AN [ 75 T« Miguéis 55(2022) 58 8 1 4
BN TR A ) 22 7, FRFR 1 — i T 0000 0 Ak 3 i k2 ) B o A U7 20, BAs A AT R
IR BR[10]. AL, BRI 5201 1) 5 H 17 5k T4k FE KRS S A e /s — 3R S 1m) &ML B A B e 1R 4R R 7
W, TIPSR HIRT TR A A EE H O D st SRS J) SCRF(11]. VR AE A Mann-Kendall I
(] 57 270 T DO ASE 28 0000 DGy P8 AR SR FE g 51y, DAE— B TtV o8 3 JR SR I R SR a3 [12] - 1R /NESE(2022)4E
WO JZ 275 75 &) 8 28 R 2= BT RFAE 704, FIH NARX 754k ARIMA BRI FE AR 1 50 R 42 1
IAS AR, DA Ao 26 e 7 A Y R I TS E[13] PR G 25(2023) 3 T- R I B8 4 i/l XGBOOST
T ELM XA [RIRFAE 73 8 2547 25 A, PN B 3¢ 17 25 <000 B IR AT TV I 7 14] - Y6 I 40 55(2024) 5 T~ VMD-
CNN-GRU-LSTM ZHA M R RS T AT, &5 SRR 3 tH il 2 P 2 I 48 (1 73515 &
FHAE(2024) 42 tH — Pl T 1T BN PP R0 3T SR A 1) et B 3 = AL B 2R S B vis ot PR B B R AT Tl [ 16 o
W 5E A TEd 5N B2 51 04 AR MR OC RAAE A K ZAFERL G 55 HR, AR ks 22 . R,
U IR LT VEAE S H USRS TR R, (AR & 2 1 R SGE S FIE B i, AR OB fAS 2
S Ep

MR TR IR T ARSI 7 i T SR BV AESE MR, H 2 BT rp SCTRBEE SCRRe R, A FE AT Ao J%
I AT as R S O HER B SR A 2R P IS BUE B, I LU E VRN T3 SR TG0 i 7 06 AN 2 o BRI
AR F 5 3dE A OB X5 ) ERNIE S OCA (15 15 B it — Pt e, A, — R — Ry )
TR AR IFFA A G, HAl, g bAEE ™ 5 5 KA et b, {8 HH S BRI M A
Z 0. ik, AR A G BRASR N FA S SRS, B TELIFe 2 & K
SMKREER, WG 2 NIRRT, S 2 NRIE R R A IR, DU =
SRE AT HERA BTN, AT E ML AR 1 s 75 K, (A3 LR BE o 1) 75 SR AR B S I =2

2. AR *®

AR S G R R OB S TINAY,  HE A S B SRS SO B AL BT i, A8 19 S 3 o
AP PP IS RO AR B IE SR, DL AT 45 SRR AR TREALH S AOHSAE(E 1] ELM-GBDT ZH & L8000
A 7 it T SR S REAT T

2.1. HBRHBERIEFE

W FUAH ] BT 2R3 5 B4R 00 ERNIE #8785 RBLALLS (1) BERT BEAUMIEL, Ciat #ER AL i) Lhod B v
SOV R R AR RS I 255 5 B L L SEOR IR SCIRTE,  SENNE ] T SO AR B . R I SRk
A5 i BEALAE TN ZRB BAE KRB SCAS TR ) b2 2038 55 K00, SRR Transformer 4t #3421 LR IRBE
73, SINFIR A LA oA A i S, it U HERS LI I ZR(&] D22 B R SR TE, fa
TR I N 15 1 0 AT 55
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Figure 1. Different masking strategies for BERT and ERNIE
[ 1. BERT #1 ERNIE FEIAERE5ES

BT R SRV SRS 4280, 1)Th 545 A i a8 bn, Wi i

Stepl: H1T—RZWNAFAEL 5L LLHO S A5 I 73 215 0L, BT DA TS SRR 445 IR ) 30K 21 e ) of [
FIE IR R EE R, F R BN 12873 2885 AT I (8] 73 20, R A~ HT R S 1 B85 RAE R — A3,
VL1533 senti_classify_dataset.

Step2: FuitHE HHIRH IE M1E BEE pos num G BECE neg sum, VAKPIFEFAX AR, M
Jr A anr:

pos _num—neg _num

senti _score =
pOS _num+neg _num

LRI T I R IE R AL = AR R pos_num. neg_sum . senti_score. I:H', pos_num- neg sum
J& T4 X Fabr senti_score J& T AT FEHR o

15180 38 PR REVTEAN 18 5 5 S 2 N8 AR, — AT A FH HER 2R (Accuracy)« F§H % (Precision) 7 [A] 2R
(Recall). F1 73%((F1 Score)%, HARARIIT.

TP +TN
Accuracy =
TP+TN + FP+ FN
.. P
Precision = ——
TP+ FP
Recall = P
TP+ FN

F1 Score = 2 x Preclls.lon x Recall
Precision + Recall

Hrr, TP (True Positives) & IEAf PNy IESSIIFEARL, TN (True Negatives) & IEF T A 11 K A EY
FP (False Positives) & i TN N IE 2R FOREAEL, FN (False Negatives) &5 i T N 51 SR I REA S

2.2. ¥ETIE
RAAE TR S8 R IR B 5 40 o o8 BeAR R EE IR R A R A2, AR EAE BRI 2R R, Getp s
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AR S RAS L SRTFIUINE 1o R AR RS RAAEAR I, FRAEATAE . RRIER S S IE PR LRSS0 R A
SCHEFET 5N RUNRHERT AR RHE I PP 3R, iR

2.2.1. $HESTHE
FETRI ) b, TR AR SRR A R, PR R A A — S AT A R S B R A AR (L
Be . FET R HURE, SIS E OWE — RIS THRE . HESRE LA K ZE R 1] 2).

S I e
| > JET—JANREILR
R AR RAILE
MEEE —> LHME FIA
R R
—> ANtk
71 1A 1 B
iERopaEs SO RS

Figure 2. Description of feature indicators and feature derivation

B 2. FHEFEAR RAFAELTHE AR

TR

2.2.2. $HEERE
AR T 38 FH BEATLAR AR HE AT REAE (1 38 005 X — 7 2 2k A P PRI SN o B BLAR AR )R AE i
PP LRI IEAE @R 1), AR @M FE, — T DR s B e fe, I ELAR A Y (v AL e
TERANUARMRA, R AE H M P B0 5 0 P 2 JE AN B SR b R AT i, DS IR AE 7E e S 1 oy
P TTERAR S, e A A AN
1(2)=Yp(ir)-(1- p(ift)) )

e, () A ¢ MR ARG, C KA  p(ie) W A PR £ (R E
SRS T SRR B, R385 T A A 0 T B AT T 3400 15 BB 2 R i
T, DU B TN AR Ok P B O B K, R T B A RN

N
Inportance(j) = %zl (t, j) )
=1

Hrbt,  Inportance(j) AARNFHE j ITEZNE, NIRRT A8, 1(e, /) RRTET R ¢ BAEFIRHE
AT R E H e A Al g kb

2.3. ELM-GBDT 4 8= R & R & E FniEE

2.3.1. ELM & 8= @B R EH N

Huang %5 A7E 2004 R4 H 7 BLAT Pid % =) 55 1) A B2 AT 46 I 48 (ELM) o 1% 05 VEAS T BE1%4R
WA Reik B 4 R/ ME[17]. B ORI EA RIFRZAERE . @RIEITRE/I[18]. i )k BE A /D
MINTTFTA[19]. Bagsl)2 35 m A E A 22 2 BEAL I B, AT 154 1 8 [ A4 4% 3347 B0 T 5 (o e
). % 2 BUA E A] LTS Moore Penrose 1z SRR E . — /MEH 19 ELM B 44 3 Fros.
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Figure 3. ELM extreme learning machine network structure diagram

& 3. ELM #RPRZE SIH 4B L5445

HSHOEFETTH, W3 1, AT PR AE 200 R 28 o e . BENUIRAS AN IE WAL 20t AT S,
5 428 X Rl B 7 R R R A 1 e

Table 1. Description of the ELM hyperparameters
= 1. ELM @& ¥ %

s R activation tanh, relu,huber, gelu, swish
Rl 1 B L [10~100]
FENLIRTS random_state [10~100]
BN S35 alpha [0.001~1]

2.3.2. GBDT £ # = @B RS H M E R i

1o & T 1R 55 B (Gradient Boosting Decision Trees, GBDT) & —Fh3& TR SE M FIEE R 2 i, J@ T
BB S K580, T DUE SOt IR 2 2 AR PE R R . GBDT — A FH — N7 5 1 85 2% 2] 234
RE AT, K H 5 AR IR TOE y, FFAR AT IR ASUE H R R RO T R 22, RT28
m FIEA, THE AT GREE I RR R, A B FE SR T DR 55 5 2 S kAT 100 & B AU 5 2 i AR Y
(k22 , I AR AR 55 2 ) 2% 0 T 45 55 2 1 ) T g5 SN, Sk R A B TE . K RS
FMFHMEBIREE, DABoE s A BN 2 1k 2 4 Bk

BSEGEFR T, W7k 2, MR R SR, 555 ) 8380, AR MR FH IO REAS A9 A AR A A5
R RUR FEAT R, A 5 3738 X0 E Hadad ¥ 77 5 22 RV PAl B2 (1) VR

Table 2. Hyperparameter representation in GBDT algorithm
% 2. GBDT EEFBEHRR

S E TN SYPEFEEE
SR y, learning_rate [0.01~0.9]
BEES e EE 14 n_estimators [100~1000]
TR BLAE FAFEAS LL A subsample (0~0.9]
MR I TR sax_depth (2.3,4,5,6,7.8)
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2.3.3. tHEFHZE
T ELM-GBDT #5854 A= i 7 0y F SR @A TMD 3%, anl&] 4 Fios.

. Data processing Model Predicting
——————————————————————————————————————————— | P LT LRI LR EEEN
CERE :
SN ' BRI |
Data accessing i i v i ‘
i : A o 0] s e ||
| remeg | P ENRIBE Y | :
R o M i e ;
i ety T WREAEE ; ‘ ELM[#% H GBDTH! ‘ |
| PR || ! i i Lﬁ ______ r_J !
| | | | |
v
| BmsR |

Figure 4. ELM-GBDT demand forecasting framework based on feature engineering

[E 4. ET45ETTEAY ELM-GBDT ERFUNAESR

TE 58 FER SR I B AT AR J5 . AR TR A 1 BEBLAR AR T7 12568 I () ReAE Kt AN 186 40 SRR 2
ITIEFE . RN NEAR ST AL, W H A B, AT Z-score IH—A0ALEE, DA R 1) — 5L
PEANAT BV o 422 BRI TR) IS0 4 2500 1) 20 R Ak 4, JLEE B0 8:2. FERARIM BN Br, K 1 A ER
= SIHL(ELM) M 26 RO BE 42 THR SR (GBD TR HEAT YIZR AT,  I%F ELM #1 GBDT RIS H0#AT T
PR .

FERTYFGNEY B, 25T GBDT M1 ELM 3R1GF RTG53, A4 45 AT IMBGRAG e & T 25 5 .t
TA R BAAEKVEREARIL, 2 MU BB AP A AR AR S 5Tk, GBDT @il 4F
1k B Bh 4 FEAE AR T, TSI 8] 7 21 v (1) FE B 158 B ARG i 17 SRR AE 1) R A 20, ELM B AL R
WAL 5 BRI 2 25 A A o e FRORE AN B LG A DR b B e 4 ] AR, A &S SR PT 22 /% GBDT X gk
FERERLA AR LA K BLM S8 2845 R LA i il Rk, WML 2 AMLEY o, Fl o, , &
(RIH G R RL TR 25 FAC A Y (x) -

Y(x)za)1 «GL(x)+a)2~F(x)

oot G, (x) /& ELM b RO BBED B 458, F (x) /& GBDT SRR IS
AR AIICEALL ] PSO SUIEIMAT FURM, LI IRER A F s, AR TR
SHGRATRAL, Bl S BATE
1) SR, BB, MR, 2T SRS A SR
2) WHER L ME S B SO, K MSE E A B R3E R 8
3) ARSI B S SR T B AR AR, I 5 1 S AT L S R b TRk R AL
4y PRSI LA, A 0 AT S R 1 OB R B S

At

2.3.4. HipiEH
A I B EE AR TR Sl XGBoost. XGBoost (eXtreme Gradient Boosting) & — il i &5 (K46 £ $2: T+ vk

HM L, R R A LI, JRE Kaggle A 75 5 IR A28 F T H . XGBoost A2
-6 BE & T B (Gradient Boosting Decision Tree, GBDT) 5%, J8 TN LT —M, @iddE24
5595 IR S — AR ) A8 . Ho O AR R @ IE P A I R ROk A B — N R D) A . NS IR
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S M SEABAL, X L8 PSS i I B DA A AR R R BOR A — AN 5= ) 35 . 7EJ5A GBDT [AEfl Bt
177 ek, BN T IE LRI AR d AR AT . BRR XGBoost T GBDT #EHAT ek, (HR7E LS e (155
o1, GBDT IZRIL AT GELT XGBoost. Tl FiRZELRES R I BE 7+, GBDT 1) AUC {EB& LT XGBoost
[20]o 3 —TEFE RN H S0 2 Had 6 XU = XGBoost JF50A St GBDT SEAF IRUR[21].

3. SCiIES#
3.1. BIRF AR

NI VP 175 B Fn ot £ T A B 7 i 1) 75 SRS VR B P PR, AR SCAf H python € B AR 3R H A fif
A= PR R, DL ARE TR E &R N, FIH python EHL 2023 4F 12 H 1 H~2024 422 H 8 H
PEREE, 133 4043 2585, o HEE WAL 3. ARAE WS FPEIR RN, AN AE R R S 3 2T K
— R OCARVERHE, BT R R R PR B A S A 5 P S (0 T SRERAE A, AR N T A B AT A fif
77 i e SR A .

Table 3. Partially crawled review data

3. BPTEENEYITIL B

Date Content
2023-12-01 09:25:00 & R, Sz !
2023-12-01 10:14:29 EANEERER, WERIFRIE, MR KEETE.

HHZ5E TRy, HIXEERIRAE, RIEAR, WAJERRASZY, EEERRA R
AL AT R R R, HERE RS

2023-12-01 12:55:33 aifiy . WRIFN. WERYT . BELAE. ZELR. WO,

PRI T, B, AR, ASkK, K5, ARG, vE R
AR, P, QRSB B,

2023-12-01 10:02:35

2023-12-01 15:02:44

3.2. RRMFESE

N7 BAIE ERNIE S50 (it ANSCi%E$E BERT FI SVM BB HTIE st LUBRAY, WS TERER, A&
SCAE A ERNIE BEASPEAERAZE . REUERE . A [RI 260 F1 70 B RINITIL 3] 91% A b, HAEAR - RBRTEAR,
HARMGOILA 4.

Table 4. Sentiment classifier performance comparison

4. B ARIERERILL

33 ERNIE BERT SVM
Accuracy 93.70% 91.28% 81.78%
Precision 95.52% 87.31% 92.94%

Recall 91.96% 96.21% 68.78%
F1 score 93.71% 91.55% 79.04%

DK gk f# ) ERNIE SR 5 @G AT /AT AT & M, ERNIE S2l 4 845 6t an e 5. j#id ERNIE #H4T
1B MG W St 45 Rk o, WRIIE BRI R T B A k155 H 1% A8 IR senti_score, 1 neg_sum.
pos_sum F senti_score = Fabntk [ 44 BUIE BRFRFIELE o
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Table 5. ERNIE instance classification results

%% 5. ERNIE £ 532180

Date Comments Result

E%%%ﬁ%#%ﬁ,gﬁﬁﬁm,mﬁwﬁéw,%éﬁ&%%ﬁcﬁﬁﬁﬁﬁﬁ

2022-04-30 B, AEEAEEATAN. B, VRA RS EERG, BEEERR. BFERN—RE 1
v, AFEETE, FEERZZME, KEEMERES, RRE. mEQA%

2023-12-22 BRI R R - 0

20220398 YiEABE, 1R OK, LLSiR)ERE KL TYIREE KR RIGY, MEa—1 T P |

A MM R E BT mRY, R, STA STE .
2022-03-06 WLERARRE R, WUROR VR, A TR R SR I e . 1

Table 6. Partial statistical results after sentiment analysis

6. [RRDITEMIBD GIHERE

Date
2023-12-01 00:00:00
2023-12-02 00:00:00
2023-12-03 00:00:00
2023-12-04 00:00:00
2023-12-05 00:00:00

it

[1,1,1,1,1,1,0,0,1,0,0,0,0, 1, 0]
[1,1,1,1,1,0,0,0,0,0,0,0,0,0,0, 0, 0]
[1,1,1,1,1,1,1,1,0,0,0,0,0,0,0,0,0,1,0,0,0,0,0, 1, 0, 0, 0, 0] 18 10
[1,1,1,1,0,1,1,1,0,0,0,0,0,0,0, 0, 0]
[1,1,0,0,0,0,0,0,0,0,0,1,0,1,0,0,0]

neg_sum  pos_sum

7 8
12 5
10 7
13 4

3.3. $HMETIE

BT EA B B B AL SR, RITRE D R EAT A AR LR AL B, P REZIE A RUE R

AFRAS o 5T B A AR A 3R

3.3.1. $HEFTE

e T A A 7 i 8 SRR S TN A R 1

IR BRI 4L A BR L, 7R O s AR R SE Al AR [BLRI S P IR SR HEAT 78, M 8 ANt

[ ZRAFAE S 3 MEFREBIRFAEA 1 MR RIERRHE, 3t
A 5 Bl ORI 7R S —

Table 7. Feature sets after derivation

= 7. TEERHHESR

LI

12 MYIEHRHIE,

WA 7, Herh IR T 4R

AREER

iR ES

i B
& T —FA LA
J&T— AR LR
J&T A L
T AR
AR
Fem NTERET 3 R
TATERER 1R
HATEAE 1R

week_of year
day of week
quarter
ifholiday
if weekend
holiday before 3d
holiday before_1d
holidat_after 1d
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D

gk
TE 7] i S o pos_num
PRI ES ) 17 A neg_num
LR KRR senti_score
e3P 2 HEBM price

3.3.2. ¥HE%EE

KBNS FR 12 AMEFEEATRAEE BT 5), AR T in) i, 5 L o B R B A P A R AE
LS, B 0.069, HHEBr B ARME 7 s T I BE FIRHE, 53908 senti neg_num .\ pos_num . weekofyear
dayofweek. price F/NAHRFE o

Random Forest Feature Importance

demand 0.160
senti
neg_num
pos_num
weekofyear

dayofweek

price

Feature

holiday_before_1d 0.038

holiday_after_1d 0.031
holiday_before_3d 0.029

ifweekend | 0.026

quarter 0.024

if_holiday - | o019

0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14 0.16
Importance

Figure 5. Random forest importance feature selection

5. BENL AR EE MR EEEE

3.4. BRERSSH

SFHEE PG E] 6 NMRANFFIE, AR LGEAHERIEr. B EE. FfaiERe. L8 T—
SEHRMEILE . ARET—ARRE LR S H B4,

TE M IERE TR AT ARG TR, % 2023 4F 12 H 1 H~2024 4F 2 10 H3t 72 REIEERE R
g8, T UIZ ELM. GBDT 4, KRS H, #2024 4£2 11 H~2024 42 H 28 H ¥
PERMASE, FH TRy,
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Figure 6. Comparison of fit between single model and combined model in training samples
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Figure 7. Comparison of fit between single model and combined model in training samples
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Figure 8. Results of passion fruit demand forecast for the next 15 days
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