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Research on predictive model for edible agricultural product inspection
results based on multidimensional spatiotemporal risk feature engineering

YU Xue-Mei"

(Sanming Inspection & Testing Center for Product Quality, Sanming 365000, China)

ABSTRACT: Objective To establish a machine learning predictive model based on multidimensional
spatiotemporal risk feature engineering for forecasting the results of supervisory sampling inspections of edible
agricultural products. Methods Using supervisory sampling data for edible agricultural products from Fujian’s
prefecture-level cities between 2022 and 2024, information on product type, sampling location, sampling site and
production date were systematically integrated. Multidimensional spatiotemporal risk feature engineering was applied

to process the dataset, constructing 6 kinds of new features to form a novel dataset based on the original data. The 3
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kinds of mainstream binary classification prediction models were applied to forecast inspection outcomes using the

processed data. Results Across all 3 kinds of mainstream models, the multidimensional spatiotemporal risk feature

engineering method demonstrated superior predictive performance compared to traditional sampling methods.

Specifically, the combination of multidimensional spatiotemporal risk feature engineering with light gradient

boosting machine (LightGBM) achieved the best overall performance on the test set samples, with an AUC of 0.845,

Recall of 0.881, G-mean of 0.741 and misclassification costs of 8561. Conclusion Compared to traditional

sampling methods, multidimensional spatiotemporal risk feature engineering enhances the model’s ability to capture
pling methods, multid 1 spatiotemporal risk feat g g enh; th del’s ability to capt

complex risk patterns, leading to a comprehensive improvement in predictive performance. The LightGBM model

based on multidimensional spatiotemporal risk feature engineering can accurately predict the inspection results of

edible agricultural products, providing technical support for formulating differentiated, dynamic supervision and

inspection plans and risk early warning systems for edible agricultural products.

KEY WORDS: edible agricultural products; multidimensional spatiotemporal risk feature engineering; light

gradient boosting machine; predictive model
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Table 1 Parameter configurations of the 3 kinds of models
] SRR
RF n estimators=200; max depth=15; min samples split=10; min samples leaf=5
LightGBM n estimators=200; max depth=10; learning rate=0.05; num leaves=31; min child samples=20
XGBoost n estimators=200; max depth=8; learning rate=0.05; min child weight=5

1.3 BTG ERR

BT 43 25 (B B Ak 1 B X L2 2 > IR A AR R
FEEENE M, PHETER 26 B EESY W 43 287
AT SRS Y . FEAR G R m i b, — R A %
N EEEEAMERE AL TR bR, (HHX TR A6 5 o
FEPR BB AN, M SN BRAR A S WA AR B A 1 A R
Ao TEAPHPECE 3 AT 55, DECRHEASGE /N T 280
AR, T B R PR RE I JE At b, FE OB
IIRIERA, AT REHIE A D ECRFEAER U ok o Pl
AWFFRIEFE T — LGS S AP SR 43 28 ) A PR A 5 5,
{035 AUC {H . Recall, G-mean {P®, Hh, AUC {H Rk
F TAEHHIE 28 (receiver operating characteristic curve, ROC
k) F R, RefS A A AR R X /38 JT; Recall A
GARFEA B A [ 5, T fUPP AL B R AR AR I R H e
G-mean B2 B AGHEAEA TR RE ) FIAE R BE Ot
BRAEA RPN RE ) B L-, BERSPEA IR # E T
Bl 2EbEne. Jioh, AR AHEHE A T k55 A
BRCL, B B GRANE M REA) AR 1, BB (A
ANEIEREAYVRAN 50, LIl 55 ABR 3 B (A AL o v 2238
1 55 AR RS ] BRIEAS G A FEASER A ke, DL AN
G REEA IR 1 UK o TTHRAIL(13)~(15):
TP

Recall= (13)
TP +FN
G-mean:\/ TP X ™ (14)
TP+FN TN+FP
b 55 A =1xFP+50xFN (15)

P TP FEESEA N A GG, TSSO A GA% IREAR
B TN SR ESEEA A, TSSO S M AR FP
N EEEREA R G, TONES RO ARG R BREA KL FN O H
FLREA NG, BUNEE R A% A REA KL

1.4 FIBEAIE

izJ1] WPS Office 12.1.0 BAFGET T3 & AR ™ il i)
FEEE, 7 Python 3.12.6 FRIE I A £ FHART™ il 2%
AT Y BT IR MRS TH t WPS Office 12.1.0
Ve, BOTIEREEIRET Python 3.12.6 1 Matplotlib A i

2 HERE5HR

21 BARFHBMEER
2.1.1 RE&HAEART R IEER
2022—2024 AF 4@ A4 H T g% B A b G

75763 #tik, HAREMEHA & 2558 #ik, BEAE
ANy 3.38%, FEIRE AR MR AT, MR
BRI A S8 5 (14.48%), Hd EZAGH
MR ISR BRI AE 2R 22 L INZh 58, TR
A RS R HEA 55— (11.67%), Hrh EE ARSI T
EKERMMUTIE , BFRWE S, T KRR
RS B ks SHE 2 45 = (6.80%), Horb R G A% 1 $ify
RIS KSR SR S Z5 B . MRS . 2R 45 KR 2SR
¥, GEEHE . EEBREEAGBEASHE, WE 2, F
FOX B FAR 7 S RS G R AR I R AT AR TS
oo WA ACZ | WA B B AR . LA A
JnFEE .

&2 TEEAR~RZMEHGLER
Table 2 Sampling inspection results of different varieties of
edible agricultural products
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RS R TG RAEFE RO % Table 4 Sampling inspection results of edible agricultural
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Table 3 Sampling inspection results of edible agricultural
products in different months
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