HIRRIZIRAR . Fi%x SR | DATA SCIENCE TECHNOLOGY, METHODS AND APPLICATIONS

Al ey BERT # SCGRIE S B2 Rk 5 i 020
B2 4 AR T 58

SR, TEE
IHBERFHFSSRITFE, 15 RN 221116
DOI:10.61369/ASDS.2026060009

i E : s OO0 EREANRELR, AFITFLERANRARREZERENXBHEER, A, 020 iFLEEHEND
B, BRUSEEMSEER, ERNBZIRE—REZIRBEFRATREDHURMEBIE GERS BEMER
EISENEERR, BERRRRZENLESTIE, H R, ASIRE—FRE BERT Mll&IESEEERE
MENRREZERIARMEE, ZERELFABERT RANARENMIENET, WEERIISTEL; HERBIHE
ERERMEERTFFIHTESRERBIFHEEERE, SMRRERERRENEHENNOHEERCEE, ERER
“S . AR . EBRET EREXBIANEMED; EERABIHERRMESERE5REMSTRNE, SSTR
MIESHI B Eh¥IRl, BF CCF BDCI #21##Y 10000 £ E Sk 020 iFiSHIEEHITIIN ., LRRA: AR BERT
+ Residual Block #=EI7E3IEEE F F1{ERSTX0.9257, B F1{E70.9096, 88F CNN + BERT #1BLSTM +
BERT #EERREN; MAEEEEMEIXE97.5%, AHZIGIENREEN0.0062, RMEERZLENS
e, REERKAERINF1S9EKAR 092, IEHERRESENERS THRRREE, AXRIETREERER
ATISRENSHRINEE NN B, 7 020 R TREREHFUUNEMERH—MSBEARL R, FKHAR
BH—PEIAISPIIREIEIAESSEEHERA, IBRRENERRINEXRIARIREN,

X B @ : KRREEN; O20IiFeaih; BERT; BREMLE; MASH

Research on O20 Food Safety Risk Monitoring Based on BERT Semantic
Representation and Residual Feature Enhancement

Jin Sitong, Li Jianbo’
School of Mathematics and Statistics, Jiangsu Normal University, Xuzhou, Jiangsu 221116

Abstract : With the rapid development of the O20 catering model, user reviews have become a key data
source for identifying food safety hazards. However, O20 reviews have obvious characteristics of
colloquialism, fragmentation, and semantic ambiguity. Traditional machine learning and single deep
learning models are difficult to balance global semantic understanding and accurate extraction of
local fine—grained features during fine—tuning, which easily leads to missed detection of food safety
risk signals. To address the above challenges, this paper proposes a food safety risk identification
model integrating the BERT pre—trained language model and residual network. The model first uses
BERT to obtain deep bidirectional semantic representations of text and construct a global feature
benchmark; then, it conducts multi-scale local feature mining on the hidden state sequence through
stacked residual blocks, alleviates the gradient degradation problem during fine—tuning of deep
networks with skip connections, and enhances the model's ability to perceive risk keywords such as
"foreign objects", "odor", and "pathogenic"; finally, it adopts a feature concatenation strategy to fuse
global and local feature vectors to realize automatic discrimination of risky reviews. Experiments were
conducted based on 10,000 real O20 review datasets provided by CCF BDCI. The results show that
the BERT + Residual Block model proposed in this paper achieves a maximum F1 score of 0.9257
on the validation set and an overall F1 score of 0.9096, which is more stable than the CNN+BERT
and BILSTM+BERT models; the full-scale accuracy of the test set reaches 97.5%, and the standard
deviation of five—fold cross—validation is only 0.0062, showing strong generalization ability and
robustness; the F1 score of the model in risk categories reaches 0.92, which can effectively reduce the
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risk missed detection rate in intelligent supervision scenarios. This paper verifies the effectiveness of
the residual structure in improving the feature extraction ability of pre—trained models, and provides
an efficient technical solution for digital monitoring and early warning of food safety in 020
scenarios. Future research will further introduce external knowledge graph injection and multi-modal
fusion technologies to enhance the model's ability to identify complex ironic semantics.

Keywords : food safety monitoring; 020 review analysis; BERT; residual block; text classification
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