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Predicting Pseudomonas aeruginosa drug resistance using artificial intelligence and MALDI-TOF-MS®!
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Advances in Artificial Intelligence—Assisted Proactive Prevention and Control of Food Safety
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Abstract Food safety is crucial to global public health. In recent years, new hazards have arisen from changing con-
sumption patterns and novel food sources, alongside traditional threats like foodborne pathogens, mycotoxins, and chemi-
cal residues. The rapid advancement of artificial intelligence (Al) technology provides innovative solutions to address
these challenges. This article summarizes the applications of Al technology in the proactive prevention and control of food
safety, including risk waming, toxicity prediction, rapid detection, and efficient prevention and control strategies. Al in-
tegrates meteorological statistics, mechanistic models, and machine learning algorithms to achieve early waming of risk
factors such as foodborne pathogens, mycotoxins, pesticides, and heavy metals in food. Al also assists traditional toxico-
logical models and incorporates transfer learning to facilitate toxicity prediction and risk assessment of new hazards. Be-

sides rapid detection for food safety and quality, Al also plays a role in high—throughput design and screening of both
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traditional and novel recognition elements such as antibodies and aptamers. In the realm of proactive prevention and con-
trol, Al combines with bioinformatics, molecular biology, and synthetic biology to effectively predict and screen antimi-
crobial peptides, degrading enzymes, and bacteriophages, revealing their antimicrobial and degradation mechanisms. How-
ever, the application of Al in food safety still faces challenges such as insufficient data sharing, standardization, and
handling of multimodal data. With the advancements of technology and evolvement of data sharing mechanisms, Al is ex-
pected to play an increasingly important role in ensuring global food safety and addressing complex and evolving food
safety issues.

Keywords artificial intelligence; food safety; risk early warning; toxicity prediction; rapid detection; prevention and

control



