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Research progress on the application potential of artificial intelligence in the
analysis of emerging contaminants in food
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(Science and Technology Research Center of China Customs, Bejing 100026, China)

ABSTRACT: Persistent organic pollutants (POPs), microplastics (MPs), endocrine disruptors, antibiotics and other
emerging contaminants (ECs) are currently major risk factors threatening food safety and harming public health.
Traditional food safety analytical methods face technical bottlenecks in addressing unknown and complex new
contaminants. In recent years, artificial intelligence (AI) technologies, such as machine learning (ML), have provided
a novel and powerful tool to tackle this challenge due to their strong data processing capabilities and excellent pattern
recognition performance. This article elaborated on the prominent advantages of Al technology in optimizing sample
pre-treatment processes, improving instrumental analysis efficiency, constructing screening databases and extracting

confirmatory information in key analytical processes, and assessed its potential applications in the analysis of
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emerging contaminants in food. Despite broad prospects, this field still faced challenges related to data quality, model

interpretability, standardisation and institutional and procedural mechanisms. Overall, Al technology is effectively

promoting the development of intelligent and predictive analysis of emerging contaminants in food.
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Table 1 Comparison analysis of AI optimization and traditional methods in optimizing extraction parameters
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Table 2 Performance comparison of Al peak detection algorithm and traditional methods
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