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infrared (Vis-NIR) spectroscopy. Methods Vis-NIR spectra were collected from 420 beef samples, and the TBARS
values were determined experimentally. Different spectral pretreatment methods, feature selection methods and
modeling algorithms were compared to realize the non-destructive and rapid detection of TBARS in beef. Results It
demonstrated that the standard normal variate preprocessing-successive projections algorithm for feature
selection-long short-term memory network model achieved the best performance [R-square of prediction set
(R*p)=0.8378, root mean square error of prediction set (RMSEP)=0.0679 mg/kg, residual prediction deviation
(RPD)=2.4833], outperforming partial least squares regression (PLSR) and extreme gradient boosting
(XGBoost). Furthermore, through the interpretability analysis using Shapley additive explanations (SHAP)
revealed the contribution mechanisms of critical wavelengths, such as 1080 nm and 956 nm, to TBARS prediction.
Conclusion The proposed method offers an innovative strategy for rapid, non-destructive, accurate and explainable

detection of TBARS in beef.

KEY WORDS: thiobarbituric acid reactive substances; deep learning; explainable artificial intelligence; long

short-term memory; non-destructive detection; visible-near infrared spectroscopy
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Fig.1 Changes in TBARS content of beef samples during
different storage periods
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FEALR FEA e KAE/(mg/kg) e/ IME/(mg/kg) SFH{E/(mg/kg) FrifE2E/(mg/kg)
JS8AEI TS 420 0.920 0.066 0.323 0.164
pllEssS 315 0.920 0.066 0.327 0.167
MR 105 0.782 0.100 0.311 0.153
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Fig.2 Raw and preprocessed Vis-NIR spectra of beef samples
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