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Abstract

Objective: To review recent advances in radiomics for diagnostic stratification, assessment of tumor
aggressiveness, prediction of metastasis, and treatment response monitoring in malignant thyroid
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tumors. Methods: A systematic search of domestic and international databases was conducted to
identify radiomics/deep learning studies, systematic reviews, and methodological guidelines. A
comprehensive synthesis was performed focusing on imaging acquisition, segmentation, feature
engineering, validation strategies, and evaluation of clinical utility. Results: The available evidence
indicates that ultrasound- and CT-based radiomics provides incremental value in tasks such as differ-
entiating benign from malignant nodules, predicting occult central compartment lymph node me-
tastasis, assessing extrathyroidal extension, and inferring molecular risk. Multicenter external val-
idation studies suggest that non-contrast CT and contrast-enhanced features can yield transferable
information; however, inter-center protocol heterogeneity remains associated with performance
degradation. Transparent reporting practices and bias-control frameworks were shown to enhance
study credibility. Conclusions: Radiomics has the potential to serve as an effective adjunct to fine-
needle aspiration and conventional imaging. Nevertheless, further refinement is required in terms
of standardized workflows, multicenter prospective validation, model calibration, and assessment
of decision-analytic benefit.
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