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Fig. 2. QUADAS-2 assessment of risk of bias and applicability concerns for the studies included in the review.
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Fig. 3. Distribution of METhodological RadiomICs Score (METRICS) domain scores across the included studies.
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Study TN FP Proportion 95%-Cl Weight
Li 2019a 515 593 - 0.87 [0.84;0.89] 3.6%
Li 2019b 7754 8831 : 0.88 [0.87;0.88] 3.7%
Song 2019a 45 80 —=+=— 0.56 [0.45;0.67] 3.3%
Song 2019b 117 122 P — 0.96 [0.91;0.99] 2.6%
Bai 2020a 195 349 —. : 0.56 [0.50;0.61] 3.6%
Bai 2020b 283 456 — 0.62 [0.57;0.67] 3.6%
Koh 2020a 582 625 [ | 0.93 [0.91;0.95] 3.5%
Koh 2020b 100 160 — 0.62 [0.55;0.70] 3.5%
Koh 2020c 96 160 — : 0.60 [0.52;0.68] 3.5%
Wei 2020 774 826 = 0.94 [0.92;0.95] 3.6%
Zhou 2020 71 84 — 0.85 [0.75;0.91] 3.1%
Wu 2021a 133 171 — 0.78 [0.71;0.84] 3.5%
Wu 2021b 118 171 —— 0.69 [0.61;0.76] 3.5%
Wu 2021¢ 137 170 — 0.81 [0.74;0.86] 3.4%
Zhou 2021 747 826 . 0.90 [0.88;0.92] 3.6%
Chen 2022 169 194 N 0.87 [0.82;0.91] 3.4%
Deng 2022 637 665 : = 0.96 [0.94;0.97] 3.4%
Han 2022 659 709 == 0.93 [0.91;0.95] 3.5%
Kim 2022a 1899 2466 : 0.77 [0.75;0.79] 3.7%
Kim 2022b 280 346 — 0.81 [0.76;0.85] 3.6%
Kim 2022c 112 135 —a 0.83 [0.76;0.89] 3.3%
Tang 2023 264 345 —aa 0.77 [0.72;0.81] 3.6%
Yang 2023 197 247 —- 0.80 [0.74;0.85] 3.5%
Yao 2023a 118 131 — 0.90 [0.84;0.95] 3.1%
Yao 2023b 132 143 P 0.92 [0.87;0.96] 3.1%
Yao 2023c 617 801 - 0.77 [0.74;0.80] 3.7%
Chen 2024 203 271 — 0.75 [0.69;0.80] 3.6%
Feng 2024 920 1010 | 0.91 [0.89;0.93] 3.6%
Wu 2024 79 101 —a 0.78 [0.69;0.86] 3.3%
Pooled specificity (random effects) 21188 < 0.83 [0.79; 0.86] 100.0%

Prediction interval

[0.54; 0.95]

Heterogeneity: 12 = 97.2%, 1> = 0.4612, p < 0.0001 '
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Fig. 5. Forest plot of specificity estimates from studies evaluating machine learning algorithms for the diagnosis of thyroid carcinoma, using either histological or

cytological findings as the reference standard and tested on external datasets.
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Fig. 6. Deeks’ funnel plot for publication bias of studies using histological or cytological findings as the reference standard and tested on external datasets.

classification, demonstrated superior diagnostic performance. In addi-
tion, head-to-head evidence from included studies consistently showed
Al matching or surpassing human readers in AUC, sensitivity, and
specificity, highlighting its ability to reduce inter-observer variability
and enhance diagnostic consistency across centers. The higher accuracy
observed in our analysis likely reflects the ability of machine learning
algorithms to capture complex textural and morphological features

beyond human visual perception, thus improving reproducibility and
reducing interobserver variability. Importantly, this approach is not
subject to the selection bias that may arise when lesions are categorized
solely on the basis of visual ultrasound assessment.

When comparing machine learning performance according to the
reference standard adopted (cytological versus histological findings), no
statistically significant differences were demonstrated. Although slightly






