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INTRODUCTION

* Thyroid nodules are commonly detected by US, but distinguishing benign from malighant nodules remains
challenging due to overlapping imaging features and operator-dependent assessment, making accurate risk
stratification important for biopsy and treatment decisions [1].

This study links RFs with ACR TI-RADS descriptors to create an explainable Al-based framework for reproducible
thyroid nodule classification [2].

ABSTRACT

J This study developed an
explainable ultrasound (US)-
based thyroid nodule
classification (TNC) .
framework by linking
radiomic features (RFs) with
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experts, including four physicians, three physicists, one radiology expert, and one
biologist, refined the feature mappings. A Radiological and Biological Dictionary was
developed to link ACR TI-RADS ultrasound descriptors with IBSI-compliant RFs. These
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Robust Model
Selection

J A total of 5,542 thyroid
nodules from three

multicenter datacets were mappings used first-order, shape, and texture RFs related to TI-RADS findings.
analyzed. RFs were extracted D eera| B[P0t &g |
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multiple machine learning
(ML) models were tested.
SHapley Additive
exPlanations (SHAP) was
used to explain the model

performed for the explainable ML classification task.

Chart 1. Overview of the proposed radiomics-based ML
pipeline for thyroid US image classification.

RESULTS

Table 1 summarizes the proposed radiological and biological

Table 1 provides an overview of the summarized RF dictionary, systematically
mapping TI-RADS semantic descriptors to their corresponding RFs.

o o o o o . . TI-RADS Semantic Descriptor ~ Risk Level Mapped Radiomic Feature(s) Quantitative Signature (Interpretation)
dictionary, linking radiomic features to TI-RADS semantic com_ - I
re S u |tS . ’ Composition Cystic / Spongiform Low Shape: Circularity, Compactness High Value: Indicates round/regular shape.
o Shape: Elongation Low Value: Indicates isodiametric shape.
d e S C r I pto rS . Mixed / Solid Increase d First Order: Entropy Low Value: Indicates heterogeneity. High Value: Indicates complexity
Echogenicity Hyperechoic / Low / Mild First Order: Mean High Value: Indicates high average brightness.
° Isoechoic GLDM: Large Dependence High Gray-Level High Value: Indicates coarse, bright texture.
3 Key radiomic features were Chart 2 presents the performance of the top five models selected

Hypoechoic / Very Mod. / High  First Order: Mean Low Value: Indicates overall darkness.

Hypoechoic GLRLM: Low Gray-Level Run Emphasis (LGRE)  High Value: Indicates dominance of dark texture runs.

NGTDM: Coarseness Low Value: Indicates fine, complex texture.

associated with important using the proposed stability-aware model selection framework,

Shape Wider-than-Tall Low Shape: Elongation (Aspect Ratio)

ACR TI-RADS findings,
including echogenicity,

while Chart 3 shows SHAP analysis demonstrating consistent
feature importance patterns across the best-performing models.

Taller-than-Wide
Margin Smooth

Irregular / lll-defined

Shape: Elongation (Aspect Ratio)
Gradient: Gradient Magnitude. Gradient:
Edge Sharpness

Gradient: Gradient Magnitude. GLCM:

Low Value (< 1): Transverse axis = AP dimension.
High Value (> 1): AP axis > Transverse axis
High Value: Indicates steep intensity change at border.

High Value: Indicates a distinct interface.

Low Value: Indicates gradual/blurred transition.

Contrast, Dissimilarity High Value: Indicates boundary heterogeneity.
. Echogenic Foci Punctate Echogenic High First Order: Kurtosis. High Value (> 3.0): Indicates "peaked" histogram (outliers).
m a rg I n S’ S h a p e’ a n d Foci Filter: Laplacian of Gaussian (LoG) High Response: Detects small bright blobs.
Macroca cifications Variable GLDM: Large Dependence High Gray-Level High Value: Indicates large, bright contiguous zones.
- - Emphasis (LDHGLE)
e C h Oge n I C fo C I e T h e b e St Large Comet-Tail Benign GLDM: Small Dependence Low Gray-Level High Value (> 0.7): Captures small dark dependencies near bright seeds.
. Gray-Level Run Length Matrix Gray-Level Non-Uniformity (GLRLM_GLN) _ 0.050 Artifacts Emphasis (SDLGLE)
model achieved a strong
. . First-Order Range (FO_Range) -0.0803 Extra Trees Classifier +
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Chart 3. SHAP analysis showed consistent feature importance across top models, with texture heterogeneity as the

strongest marker of malignancy. Chart 2. Heatmap illustrating the performance of the top five ranked models across validation and test metrics. Each cell reports
the mean value £ standard deviation for Accuracy, Precision, Recall, F1-Score, and AUC under both validation and test
conditions. Rows correspond to classifier—feature-selection combinations, and columns represent the evaluated metrics. Red

shades indicate higher values, while blue shades indicate lower values.

CONCLUSIONS

This study introduces a clinically interpretable radiomics dictionary and stability-aware model selection
framework that overcomes black-box limitations, enabling transparent and trustworthy thyroid nodule-
risk stratification from ultrasound.
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