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ABSTRACT INTRODUCTION RESULTS: Feature Correlations
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Results: * Model performance evaluated against test FONEL FoNEL FoNEL
* Moderate correlations and external validation datasets Recurrencetype |
® None ® Locoregional ® Metastatic ® New primary

between some foundation

and radiomic features _ _
No clear classification clusters RESULTS: Patient Demographics

Model performance similar

Figure 2 (above). Visualization of radiomic, foundation, and clinical features by t-SNE.

RESULTS: Model Performance Comparison
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