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Results

Five-fold cross validation applied. A set of results including accuracy, F-1
score, precision, recall has been collected. The best test accuracy of
93.64% has been achieved with the fl1-score of 93.64%, precision of
93.66%, recall of 93.65% among the training scenarios.

Abstract

Extracapsular extension (ECE) is a decisive indication for treatment
planning of patients with head and neck squamous cell carcinoma
(HNSCCQC). It is crucial to identify whether ECE occurs for HNSCC patient
treatment.
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patients. A test accuracy of 93.64% has been achieved in terms of patch-
level ECE classification.

Methodology
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task are performed to differentiate ECE vs. non-ECE samples. techniques are competitive among the automated diagnosis methods.
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