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ORIGINAL ARTICLE
Quantitative study on autofluorescence intensity in colonic tumors by
autofluorescence imaging and preliminary development of neural network system
for automated tumor classification

Yohei Sawada®”, Manabu Sawaya®, Tatsuya Mikami”
Hirotake Sakuraba”, and Shinsaku Fukuda®?

Abstract The aims of study are to develop a trial neural network system for automated classification of colorectal
neoplasms by using autofluorescence imaging (AFI), and to evaluate system performance.

By using autofluorescence imaging (AFI), comparative study on autofluorescence intensity that was quantified as
interval to submucosa (iTS) among colonic tumors and its surrounding normal mucosa were conducted. In addition,
neural network system for automated tumor classification was developed by attributes including the basic statistical
amount of iTS, tumor location or morphological type. A total of 126 AFI images (low grade adenoma?7l, high grade
adenoma20, mucosal cancer25, sessile serrated adenoma/polypl0) were studied. All the lesions had significantly
higher iTS than its surrounding normal mucosa. Mucosal cancer presented with higher iTS when comparing with
sessile serrated adenoma/polyp. No significant difference in iTS was demonstrated among other lesions. Accuracy of
the trained neural network system evaluated by stratified 2-fold cross-validation was found to be 80.2%. For clinical
use in automated tumor classification, further generalization of the system performance must be required.
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