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Introduction: Oral Squamous Cell Carcinoma (OSCC) accounts for approximately 3,54,864 new cancer cases with mortality of approximately 1,77,384 cases worldwide. OSCC is frequently preceded by oral potentially malignant lesions (OPML). Hence, need to be detected early and need surveillance. Many diagnostic adjuncts have been explored for their utility
In screening high-risk patients, however these methods were subjective and required skilled medical practitioners for interpretation. In this study, we report the integration of portable OCT device with automated image processing/deep learning algorithm to reduce the subjectivity in image interpretation Methodology and Results: Patients with oral lesions
underwent routine clinical exam, OCT imaging, and biopsy when indicated. The image analysis pipeline included image pre-processing, feature extraction using 14 deep neural networks (ANN), and classify the images using Support Vector Machine (SVM model)based on histology. A total of 399 sub sites images were captured from 249 subjects (subjects had
multiple sites). The images from the training data set (n=3594) were further, randomly allotted for training (70%) and cross-validation (30%). Densenet201 showed highest accuracy in delineating OSCC and dysplastic lesions. Further, InceptionresnetV2 showed high sensitivity (83%) in delineation of high-grade dysplastic lesions from low-grade/benign/normal
sites. Conclusion: The study validated the efficacy of the robust, portable, low-cost OCT device as a point-of-care device Iin differentiating OSCC, dysplasia and normal/benign oral lesion. The integration of ANN to device decreases the subjectivity and increased the sensitivity of detection of High risk OPML.
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