Weakly supervised lung cancer
detection via label-free microscopy

Siem de Jong!, Marie Louise Groot?, Roel L. J. Verhoeven?, Erik H. F. M. van der Heijden?, Francesco Ciompi!

'Radboud university medical center, Department of Pathology, Nijmegen, The Netherlands
2Vrije Universiteit Amsterdam, Faculty of Science, Department of Physics, LaserLab, Amsterdam, The Netherlands
3> Radboud university medical center, Department of Pulmonary Diseases, Nijmegen, The Netherlands

Data Preprocessing Self-supervised pre-training Classification Evaluation
49 HHGM Tissue ResNet-18 backbone On features 10-fold cross-validation
bronchoscopy cases segmentation with DINO and SImCLR (Bootstrapped) ROC curve
. . CLAM .
Patching ImageNet/random weights Attention maps

Nonlinear microscopy and Al « HHGM can image biopsies in minutes,
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igher harmonic generation microscopy (HHGM) images cells HHGM may improve on rapid on-site evaluation (ROSE)' by
and interfaces, collagen, and elastin in 2D or 3D. The portable decreasing the time needed for analysis and apply Al on a

Microscope can be can be transported to the operating room. digital image on site.
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Self-supervised pre-training with DINOZ seems to CLAM# attention maps highlight patches important for image
outperform SImMCLR3. ImageNet weights can adapt to level prediction, but attention maps are hard to interpret.
HHGM data, but training from random weights is best.
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