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1. Check in with Laura: Laura vlogs about her progress. Refe rences

American Cancer Society. (2018). Cancer Facts & Figures 2018.
Atlanta, GA: American Cancer Society, Inc.

2. 3D Slicer Tutorial: Utilize 3D Slicer to characterize lung
nodules in a step-by-step tutorial.

3. 3D Diagnostic: Re-analyze nodules using segmentation and Hussein, S. Cao, K., Song, Q., Bagci, U. Risk Stratification Using

volume rendering in 3D slicer (Fig.7) and compare with 2D 3D CNN-Based Multi-task Learning. (2017) Accepted for
Diagnostic results. publication at Information Processing in Medical Imaging (IPMI)

4. Meet Sir Geoffrey: Video bio of Geoffrey Hinton, the “father 2017 (arXiv:1704.08757)

of deep learning”, and how A.L is used in the real world. National Lung Screening Trlql Resiearch Team et al. (2011).
Reduced lung-cancer mortality with low-dose computed

Evidence of Learning: tomographic screening. New England Journal of Medicine:

Fig. 1. Comparison of similar lung nodules using chest x-rays (left) and LDCT with

segmentation and volume rendering in 3D Slicer (right). Chest x-ray:
(wikimediacommons.org, lange123)
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slicer. Results are compared to 2D x-ray screening diagnostic activity. Buchholz T.A. (2009) Future of Cancer Incidence in the United
States: Burdens Upon an Aging, Changing Nation. Journal of
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