Using deep learning on chest CT to track COVID-19 patients
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. H _ CT chest Follow-up Surveillance CTs Figure 8. Kaplan—Meier plots on COVID disease course. Different configurations of COVID3D: (a) 1 prior + 1 follow-up
VISu al p resentation on fO l IOW u p sCans scans; (b) 1 scan only; (c) age and sex only; (d) Radiologist 1 using 1 scan only; (e) Radiologist 1 using 1 prior + 1 follow-up;
(f) 1 prior + 1 follow-up scans (5-fold cross-validation over all validation folds).
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CoViID-19 Viral PNA COVID-19 institutions: (a) Hospital B, and (b) Hospital C.
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