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BATCHWISE 0.45 (0.01) 0.63 (0.01)
CURRICULUM 0.48 (0.02) 0.63 (0.02)
ST + CURRIC 0.53 (0.03) 0.63 (0.02)
DEEPFM 0.59 (0.01) 0.66 (0.01)
DEEP+CROSSNET 0.58 (0.02) 0.68 (0.02)
AUTOINT 0.57 (0.02) 0.67 (0.01)
DENSENET* N/A N/A
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Clinical care (and much of society) depends on accurately knowing whether a patient has COVID-19

Existing tests (i) take 1-2 days to return a result

(1) identify COVID-19inonly60-70 % of patients who have It (Ates
(r1i1) are | i mted Iin availability, because test
(iv) require scraping cells from the back of the throat, putting the tester at risk

CuRTAL. g
—

Qo 04‘? ne CovID-41 f\\;é
Wood. fests

We set out to produce an Al-based test from routinely-acquired blood tests, and which is
(i) real-time, (ii) high sensitivity (> 80%), (iii) effectively cost-free, and
(iv) requires only a regular blood sample, routinely taken by GPs and for all hospital patients

Co-developed with the Emergency Department of the OUH, we are now applying for funding for
lab  Implementation and in-hospital studies
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