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A healthcare technology
company accelerating
medical research and
Improving patient care

Designed by clinicians, focused on patients, powered by Al.
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Genetic

Radiology Prescriptions

Lab results
(e.g. blood tests)

Staffing

DATABASE

Patient Data (vital signs,
blood glucose etc)

Environment

Patient Administration System
(outcomes and diagnosis data)

167 thousand patients
33 million records
linked dataset
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EHR + other
data streams

Predictive model pipeline

(ii) ED 4-hr
breachers

(iii) Hospital
entry point

(iv) Patient
discharge

(i) ED
attendances
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Admissions |  ED Flow Hospital Discharge

Approx. 19% of OUH ED patients not seen within o—
4 Nrs eois207) Javed

Our analysis shows 1 in 5 of breaches potentially
avoidable (i.e., discharged home)

Using ML, we can predict who will be one of these
“avoidable breachers” with > 85% accuracy

lab

Computational

Health
I nformatics




Discharge

There are (very) many wards in the OUH

Hospital managers define 7 main ward types

Can we predict to which ward
a patient will be moved after ED?

The goal Iis pre-emptive allocation
of beds...

lab

Computational

Rasheed
El-Bouri

Test Data Model
SVM ff-NN CL  CL-MAB

Avg. Acc. | 0.14 0.39 0.46 0.52
AUCO 0.50 0.67 0.67 0.67
AUCI1 0.55 0.78 0.78 0.78
AUC2 0.56 0.51 0.56 0.60
AUC3 0.66 0.75 0.75 0.75
AUC4 0.65 0.71 0.71 0.71
AUCS 0.50 0.59 0.63 0.63
AUC6 0.54 0.64 0.66 0.68
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Admissions |  ED Flow Hospital Discharge
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Convolution
Class Proposed model ~ Andreotti et al.”® BatchNorm
Normal  0.76+0.02 0.6940.04 b
AF 0.82+0.01 0.81+0.04 Gamakiion
I-AVB  0.80+0.01 0.7940.03 Batchorm
Yanting Shen LBBB  0.76+0.06 0.800.04 by maxpool

RBBB  0.8740.01 0.8540.02 Convoluton

PAC 0.52 +0.04 0.4140.01 S A

PVC  0.75+0.03 0.6940.06 o :

STD 0.7440.02 0.6940.06 ' Convolution 5 I

STE 0.44-+0.05 0.42+0.06 | BachNom  maxpool |

overall  0.72%0.01 0.6820.05 . |
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1000s mutations

<+— 100,000 isolates =——»
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CTGCATCGAGTGGTCGGCGGTGTGGGCCTCA
ATCCGATCGCATGAGCCGGGAAGGCTATGAA
CGTCCAGACGCAGCAGGACCTCGGGTCCGCC
AGGCGGGCCGTCAGGCATGGTATTTCAACTC
GTCAGAAAAAATGTCGTACTGGCCCACGATA
ATGCGCAGAAACGCCGAGCGCCAGTTCGCGG
AGCGTTCCAAGATTGGCGAGAAGTCTATGGG
ACTTGCAGATCGGGCTGTTCGGCGGCAATCT
AGCCCGGCGGCGATATTTCCAATCCCCTGGC
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