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Cl-Diabetes

c 300k patients with DM
c 500k historical patients

ongitudinal data 1990 onwards:
piochemistry

ohenotypic data

complications

mortality

prescribing data (encashment)

SCI-DC
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The Scottish Care Information — Diabetes Collaboration (SCI-DC) delivers
Information Technology products designed to underpin the Managed
Scotland Clinical Networks for diabetes.
Population: 5,347,600
Number of people with diabetes: 284,122
Crude Prevalence: 5.3%

Since 2002 SCI-DC has been successfully supporting the needs of the Scottish
diabetes community in providing clinical information, support for diabetic
screening services and the provision of data for national and local audit
programmes.

SCI-DC delivers a single core product SCl-Diabetes.
SCI-Diabetes was commissioned and is owned by the Scottish Government.

SCl-Diabetes provides a fully integrated shared electronic patient record to
support treatment of NHSScotland patients with Diabetes. It provides
functionality for both Primary and Secondary Care Clinicians and includes
specialty modules for Paediatrics, Podiatry, Diabetes Specialist Nursing and
Dietetics

SCl-Diabetes is developed, maintained and supported by the SCI-DC
Development Team based in Ninewells Hospital, Tayside.

Statistics are taken from the Scottish Diabetes Survey 2015.pdf




SCI-Diabetes

'If we have one of the best datasets in the world, we should be able to
build high quality algorithms to understand relationships within diabetes
data...’



Initial goals

I. suggest best next therapy / combination of therapies to achieve goals in
multiple domains (hbalc reduction / blood pressure / mortality etc)

Il. predict complications (LLA, CV events)
lil. predict acute complications (hypoglycaemia etc)

Iv. predict diabetes type at diagnosis, identify MODY etc

InnovateUK (Digital Health Technology Catalyst) 1M grant 2018-2021



what Is the next best drug(s) for my patient?
virtual n = 1 drug trial

what drug should | prescribe to give this patient the best chance of having an
HbAlc <60mmol/mol, with a reduction in blood pressure and BMI in 1 year?

taking into account their individual history of:

« HbAlc/BMI/blood pressure

« previously prescribed combinations of drug
therapies

* how previous drugs have impacted on HbAlc /
BMI / blood pressure

¢ sex _

. age stable over time

« ethnicity

L time series




managing time series data - 1
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managing time series data - 2
drug combinations as words - for natural language processing approach

SGLT2

GLP1

month O month 3 month 6 month 12 month 18

MF GLP1_MF GLP1_MF_SGLT2 GLP1_MF

Drug Sentence: MF, GLP1_MF, GLP1_MF_SGLT2, GLP1_MF

|

Embedding, eg: 1, 2, 3, 2

|

input into RNN / LSTM



Recurrent Neural Network (LSTM)
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An unrolled recurrent neural network.
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extracts information from sequence of input
multi-dimensional RNN will learn interactions between input sequences over time

widely used — eg 30% google energy consumption running RNNs



environments used:

Sl dabetes ____, \Q . PTIS

visualisations
etc

psSesnatc
a0

plotSuSetsom




Time Stable Data

age

sex

ethnicity
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standardisation /
normalisation of data

schematic of RNN/LSTM

based classifier

merge

HbAlc

blood pressure (SBP / DBP)

weight / BMI

prescribed drug combination

Time Series Data

standardisation /
normalisation of data

n * (hidden layer)

LSTM

sigmoid activation
function.n=1

outcome of interest

l

sigmoid activation
function.n=1

main output
(probability)

A

(boolean)

auxilliary output

(probability)




Data Input Period Prediction

ﬁ M
HbAlc
. ]
BMI Variable Metric
Drug

Combinations
outcome measure of interest

virtual n = 1 trial approach

add GLP1

predict response



simple problem: which of 4 combinations most likely to reduce hbalc by 10mmol/mol?
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more complex problem: which of 16 combinations most likely to reduce hbalc to <60mmol/mol
without causing weight gain?
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. best combination to achieve HbAlc <60mmol/mol, with reduction in BMI

. best combination to achieve HbAlc <60mmol/mol, with reduction in SBP



aims

simple system end 2018 (hybrid ML / rules based)
CE marking

development within SCI diabetes dataset, but with validation in external datasets
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