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Machine learning

From Wikipedia, the free encyclopedia

Machine learning (ML) is the scientific study of algorithms and statistical models that computer systems use to effectively
perform a specific task without using explicit instructions, relying on patterns and inference instead. It is seen as a subset of

artificial intelligence.

« Predict outcomes for individuals vs populations

* Access information from complete dataset (TS / text etc)
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? more ambitious use of data resources available



SCIl-Diabetes

>99% population coverage
~120 000 IDs with DM NHS GGC

comprehensive dataset
orimary/secondary care results:
ohenotyping information

HbAlc, BMI, BP, bloods, prescriptions

SCOTTISH CARE INFORMATION
DIABETES COLLABORA'

SCI-DC

Scotland

Population: 5,347,600

Number of people with diabetes: 284,122
Crude Prevalence: 5.3%

Statistics are taken from the Scottish Diabetes Survey 2015.pdf

The Scottish Care Information — Diabetes Collaboration (SCI-DC) delivers
Information Technology products desi to underpin the Managed
Clinical Networks for diabetes.

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.
SCl-Diabetes was commissioned and is owned by the Scottish Government.

SCI-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

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




V.

data context

Large amounts of routinely collected data (RCD) are unused in clinical
decision making

Clinical decisions are largely made on the basis of summary information
(averages / snapshots)

Clinical guidelines are based on randomised controlled trial (RCT) data

RCTs not representative of the vast majority of the real world population
(comorbid, elderly individuals excluded)

RCD (retrospective cohort studies) analyses not highly regarded due to
potential hidden biases etc

we think in RCT-space, but work in RCD-space



V.

overall approach

Tackle the problem of summary data use by constructing analyses that
use time series information

Extend analyses into additional data types (text)

Calibrate RCD cohort investigations to RCT trial data — understand
associations and biases

Explore the effect size of interventions in populations that reflect the real
world (comorbid, elderly etc)



predict the response (effect size within a specified domain) to an
arbitrary intervention in an arbitrary population (or individual)

report effect size in both RCD and RCT-space

- predict optimum therapy choice for an individual / population
(decision support)

- predict at-risk populations for adverse events (decision support)

- Investigate potential for indication expansion for existing therapies
(trial design)

- Investigate sources and size of hidden biases




CASE 2 CASE 1

CASE 3

58 y male

Type 2 Diabetes - 8y duration
No other diagnoses

HbAlc 67

/3y male

Type 2 Diabetes - 3y duration
COPD

HbAlc 67

80 y female

Type 2 Diabetes - 20y duration
COPD, Psoriatic Arthritis, Ca Breast
HbAlc 67

Increasing complexity

More like real world

Less like evidence / guidelines
Harder clinical decision making



58 y male

Type 2 Diabetes - 8y duration
No other diagnoses

HbA1c 67

CASE 1

Case 1l

clinical context simple

actual decision making remains difficult

guidelines (in DM at least) ambiguous / open

fine for specialists — not so much for generalists / primary care etc

theme 1 drug response prediction in diabetes:
(virtual n=1 drug trial)
myDiabetes|Q

related projects — DeepMind collaboration / similarOme



Innovate UK (Digital Health Technology Catalyst) way
1M grant 2018-2021 digital health

Funding competition

Digital health technology catalyst 2017 round 1

UK businesses can apply for a share of up to £8 million to speed up development of new digital technology
healthcare solutions.

Competition opens: Monday 31 July 2017
Competition closes: Wednesday 11 October 2017 12:00pm

Competition: Digital Health Technology Catalyst 2017 Round 1
Project Title: MyDiabeteslQ
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Fig. 2 Glucose-lowering medication in type 2 diabetes: overall approach

ADA/ EASD, 2018

GLUCOSE-LOWERING MEDICATION IN TYPE 2 DIABETES: OVERALL APPROACH

10 AVOID
CLINICAL INERTIA
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DPP-4i (if not on GLP-1 RA)
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¥
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Consider the addition of SU* OR basal insulin:

« Choose later generation SU with lower risk of hypoglycaemia
« Consider basal insulin with lower risk of hypoglycaemia’

GLP-1 RA and/or S6LTZi, choose ) )
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1. Proven CVD benefit means it has label indication of reducing CVD events. For GLP-1RA strongest 5. Low dose may be better tolerated though less well studied for CVD effects contraindicated or patient already on
evidence for liraglutide > semaglutide > exenatide extended release. For SGLT2i evidence 6. Choose later generation SU with lower risk of hypoglycaemia GLP-1 RA, cautious addition of:
modestly stronger for empagliflozin > canagliflozin. 7. Degludec / glargine U300 < glargine U100 / detemir < NPH insulin , s L

2. Be aware that SGLTZi vary by region and individual agent with regard to indicated level of 6FR 8. Semaglutide » liraglutide > dulaglutide > exenatide > lixisenatid * SU* « TZD* « Basalinsulin
for initiation and continued use 9. If no specific comorbidities (i.e. no established CVD, low risk of hypoglycaemia and lower

3. Both empaglifiozin and canaglifiozin have shown reduction in HF and reduction in CKD priority to avoid weight gain or no weight-related comorbidities)
progression in CVOTs 10.Consider country- and region-specific cost of drugs. In some countries TZDs relatively more

4. Degludec or U100 glargine have demonstrated CVD safety expensive and DPP-4i relatively cheaper

eibojoiaqelq

Davies, Melanie J., et al . 2018. Diabetologia 61 (12): 2461-98.



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

eg what drug should | prescribe to give this patient the best chance of having an
HbA1lc <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




Methods — general approach

predict
HbALe
blood pressure
Hoalc (I g
BMI
blood pressure
mortality risk
BMI
: complication risk
drug history
age
ethnicity
sex etc

known information per individual

test conditions

output




raw data

|

cleaned time series data

v

interpolated TS data

pre-processing

standardisation

!

neural network

!

classification output

data analysis / prediction

assess output vs ground truth

|

assess output vs established
method

output analysis /
performance assessment

Workflow



managing time series data — numerical data

/

hbalc
™~

sbp
//

decoded_bmi[160, |

time




managing time series data — prescription data

2017-06-30, Lantus 100units/ml solution for injection 3ml pre-filled SoloStar pen (Sanofi),6.1.1.2 12017-06-21,Metformin 50@mg tablets,6.1.2.2

2017-89-15,NovoRapid FlexPen 180@units/ml solution for injection 3ml pre-filled pen (Novo Nerdisk Ltd),6.1.1.1 ,2017-06-21,Gliclazide 80mg tablets,6.1.2.1

2017-05-08, Levemir FlexPen 1@0units/ml solution for injection 3ml pre-filled pen (Novo Nordisk Ltd),6.1.1.2 ,2017-03-24,Gliclazide 80mg tablets,6.1.2.1

2017-06-30,Humalog KwikPen 1@0units/ml solution for injection 3ml pre-filled pen (Eli Lilly and Company Ltd),6.1.1.1 ,2017-03-24,Metformin 500mg tablets,6.1.2.2

2016-12-05,Gliclazide 80mg tablets,6.1.2.1 ,2017-02-21,Gliclazide 8@mg tablets,6.1.2.1

2017-09-15,Levemir FlexPen 1@@units/ml solution for injection 3ml pre-filled pen (Novo Nordisk Ltd),6.1.1.2 ,2017-06-14,Pioglitazone 30mg tablets,6.1.2.3

2017-05-08,NovoRapid FlexPen 100units/ml solution for injection 3ml pre-filled pen (Novo Nordisk Ltd),6.1.1.1 ,2017-04-28,Vildagliptin S@mg / Metformin 85@mg tablets,6.1.2.3
2017-04-04,NovoRapid FlexPen 100units/ml solution for injection 3ml pre-filled pen (Novo Nordisk Ltd),6.1.1.1 ,2017-04-07 ,Metformin 50@mg tablets,6.1.2.2

2017-04-04, Levemir FlexPen 1@@units/ml solution for injection 3ml pre-filled pen (Novo Nordisk Ltd),6.1.1.2 ,2017-04-07,NovoMix 30 FlexPen 1@0units/ml suspension for injection 3...,6.1.1.51
2017-08-01,NovoRapid FlexPen 100@units/ml solution for injection 3ml pre-filled pen (Novo Nordisk Ltd),6.1.1.1 ,2017-83-09,Sitagliptin 1@@mg tablets,6.1.2.3

2017-06-30,Gliclazide 80mg tablets,6.1.2.1 ,2017-04-24,Gliclazide 8@mg tablets,6.1.2.1

2017-03-086,NovoRapid FlexPen 1@@units/ml solution for injection 3ml pre-filled pen (Novo Nordisk Ltd),6.1.1.1 ,2017-01-30,NovoRapid Penfill 1@@units/ml solution for injection 3ml ...,6.1.1.1
2017-03-06,Levemir FlexPen 1@0units/ml solution for injection 3ml pre-filled pen (Novo Nordisk Ltd),6.1.1.2 ,2017-01-06,Gliclazide 8@mg tablets,6.1.2.1

2017-06-30,Metformin 850mg tablets,6.1.2.2 ,2016-12-16,GlucaGen Hypokit 1mg powder and solvent for solution for ...,6.1.4.0
2016-12-15,GlucoGel 40% gel original (BBI Healthcare Ltd),6.1.4.0 ,2016-12-15,GlucoGel 48% gel original (BBI Healthcare Ltd),6.1.4.0
2017-01-3@,NovoRapid Penfill 1@@units/ml solution for injection 3ml cartridges (Movo Nordisk Ltd),6.1.1.1 ,2016-11-22,Gliclazide 8@mg tablets,6.1.2.1

2016-11-04,NovoRapid Penfill 1@0units/ml solution for injection 3ml cartridges (Novo Nordisk Ltd),6.1.1.1 ,2017-01-06,Metformin 858mg tablets,6.1.2.2

2017-01-30, Lantus 1@0units/ml solution for injection 3ml pre-filled SoloStar pen (Sanofi),6.1.1.2 ,2017-04-28,Pioglitazone 3@mg tablets,6.1.2.3

2016-11-22,Metformin 850mg tablets,6.1.2.2 ,2017-02-28,Glipizide 5mg tablets,6.1.2.1

2017-04-24,Metformin 850mg tablets,6.1.2.2 ,2017-89-27,Glipizide 5mg tablets,6.1.2.1

2017-04-24,Gliclazide 80mg tablets,6.1.2.1 ,2017-01-09,GlucoGel 40% gel original (BBI Healthcare Ltd),6.1.4.0

2016-11-04, Lantus 10Qunits/ml solution for injection 3ml pre-filled SoloStar pen (Sanofi),6.1.1.2 ,2017-03-07 ,Metformin 85@mg tablets,6.1.2.2

2016-11-22,Gliclazide 80mg tablets,6.1.2.1 ,2016-11-14,FreeStyle Optium testing strips (Abbott Laboratories Ltd),6.1.6.@
2016-12-16,GlucaGen Hypokit 1mg powder and solvent for solution for injection (Novo Nordisk Ltd),6.1.4.0 ,2016-12-08,Metformin 50@mg tablets,6.1.2.2

2017-03-07,Gliclazide 8@mg tablets,6.1.2.1 ,2017-04-10,Humulin M3 KwikPen 1@@units/ml suspension for injection 3ml pre-filled pen (Eli Lilly and Company Ltd),6.1.1.51
2017-05-31, Lantus 100units/ml solution for injection 3ml pre-filled SoloStar pen (Sanofi),6.1.1.2 ,2017-86-21,Gliclazide 88mg tablets,6.1.2.1

2017-91-06,Gliclazide 8@mg tablets,6.1.2.1 ,2016-11-14,Metformin 50@mg tablets,6.1.2.2

2017-04-18,NovoRapid Penfill 10@units/ml solution for injection 3ml cartridges (Novo Nordisk Ltd),6.1.1.1 ,2017-05-22,Gliclazide 80mg tablets,6.1.2.1

2017-06-30,Gliclazide 80mg tablets,6.1.2.1 ,2017-04-24,Gliclazide 80mg tablets,6.1.2.1

2017-03-87,Gliclazide 80mg tablets,6.1.2.1 ,2017-04-24 ,Metformin 50@mg tablets,6.1.2.2

2017-03-06,NovoRapid FlexPen 1@0@units/ml solution for injection 3ml ...,6.1.1.1 ,2017-01-26,Metformin 50@mg tablets,6.1.2.2

2017-03-06, Levemir FlexPen 100units/ml solution for injection 3ml pr...,6.1.1.2 ,2017-01-26,Gliclazide 8@mg tablets,6.1.2.1

2016-11-84,NovoRapid Penfill 1@@units/ml solution for injection 3ml ...,6.1.1.1 ,2016-12-21,Metformin 500mg tablets,6.1.2.2

2017-01-25,Lantus 10@units/ml solution for injection 3ml pre-filled ...,6.1.1.2 ,2016-12-21,Gliclazide 8@mg tablets,6.1.2.1

2017-08-17,Gliclazide 8@mg tablets,6.1.2.1 ,2016-12-19,Metformin 5@@mg tablets,6.1.2.2

2017-05-24,Gliclazide 80mg tablets,6.1.2.
2017-04-25,Gliclazide 8@mg tablets,6.1.2.
2017-03-28,Gliclazide 80mg tablets,6.1.2.
2017-02-27,Gliclazide 80mg tablets,6.1.2.
2017-02-02,Gliclazide 8@mg tablets,6.1.2.
2017-01-10,Gliclazide 80mg tablets,6.1.2.
2016-11-16,Gliclazide 80mg tablets,6.1.2.

,2017-10-24,Pioglitazone 3@mg tablets,6.1.2.3
,2017-10-24,Vildagliptin 5@mg / Metformin 85@mg tablets,
,2017-08-14,Vildagliptin 5@mg / Metformin 85@mg tablets,
,2017-88-14,Pioglitazone 3@mg tablets,6.1.2.3
,2017-83-03,vildagliptin 5@mg / Metformin 85@mg tablets,6.1.2.3
,2017-83-03,Pioglitazone 3@mg tablets,6.1.2.3
,2017-01-11,Pioglitazone 3@mg tablets,6.1.2.3

6.1.2.3
6.1.2.3

PRRRER R R R

2017-07-19,Gliclazide 8@mg tablets,6.1.2. ,2016-11-12,Vildagliptin 5@mg / Metformin 250mg tablets,6.1.2.3

2017-02-24,Humulin M3 KwikPen 10@units/ml suspension for injection 3ml pre-filled pen (Eli Lilly and Company Ltd),6.1.1.51 ,2017-06-14,Vildagliptin 5emg / Metformin 850mg tablets,6.1.2.3

2017-81-84,Metformin 50@mg tablets,6.1.2.2 ,2016-11-08,Pioglitazone 3@mg tablets,6.1.2.3

2017-01-04,Humulin M3 KwikPen 1@@units/ml suspension for injection 3ml pre-filled pen (Eli Lilly and Company Ltd),6.1.1.51 ,2016-12-30,Vildagliptin 5@mg / Metformin 850mg tablets,6.1.2.3

2016-11-14,Metformin 50@mg tablets,6.1.2.2 ,2017-05-17,NovoRapid Penfill 10@units/ml solution for injection 3ml cartridges (Novo Nordisk Ltd),6.1.1.1
2016-12-05,Humulin M3 KwikPen 18@units/ml suspension for injection 3ml pre-filled pen (E1i Lilly and Company Ltd),6.1.1.51 ,2017-05-17,Levemir Penfill 1@@units/ml solution for injection 3ml cartridges (Novo Nordisk Ltd),6.1.1.2
2017-02-28,Metformin 50@mg tablets,6.1.2.2 ,2017-05-17,NovoRapid Penfill 10@units/ml solution for injection 3ml ...,6.1.1.1

2017—81—38,Metfﬁrm?n 508mg tablets,6.1.2.2 ,2017-05-17,Levemir Penfill 1@@units/ml solution for injection 3ml ca...,6.1.1.2

2017794—24,Metf0rm}n 50@mg tablets,6.1.2.2 ,2017-03-08,NovoRapid Penfill 1@@units/ml solution for injection 3ml ...,6.1.1.1

2017-04-24,Metformin 50@mg tablets,6.1.2.2 ,2016-12-22,NovoRapid Penfill 10@units/ml solution for injection 3ml ...,6.1.1.1

2017-64-10,Humulin M3 KwikPen 108units/ml suspension for injection 3...,6.1.1.51 ,2016-12-22,Levemir Penfill 1@@units/ml solution for injection 3ml ca...,6.1.1.2

2017-03-27,Metformin 500mg tablets,6.1.2.2 ,2017-03-08,NovoRapid Penfill 16@units/ml solution for injection 3ml cartridges (Novo Nordisk Ltd),6.1.1.1
2017-02-28,Metformin 50@mg tablets,6.1.2.2 ] L ,2017-03-08, Levemir Penfill 1@@units/ml solution for injection 3ml cartridges (Novo Nordisk Ltd),6.1.1.2
2017—82—24,Humu11n.M3 KwikPen 1@@units/ml suspension for injection 3...,6.1.1.51 ,2016-12-22,NovoRapid Penfill 10@units/ml solution for injection 3ml cartridges (Novo Nordisk Ltd),6.1.1.1
2017-01-30,Metformin 500mg tablets,6.1.2.2 ,2016-12-22,Levemir Penfill 1@@units/ml solution for injection 3ml cartridges (Novo Nordisk Ltd),6.1.1.2
2017-01-04,Metformin 50@mg tablets,6.1.2.2 ] L ,2017-06-15,NovoMix 30 FlexPen 1@@units/ml suspension for injection 3...,6.1.1.51

2017—81—84,Humu11n.M3 KwikPen 10Qunits/ml suspension for injection 3...,6.1.1.51 ,2017-86-15,Metformin 500mg tablets,6.1.2.2

2016-12-08,Metformin 500mg tablets,6.1.2.2 ] L ,2817-01-25,Sitagliptin 100mg tablets,6.1.2.3

2016-12-85,Humulin M3 KwikPen 1@@units/ml suspension for injection 3...,6.1.1.51 ,2017-01-24,Glipizide Smg tablets,6.1.2.1

2017-03-27,Metformin 500mg tablets,6.1.2.2 ,2016-12-13,Glipizide 5Smg tablets,6.1.2.1
2017-03-27,FreeStyle Optium testing strips (Abbott Laboratories Ltd),6.1.6.0 ATE 119 B2 £1%3m2 o2 da Ema +ahlate £ 1 9 1



managing time series data — 3
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 -> numerical vector

|

input into RNN / LSTM



age

sex

Time Stable Data

ethnicity

A

standardisation /
normalisation of data

merge

schematic of neural network classifier

HbAlc

blood pressure (SBP / DBP)

weight / BMI

prescribed drug combination

Time Series Data

input layer

standardisation /
normalisation of data

n* (hidden layer)

v

v

max pooling

v

sigmoid activation
function.n=1

outcome of interest

A

sigmoid activation
function.n=1

main output

(probability)

(boolean)

auxilliary output
(probability)

v

fully connected layer

v

output layer




runin period test period

G ——————————————————————————————————————— < —
HbAlc
ser
BMI

Combinations

outcome measure of interest

€g

change in HbAlc
change in SBP
change in BMI

(or time-point standardised values for regressor version)

training data structure



HbAlc
SBP
BMI

Drug
Combinations

runin period test period

test drug 1
predictions test drug 2

€9 test drug 3
change in HbAlc

_ test drug 4
change in SBP

change in BMI

(or final values for regressor)

using the model to predict response



training, validation and withheld test sets

Original Set

Training

Testing

Training

. Validation

Testing




nn output vs logistic regression predicting mortality at 3y

HbAlc TS vs HbAlc median / CV

8 year runin analysis : outcome: all-cause mortality at 3y

Sensitivity

1.0

08

06

04

02

0.0

1.0

05
Specificity

nn output
AUROC 0.6

0.0

o

08

06

04

02

0.0

T
05
Specificity

logistic regression
AUROC 0.51

0.0
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target = gradient of line



probability of HbAlc reduction >10mmol/mol at 1y n = 1450 (initial HbAlc >60mmol/mol)
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Insight from text data



| te UK &
Red Star Consulting from Glasgow: sharing
£9m investment from @UKRI_News through

free-text entries

Digital Health Technology Catalyst, part of Embedding
government'’s #IndustrialStrategy.
Congratulations! : ow.ly/OYdN300eZ9Y
#ISCF #NHSX

(trainable dimensionality reduction)

CNN
bidirectional RNN

Clinically significant outcomes

— eg

SNG b | s, mortality
readmission
4Retveets 10lkes @122 Je @~ D DG O HbAlc




101 ROC curve

True positive rate
0.4 0.6 0.8 1.0

0.2

0.0

£ Initial results - 3 year runin analysis
- Target: 1y mortality
AUROC 0.63
ROC curve
g (current best performance 0.76)

False positive rate



input features

demographic data

numeric categorical TS

numeric continuous TS

categorical TS

text

training targets

mortality

hospital admission

HbAlc

Blood Pressure

BMI

final output

optimum drug
(per domain)



what will the output look like?



Timing of information delivery

Ad hoc
- at time of consultations / other clinical contact
- On request
- via SCI diabetes frontend

‘Surveillance’ analysis: tackle therapeutic intertia
- batch analysis: custom group / clinic / population level
-? 3/6/12 monthly
- lead to prompting of prescription change if seems beneficial
- ?ultimately opt-out / automatic prescribing approaches



Most granular

Detall of level of risk per domain (HbAlc / mortality etc)

Treatment options in detail — likely effect of each treatment on
each domain

Best option drug / combination

\4

Least granular / summary data / action points



Various levels of possible output at individual level:

A B C D A+B A+C A+D
HbAlC 75 78 82 87 76 78 86 granu|ar pred|ct|on
BP 140 135 154 143 134 132 145 detail
BMI 26.4 28.2 27.3 31.3 32.2 28.2 24.2

HbAlc: drug A

v
BP: drug A+C domain
BMI: drug C+D recommendations

Mortality: drug A+C

usedrug A+ C single recommendation




73 y male

Type 2 Diabetes - 3y duration
COPD

HbA1c 67

CASE 2

Case 2

clinical context slightly more complex
no good evidence to guide management
forced to extrapolate from multiple (siloed) disease area guidelines

but — many examples in the real world.
can we use the examples within RCD to explore treatment options, and
relate this to current evidence

theme 2 RCD / RCT calibration
Extend in RCD to multimorbidity and map to RCT space



RCD data:
TRIAL SERIES A

RCT data:
TRIAL SERIES A [ - .
re-creation
Y \
observed effect . . observed effect
) bias analysis )
size size
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| ]
\ ]
1 ]
\ )
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\ 1
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/
/
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= Calibration _
black box

recreation of trials in real world data
exploration of bias and generation of calibration tool




A Comparison of Approaches to Advertising Measurement:
Evidence from Big Field Experiments at Facebook*

Brett R. Gordon Florian Zettelmeyer
Kellogg School of Management Kellogg School of Management
Northwestern University Northwestern University and NBER
Neha Bhargava Dan Chapsky
Facebook Facebook

September 23, 2018

Abstract

Measuring the causal effects of digital advertising remains challenging despite the availability
of granular data. Unobservable factors make exposure endogenous, and advertising’s effect on
outcomes tends to be small. In principle, these concerns could be addressed using randomized
controlled trials (RCTs). In practice, few online ad campaigns rely on RCTs, and instead use
observational methods to estimate ad effects. We assess empirically whether the variation in
data typically available in the advertising industry enables observational methods to recover
the causal effects of online advertising. Using data from 15 US advertising experiments at
Facebook comprising 500 million user-experiment observations and 1.6 billion ad impressions,
we contrast the experimental results to those obtained from multiple observational models. The
observational methods often fail to produce the same effects as the randomized experiments,
even after conditioning on extensive demographic and behavioral variables. In our setting,
advances in causal inference methods do not allow us to isolate the exogenous variation needed
to estimate the treatment effects. We also characterize the incremental explanatory power our
data would require to enable observational methods to successfully measure advertising effects.
Our findings suggest that commonly used observational approaches based on the data usually
available in the industry often fail to accurately measure the true effect of advertising.

Gordon, Brett R., Florian Zettelmeyer, Neha Bhargava, and Dan Chapsky.
n.d. “A Comparison of Approaches to Advertising Measurement: Evidence
from Big Field Experiments at Facebook.” SSRN Electronic Journal.
https://doi.org/10.2139/ssrn.3033144.



http://paperpile.com/b/nvhjYH/809S
http://dx.doi.org/10.2139/ssrn.3033144
http://paperpile.com/b/nvhjYH/809S

RCT data:

RCD data:
TRIAL SERIES A [ »| TRIAL SERIES A
re-creation
v \d
observed effect : : observed effect
i bias analysis )
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Calibration

black box

extension of trial into new (eg comorbid) population
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extended RCD data:

TRIAL SERIES A

- extension into new
population

Y

observed effect
size




RCT data:

TRIAL SERIES A [

y

observed effect
size

bias analysis

Calibration

black box

apply calibration to express results in RCT space

.

RCD data:
TRIAL SERIES A
re-creation

y

extended RCD data:
TRIAL SERIES A
extension into new

observed effect
size
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predicted effect
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80 y female

Type 2 Diabetes - 20y duration
COPD, Psoriatic Arthritis, Ca Breast
HbA1c 67

CASE 3

Case 3

clinical context much more complex
no good evidence to guide management

forced to extrapolate from multiple (siloed) disease area guidelines
this time — not so many examples in the real world.

? can we use generative techniques to develop multiple unobserved
examples of the rare class

theme 3 generative techniques to augment RCD

related projects — synthetic datasets, rare class identification



requirements for synthetic data generator

« generate multi-dimensional time series data

 reflect distributions of individual parameters

* Include interactions/associations between parameters over time

 allow training models on synthetic data that will perform well on real data



Potential applications of synthetic data generator

synthetic data generation
- upsampling rare classes
- potential to help with another problem — data sharing

rare class identification - difficult as small sample size to work from (but
may be confident in label accuracy)
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Differentially Private Generative Adversarial Network

Liyang Xie!, Kaixiang Lin!, Shu Wang?, Fei Wang?, Jiayu Zhou!
!Computer Science and Engineering, Michigan State University
“Department of Computer Science, Rutgers University
3Department of Healthcare Policy and Research, Weill Cornell Medical School
{xieliyan, linkaixi}@msu.edu,sw498@cs.rutgers.edu,few2001@med.cornell.edu,jiayuz@msu.edu

ABSTRACT

Generative Adversarial Network (GAN) and its varian
cently attracted intensive research interests due to th
theoretical foundation and excellent empirical performa|
erative models. These tools provide a promising direc|
studies where data availability is limited. One commg
GAN:S s is that the density of the learned generative d
could concentrate on the training data points, meanin,
can easily remember training samples due to the high 1
plexity of deep networks. This becomes a major con
GAN:Ss are applied to private or sensitive data such as p:
ical records, and the concentration of distribution m|
critical patient information. To address this issue, in thi
propose a differentially private GAN (DPGAN) model, iy
achieve differential privacy in GANSs by adding carefull
noise to gradients during the learning procedure. We
orous proof for the privacy guarantee, as well as comyj
empirical evidence to support our analysis, where we d.
that our method can generate high quality data points
able privacy level.

CCS CONCEPTS

« Computing methodologies — Neural networks; «
systems organization — Neural networks; « Securi
vacy — Privacy-preserving protocols;

KEYWORDS

Deep Learning; Differential Privacy; Generative model

arXiv:1802.06739

REAL-VALUED (MEDICAL) TIME SERIES GENERA-

TION WITH RECURRENT CONDITIONAL GANS

Stephanie L. Hyland™*

ETH Zurich, Switzerland
Tri-Institutional Training Program in Computational Biology and Medicine, Weill
stephanie.hyland@inf.ethz.ch

Gunnar Ritsch
ETH Zurich, Switzerland
raetsch@inf.ethz.d

Cristobal Esteban™
ETH Zurich, Switzerland
cristobal.esteban@inf.ethz.ch

ABSTRACT

Generative Adversarial Networks (GANs) have shown remarkable success
framework for training models to produce realistic-looking data. In this worl
propose a Recurrent GAN (RGAN) and Recurrent Conditional GAN (RCGA
produce realistic real-valued multi-dimensional time series, with an emphas|
their application to medical data. RGANs make use of recurrent neural netw
(RNNs) in the generator and the discriminator. In the case of RCGANS, bo
these RNNs are conditioned on auxiliary information. We demonstrate our m
in a set of toy datasets, where we show visually and quantitatively (using sa
likelihood and maximum mean discrepancy) that they can successfully gen
realistic time-series. We also describe novel evaluation methods for GANs, W
we generate a synthetic labelled training dataset, and evaluate on a real te
the performance of a model trained on the synthetic data, and vice-versa
illustrate with these metrics that RCGANS can generate time-series data u
for supervised training, with only minor degradation in performance on req|
data. This is demonstrated on digit classification from ‘serialised’ MNIST ar|
training an early warning system on a medical dataset of 17,000 patients fro
intensive care unit. We further discuss and analyse the privacy concerns that]
arise when using RCGANS to generate realistic synthetic medical time series
and demonstrate results from differentially private training of the RCGAN.

Privacy-preserving generative deep neural networks support clinical data sharing
Authors: Brett K. Beaulieu-Jones', Zhiwei Steven Wu?, Chris Williams®, Casey S. Greene’*

'Genomics and Computational Biology Graduate Group, Perelman School of Medicine, University of
Pennsylvania, Philadelphia, Pennsylvania, USA.

*Computer and Information Science, School of Engineering and Applied Sciences, University of
Pennsylvania, Philadelphia, Pennsylvania, USA.

*Department of Systems Pharmacology and Translational Therapeutics, Perelman School of Medicine,
University of Pennsylvania, Philadelphia, Pennsylvania, USA.

*To whom correspondence should be addressed: csgreene@upenn.edu

One Sentence Summary: Deep neural networks can generate shareable biomedical data to allow
reanalysis while preserving the privacy of study participants.

Abstract: Though it is widely recognized that data sharing enables faster scientific progress, the sensible
need to protect participant privacy hampers this practice in medicine. We train deep neural networks that
generate synthetic subjects closely resembling study participants. Using the SPRINT trial as an example,
we show that machine-learning models built from simulated participants generalize to the original dataset.
We incorporate differential privacy, which offers strong guarantees on the likelihood that a subject could
be identified as a member of the trial. Investigators who have compiled a dataset can use our method to
provide a freely accessible public version that enables other scientists to perform discovery-oriented
analyses. Generated data can be released alongside analytical code to enable fully reproducible
workflows, even when privacy is a concern. By addressing data sharing challenges, deep neural networks
can facilitate the rigorous and reproducible investigation of clinical datasets.

arXiv:1706.02633

https://doi.org/10.1101/159756




real time-series data synthetic time-series data
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differential privacy inhibits data leakage

« quality vs security tradeoff
« privacy budgets
e computational limits



Machine Learning model(s)
ensemble approach, with
appropriate weights assigned to
each model
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Machine Learning model(s)
ensemble approach, with
appropriate weights assigned to

each model

Y

predict
therapeutic
response

SClI diabetes data

THIN

CPRD

RCD (real world
data)

-

RCT data

N

data
augmentation

Y

Y

tool

decision support

augmented RCD

O\

calibration
analysis

-

in silico trials

i

_/

\

bias analysis

Theme 1
Drug response prediction

Largely application / implementation problem

Theme 2
RCD / RCT calibration / bias analysis

Application + methodological problems

Theme 3
Generative techniques / synthetic data

Largely methodological



predict the response (effect size within a specified domain) to an
arbitrary intervention in an arbitrary population (or individual)

report effect size in both RCD and RCT-space

- predict optimum therapy choice for an individual / population
(decision support)

- predict at-risk populations for adverse events (decision support)

- Investigate potential for indication expansion for existing therapies
(trial design)

- Investigate sources and size of hidden biases
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