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Population (‘000) 7,242 23,470
Total fertility rate 1.2 1.8

% population aged 65+ 19.2 15.0
Life expectancy at birth M/F 81.2/86.9 80.4/84.5
Total health expenditure,% of GDP 5.2 9.0
Human development index 0.90 0.93
Per capita GDP (US$) 38,074 44,820

http://hiip.wpro.who.int/portal/portals/O/CountryProfiles
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Public hospitals 42 736
Hospital beds 25,000 60,300
Doctors per 10,000 population 18.3 35
Hospital beds per 10,000 population 34.5 25.7
Health ranking (Legatum prosperity index*) 7 8

*Combines indices of physical and mental health, health infrastructure, preventive care

https://lif.blob.core.windows.net/lif/docs/default-
source/publications/2016-legatum-prosperity-index-pdf.pdf?sfvrsn=2


https://lif.blob.core.windows.net/lif/docs/default
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What are big data?

 Volume: Large scale of data (terabytes or petabytes)
o Variety: Variable format of data (structured, semi structured and unstructured)
* Velocity: Speed at which data are produced, processed, and analysed

e Value: Worth of information to stakeholders and decision makers
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Rumsfeld, J. S. et al. (2016) Big data analytics to improve cardiovascular care:
promise and challenges. Nat. Rev. Cardiol. doi:10.1038/nrcardio.2016.42


http:doi:10.1038/nrcardio.2016.42

Kang MA, et al. Critical Care Medicine. 44(8):1468-1473, AUG 2016



Gilbert FJ, et al. Single reading with computer-aided detection for
screening mammaography. N Engl J Med 2008; 359: 1675-84.



Schaffer AL, Buckley NL, Cairns R, Pearson S.
JAMA Intern Med. Published online July 05, 2016.
doi:10.1001/jamainternmed.2016.2992



https://data.gov.au/dataset/mbs-sample-10pct-1984-gz


https://data.gov.au/dataset/mbs-sample-10pct-1984-gz

Creating networks of health practitioners

 Connect GPs based on patterns ¢ e.g. National Medicare data for
of shared patients 10% of all Australians

— GPs who share patients are more — 2,923 GP communities created from
likely to work in the same practice 25,338 GPs

Number of
shared patients

Ul =—===—-—-—_4J

10

™ Only 1 shared patient - GPs
unlikely to be in same practice



We can explore the impact of different
practice patterns on patient care






Potentially Preventable Hospitalisations

Potentially prevented by timely and effective provision of primary and
preventative care

» |nfluenza and pneumonia = Dehydration & gastroenteritis = Asthma
= Other vaccine-preventable = Pyelonephritis = Congestive heart failure
conditions = Perforated/bleeding ulcer = Diabetes complications
= Cellulitis = Chronic obstructive
= Pelvic inflammatory disease pulmonary disease
» Ear, nose & throat infections * Angina
= Dental conditions = |ron deficiency anaemia
= Appendicitis with generalised *® Hypertension
peritonitis = Nutritional deficiencies

= Convulsions & epilepsy = Rheumatic heart disease

= Gangrene



Cite this article as:
J Billings, L Zeitel, J Lukomnik, T S Carey, AE
Blank and L Newman
Impact of socioeconomic status on hospital use in
New York City
Health Affairs, 12, no.1 (1993):162-173

doi: 10.1377/hlthaff.12.1.162





http:https://flyingblind.cmcrc.com

The APHID Study

= Prospective
cohort of
267,091 people
aged over 45 in
NSW.

= Study entry
2006-2008

= Questionnaire
» Demographics
» Health status
» Risk factors

NSW
Admitted

Patient Data
Collection

= Census of all
hospital
separations in
NSW public
and private
hospitals and
day procedure
centres.

= | inked data,
2000-2013

= N=1,761,178
records

= Claims for
subsidised
medical and
diagnostic
services Iin
Australia

= | inked data,
2004-2011

= N=45,754,339
records

NSW
Emergency

Department
Data
Collection

= Claims for = Presentations
subsidised to 80 EDs
pharmaceuticals  (75% Of NSW
In Australia presentations)

= | inked data, = | inked data,
2004-2011 2006-2013

= N= 34,978,006 = N=586,131
records records

+ Fact of death to 2013



Data linkage

NSW Emergency

Admitted Department
Patient Data Data

Collection Collection

Detailed data for 267,153 people...

... WHO they are
... HOW they have interacted with
the primary health system
... WHETHER they were admitted to
hospital




What factors explain geographic variation in
admission?

Factors amenable to

Socio-demographic behaviour change &

Primary care supply

factors :
disease management
= Number of full time = Education = Healthy behaviours
workload equivalent » Language spoken at » Body Mass Index
(FWE) GPs, per home = Self-reported health
10,000 residents in = Marital status = Number of co-
area = Aboriginal status morbidities
= [ncome = Functional status
= Employment = Psychological distress
= Health insurance
status

= Number of people can
depend on



Area-level supply of full time workload
equivalent GPs and PPH admissions

All 'preventable’ Vaccine-preventable @8 All 'non-preventable’

Quintile 1

(2.6-6.9 GPs) ¢ L ® ® ®
Quintile 2 —a— = O . .

(6.9'7.6 GPS) —— —e— —10— —_— ——
Quintile 3 ——

(7.6-8.6 GPs) - —e— —o— . —— —ol-
Quintile 41

(8.6-9.9 GPS) —o— To— —_— ——
Quintile 5

(99‘1 3.3 GPS) —e— —— — —o—

5 1 2 5 1 2 5 1 2 5 1 2 5 1 2
Adjusted incidence rate ratio, area-level quintiles of FWE GPs per 10,000

= Age & sex adjusted model ® Further adjusted for socio-demographic, health & behaviour

Falster MO, Jorm LR, Douglas KA, et al. Sociodemographic and health characteristics, rather than
primary care supply, are major drivers of geographic variation in preventable hospitalisations in
Australia. Medical Care 2015; 53:436-445



More geographic variation explained by

For which conditions does GP supply explain most variation?

the supply of GP services in area

50

40 —

30

20

10

GP supply does not explain much variation.
Largest influence is for influenza and asthma

-10 —

-20 -

More geographic variation in admission rates

Falster MO, Jorm LR, Douglas KA, et al. Sociodemographic and health characteristics, rather than
primary care supply, are major drivers of geographic variation in preventable hospitalisations in
Australia. Medical Care 2015; 53:436-445



For which conditions do personal factors explain most variation?

! S Geographic variation in admission
due to common chronic conditions
40 | Is largely explained by socio-

demographic characteristics

30

20

10

-10 —

More geographic variation explained by
the characteristics of people

-20 —

N
Ll

More geographic variation in admission rates

Falster MO, Jorm LR, Douglas KA, et al. Sociodemographic and health characteristics, rather than
primary care supply, are major drivers of geographic variation in preventable hospitalisations in
Australia. Medical Care 2015; 53:436-445



Visualising unit record data on preventable hospitalisations, GP
consultations... and other health events

People who had
1 ‘preventable’
hospitalisation

(n=6784) Each row is a person

Each line/dot is a health event over time

Patterns become clear in the position and
density of health events in the plot

Poople who ned e.g. Patients visiting GPs at the time of
preventable

hospitalisations hospitalisation, not at Christmas
(n=1408)

People who had
3+ ‘preventable’
hospitalisations

(n=523)

Calendar year
Falster MO, Jorm LR, Leyland AH. Visualising linked health data to

explore health events around preventable hospitalisations in NSW
Australia. BMJ Open 2016; 6:e012031



Zooming in on the time around preventable hospitalisation

People who had
1 ‘preventable’
hospitalisation

(n=6784)

People who had
2 ‘preventable’
hospitalisations
(n=1408)

People who had
3+ ‘preventable’
hospitalisations

(n=523)

Falster MO, Jorm LR, Leyland AH. Visualising linked health data to
explore health events around preventable hospitalisations in NSW
Australia. BMJ Open 2016; 6:e012031
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SURE hosts virtual project workspaces that are accessed
remotely over encrypted internet connections

Members of a research team have shared access to project
workspaces

Each project workspace has its own security perimeter so data
from different projects cannot be combined

All data are stored on dedicated servers housed in a highly secure
data centre

Movement of data in and out of SURE is carefully controlled via
specially designed software called the Curated Gateway

saxinslilule
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Deductive vs. inductive reasoning

Deductive

information

é
pattern

y
tentative hypothesis

y
theory

Inductive

theory

y
hypothesis

y
observation

y
confirmation



Statistics vs. machine learning

Statistics Machine learning

Focus Formal statistical inference (why)  Prediction (what)
Problem space  Low dimensional problems High dimensional problems
Models Models to explain and predict Network/graphs to train and test
Assumptions Explicit a priori assumptions None (learn from the data)
Distribution Defined a priori Unknown a priori
Fit Fit to the distribution Best fit to learning models
(generalisation)
Language Estimation Learning
Data point Example/Instance
Regression Supervised Learning
Classification Unsupervised Learning

Covariate Feature
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The agreement gives
DeepMind access to a wide
range of healthcare data on
the 1.6 million patients who
pass through three London
hospitals run by the Royal

Free NHS Trust — Barnet,
Chase Farm and the Royal
Free — each year. The
agreement also includes
access to patient data from
the last five years.

https://www.newscientist.com/art
icle/2086454-revealed-google-

ai-has-access-to-huge-haul-of-
nhs-patient-data



https://www.newscientist.com/art
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At e-commerce site operator Etsy Inc., a biostatistics Ph.D.
who spent years mining medical records for early signs of
breast cancer now writes statistical models to figure out the
terms people use when they search Etsy for a new fashion
they saw on the street.

Another 28-year-old at Yelp, with a Ph.D. in applied mathematics;
turned his dissertation research on genome mapping into a

product used by the company's advertising team. The same
genome-mapping algorithm is now used to measure the effect on
consumers when multiple small changes are made to online ads.

http://www.wsj.com/articles/academic-researchers-find-lucrative-work-as-big-data-scientists-



http://www.wsj.com/articles/academic-researchers-find-lucrative-work-as-big-data-scientists
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Data Scientist: The Sexiest Job
of the 21st Century

by Thomas H. Davenport and D.J. Patil

FROM THE OCTOBER 2012 ISSUE




https://lwww.analyticsvidhya.com/wp-
content/uploads/2015/10/infographic
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UNSW MSc in Health Data Science
(commencing 2018)

Health outcomes

gyesatlggqgelivery Cterature Exploration .

Society, Culture BZ:: S e COmputation _
:3ﬁl?nar?;hts E?enagement \[/)ighzlisation Algorithms Rep orting
Evidence-based |management Pre-processing MOd.e!S _ Visualisation
medicine Outlier detection | Decision making Communication




UNSW MSc In Health Data Science: Overview

Who?
— Broad local and international target student base

What?

Context of Health Data Science

Statistical Foundations for Health

Grad Cert

Data Science

Principles of Programming

Management and Curation of

Health Data

When?

Semester 1 2018

Grad Dip MSc
Health Data Analytics: Machine Dissertation Capstone
Learning and Data Mining
Health Data Analytics: Statistical Elective
Modelling |
Health Data Analytics: Statistical Elective
Modelling Il
Visualisation and Communication of Elective
Health Data
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Benefits of data sharing

Accelerates the pace of discovery

 Promotes open inquiry

o Supports diversity in analysis and interpretation

* Allows results to be replicated or alternative hypotheses to be tested

* Avoids unnecessary duplication of data collection



Barriers to data sharing

Political

e Lack of trust

Legal

* Ownership, IP

* Preserving privacy
Ethical

» Lack of proportionality

» Lack of reciprocity

Technical
e Data not preserved or not found

 Lack of metadata and standards

Motivational
 No incentives
* Opportunity cost

e Potential criticism/embarrassment

Economic

 Lack of resources

van Panhuis WG, Paul P, Emerson C, et al. A systematic review of barriers
to data sharing in public health. BMC Public Health 2014, 14:1144



http://www.booktopia.com.au/http _coversbooktopiacomau/bi
g/9781743529805/1000-piece-jigsaw-puzzle.jpg


http://www.booktopia.com.au/http_coversbooktopiacomau/bi

O'Keefe CM, Connolly CJ. Privacy and the use of health data for
research. Med J Aust 2010; 193 (9): 537-541.



PUBLIC SECTOR
DATA MANAGEMENT




http://www.zdnet.com/article/my-health-record-dumb-and-
useless-australian-privacy-foundation/


http://www.zdnet.com/article/my-health-record-dumb-and

https://i.imgflip.com/18noeh.jpg
http://www.smh.com.au/federal-politics/political-news/


http://www.smh.com.au/federal-politics/political-news
https://i.imgflip.com/18noeh.jpg

‘Five safes’ framework

1. Safe Projects Is this use of the data appropriate?

2. Safe People  Can the researchers be trusted to use it appropriately?
3. Safe Data Is there a disclosure risk in the data itself?

4. Safe Settings Does the access facility limit unauthorised use?

5. Safe Outputs Are the statistical results non-disclosive?

Desai T, et al. Five Safes: designing data access for research. Economics
working paper series 1601. Bristol: University of the West of England, 2016.
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Machine learning

Natural-language

guestion answering



» 4

f
Thank youl!
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