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Acknowledgement of 
Country

Health Translation Queensland acknowledges the Traditional 
Owners and their custodianship of the lands on which we meet.

We pay our respects to their Ancestors and their descendants, 
who continue cultural and spiritual connections to Country.

We recognise their valuable contributions to Australian and 
global society.

2



• Data management planning in the early stages of research 
projects

• The importance of documentation for data reproducibility and 
sharing

• Using analytics and Artificial Intelligence to improve healthcare

• Applying appropriate scientific rigor in planning and executing data 
science projects

Agenda



Data management planning in the early 
stages of research projects

The importance of documentation for data 
reproducibility and sharing



• Data Lifecycle

• Early Planning: 
• Protocol and HREA

Data Management Planning

Excluding data 
governance
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Data Lifecycle

1International, D. (2017). DAMA-DMBOK: data management body of knowledge. Technics Publications, LLC.

We are here!



• Start at the protocol!
• A data management plan should be developed as early as 

possible
• Data management considered throughout approval steps
• Guides the data lifecycle throughout the project
• Starting Guide: National Statement on Ethical Conduct in 

Human Research2

• Data Management: Section 3.1.43 – 3.1.49

Data Management Planning

2National Health and Medical Research Council, Australian Research Council and Universities Australia (2023). National Statement 
on Ethical Conduct in Human Research. Canberra: National Health and Medical Research Council.



Key HREA Considerations
• 3.1.43: Agreement of data custodian 
• 3.1.44: How the data is collected, access, used, disseminated and 

disposed
• 3.1.45: Information security agreements to meet privacy risks
• 3.1.46: Researchers to comply with all legal and regulatory 

requirements (data governance)
• 3.1.47: Preservation of biological samples
• 3.1.48: Data, information and biospecimen disposal in legal 

manner
• 3.1.49: Data should be reusable for future research



•Significant resource investment in 
collecting, cleaning and structuring data 

•Data sharing is difficult to navigate in 
health research

•Enable reproducibility within a 
constrained environment

Documentation for Reproducibility



•FAIR Principles3
•Findable
•Accessible
•Interoperable
•Reusable  

Documentation for Reproducibility

3Wilkinson, M., Dumontier, M., Aalbersberg, I. et al. The FAIR Guiding Principles for scientific data management and 
stewardship. Sci Data 3, 160018 (2016). https://doi.org/10.1038/sdata.2016.18



•Using FAIR Principles for Reproducibility
• Identifiers
•Described with Metadata
•Metadata and data accessibility
• Retention of the metadata record

•Metadata and data format
•Metadata linkage
• License
• Provenance information

Documentation for Reproducibility



•ARDC FAIR Assessment Tool4
Documentation for Reproducibility

4FAIR Data Self Assessment Tool | ARDC. (2023, November 22). ARDC. https://ardc.edu.au/resource/fair-data-self-assessment-tool/



•ARDC FAIR Assessment Tool[2]

•Explore the Questionnaire early

Documentation for Reproducibility

4FAIR Data Self Assessment Tool | ARDC. (2023, November 22). ARDC. https://ardc.edu.au/resource/fair-data-self-assessment-tool/



•ARDC FAIR Assessment Tool[2]

•Explore the Questionnaire early
•Assessment:

Documentation for Reproducibility

4FAIR Data Self Assessment Tool | ARDC. (2023, November 22). ARDC. https://ardc.edu.au/resource/fair-data-self-assessment-tool/



Using Analytics and Artificial Intelligence 
to Improve Healthcare

Applying appropriate scientific rigor 
in planning and executing 

data science projects



Motivation: The Australian Health System

Over a Decade (2008-09 – 2018-19)

Health 
Spending

Population
Growth

71%
(raw)
42%
(adj)

17%

Reference: Australia's health 2018, 
https://www.aihw.gov.au/reports/aust
ralias-health/australias-health-2018/ 

https://www.aihw.gov.au/reports/australias-health/australias-health-2018/
https://www.aihw.gov.au/reports/australias-health/australias-health-2018/


Motivation: Australian Patients are at Risk



The Solution – Digital Health

https://www.csiro.au/en/work-with-us/services/consultancy-strategic-
advice-services/csiro-futures/future-health



AEHRC - CSIRO’s National Digital Health Research Program



Health Intelligence @ CSIRO AEHRC

Evidence Based Healthcare

Health System Productivity & 
Operational Decision Support

Clinical Decision Support



Evidence Based Healthcare 
Hospital Access and Patient Flow

Clinical Insights and Reporting

Contributing Statistical Expertise

• Clinical care & treatment pathways
• Reporting and benchmarking

• Bottlenecks and strategies for improving flow
• Workflows and health system KPIs
• ED, inpatient and outpatient patient journeys

• Advanced statistical support for internal and 
external collaborators

63 countries across 6 continents
26,427 patients  across 441 collaborative centres

“A major multi-agency study is underway to 
investigate contributing factors to rising waiting 
times in public hospital emergency departments 
in Queensland, and to help find solutions.

Source: Emergency Medicine Foundation website

Fig:  Reach of the International ECMOCARD collaborative



Operational Decision Support
The Goals

The Research

The Solutions we are Building

• Time series forecasting and machine learning
• Simulation, Optimisation and mathematical models
• Digital twins

• Proactive management instead of reactive
• Data-driven instead of “this is how we do it”

• Predicting demand for services and resources
• What-if scenario-based decision making
• Surveillance, outbreak & aberrance detection
• Optimising outpatient and surgery workflows
• Digital twin of a statewide patient flow control room

Fig:  Next Available Appointment tool developed for trial at Austin Health



Clinical Decision Support
The Goals

The Research

The Outcomes we are Predicting

• High-performance explainable machine learning 
• Predict “patients risk profile” based on outcomes of 

interest (generally adverse) to inform care planning
• Compliance with Regulatory requirements and 

internal Quality Management Systems (QMS) efforts

• Precision decision support at the point of care
• Predictions that clinicians can trust/use

• Preventable hospitalisation in primary care
• Preventable hospitalisations in acute care
• Clinical deterioration (Adults)
• Neonatal adverse outcomes including Sepsis
• Central line associated bloodstream infection (CLABSI)
• Non-alcoholic Fatty Liver Disease (NAFLD) 
• Post-operative Hypotension

Fig: CSIRO rehospitalisation risk algorithm embedded within 
Alcidion’s Miya flow dashboard

Fig: CSIRO’s hospitalisation risk algorithm embedded within Pen CS’s  population health portal



A Typical Health Analytics Project Lifecycle

Discovery

Data 
Acquisition 
and Prep

Model 
Planning

Modelling 
/ Analytics

Communication 
and Shared 

Understanding

Deployment, 
Evaluation and 

Tweaking

A Typical Health 
Analytics Project 

Lifecycle



Barriers:
• Data quality issues
• Poor structural interoperability 
• Poor semantic interoperability 

Consequence: 
• 80% time spent on getting the data ready
• Bespoke model development – i.e. build 

for the specific use case
• Poor transferability/scalability of 

developed solutions

Barriers to Development, Deployment & Scalability

DOB: 02/12/21

Weight: 12.6

Medicine Name: Pyrmont Pharmacy, 
4b/60 Union St, Pyrmont NSW 2009



• Current efforts are               
built for specific use                
– hard to re-use/scale

• You want models that are      
re-usable and scalable

• Solution – a standards-
based approach

Best Practice Analytics and Model Development

Bespoke
Model

Designed for 
specific use

Easier to 
develop / 

deploy

Hard to 
re-use / scale

Relatively
cheaper

General
Model

Reusable
Scalable

Higher
cost

Possibly less 
accurate

More 
complex



• Predictive Algorithm Driven Risk 
Stratification to inform in-hospital care  
and discharge planning 

• 24 Month trial at QLD Metropolitan 
Hospital - April 2018 – March 2020

• Explainable Machine Learning employed 
to help interpret risk scores

• Redeveloped on state-wide data for 
implementation in QLD – June 2021

Use Case: Clinical Decision Support – Acute Care



Patient Cohort Coverage
• 2 hospitals from a lower socio-economic area in QLD
• Include surrounding hospitals
• All QLD hospitals

Admissions of Interest
(Performance measured as Area under the ROC curve)
• All admissions : 80-95%
• All except dialysis admissions : 65-78%
• Emergency admissions : 50-68%
• What else do we remove ??

Response Variable
• 28 days Vs 30 days
• Readmission Vs Emergency Readmission Vs 

Representation to ED Vs Either

Background Work in Risk Stratification

Fig: List of ICD-10 diagnosis codes used to identify chronic disease patients



Cohort : Statewide data for all patients who presented at the 
original 2 hospitals with at least one Chronic Disease admission 
over 5 years

Exclusions : 
• Routine admissions 
• Obstetric admissions
• Index admissions
• Episodes resulting in inpatient death

4 Response Variables :
• RA30  - Readmitted within 30 days
• RA30E - Readmitted within 30 days through ED
• RP30  - Represented to ED within 30 days
• RU30  - Return to hospital within 30 days

3 Algorithms
• Generalised Estimating Equations (GEE)
• Artificial Neural Networks (ANN)
• Random Forests (RF)

Background Work in Risk Stratification

S. Khanna, N. Good, and J. Boyle, “Predicting Unplanned Return to Hospital for Chronic Disease Patients,” 
Studies in health technology and informatics, vol. 227, pp. 67–73, 2016.

Fig: Comparing model performance



What did we predict?
• Unplanned re-admission within 30 days of discharge from 

hospital
• Unplanned ED re-presentation within 30 days of 

discharge from hospital

Research Questions : Does the algorithm:
• Improve the process of identifying patients at high 

risk of unplanned re-hospitalisation?
• Reduce re-hospitalisation rates?
• Provide information to staff not readily available at 

the time of discharge planning?

Next Steps : A Trial

Trial Phase 2 Apr 2019 to March 2020

Mid-Trial Surveys & Focus Group During and at the end of trial

Post-Trial Evaluation Apr 2020 to Jun 2020

Chronic Disease Patient Admitted to Hospital

Risk Score generated overnight

Risk score used by care teams for appropriate 
interventions and care/discharge planning



Web-based Decision Support Tool



Web-based Decision Support Tool



Supporting Clinician Decision Making



Supporting Clinician Decision Making



Cohort: Patients with at least one chronic disease ED 
presentation / hospital admission at any Queensland public 
hospital over 5 years. 

Data Employed: Emergency Presentations (EDC), Inpatient 
Admissions (ePADT), Death data (death registry), In-hospital 
Pathology (Auslab), In-hospital Medications (eLMS)

Unplanned Hospitalisation metrics of interest:
• 30-day unplanned readmission (RA30)
• 30-day unplanned ED re-presentation (RP30)
• 30-day unplanned ED re-presentation (ED discharge) (RP30E)

Hospital peer groups
• Principal referral
• Childrens hospital
• Public acute

Brankovic A, Rolls D, Boyle J, Niven P, Khanna S. Identifying 
patients at risk of unplanned re-hospitalisation using statewide 
electronic health records. Sci Rep. 2022 Oct 5;12(1):16592.

Next Step: Statewide Validation



• Engage and codesign with stakeholders
• Focus on understanding translational needs early on
• Frameworks, Standards and Governance
• Ensure statistical rigor and account for challenges
• Choose the right outcome measures
• Tackle social, ethical and regulatory matters
• Innovation can help resolve traditional challenges
• Value of understanding the domain and data
• Empathise with pain points of problem owners

In Summary: The Path to Value/Impact



Questions ? 

Rudolf Schnetler - Rudolf.Schnetler@health.qld.gov.au
Townsville Institute of Health Research and Innovation

Sankalp Khanna – Sankalp.Khanna@csiro.au
CSIRO Australian e-Health Research Centre


