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Real-world data and real-world evidence

Real-world data: data relating to patient health or experience or 
care delivery collected outside the context of a highly 
controlled clinical trial.

Real-world evidence: evidence generated from the analysis of 
real-world data. 



Real-world evidence

Covers a large array of evidence types:
• Disease epidemiology

• Comparative effectiveness research 

• Health service research 

Can be generated from a large range of study designs and analytical 
methods 

May use routinely collected data, bespoke data collection, or both:
• Electronic health records

• Administrative data

• Claims data

• Patient registries



Focus for today

What has been possible?

What is now possible?

Promising possibilities!



What has been 
possible?
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HCH patients had 
higher rates of 
influenza vaccination 
and recording of 
clinical  variables



No differences in 
diabetes or blood 
pressure control

No differences in emergency department presentations, hospital admissions or mortality



No linkage between practice data and administrative data (MBS, PBS, hospital, death)!



What is now 
possible?
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Motivation….

• ~70% of Australian adults have 3+ modifiable risk factors for CVD1 

• From 2019, MBS funds free annual Heart Health Check for people 
aged 45+ (30+ for Aboriginal and Torres Strait Islander peoples)

• In 2023-24, 1.7% of women and 1.4% of men aged 45+ had a GP 
claim for this item (699)2

• Australian CVD risk calculator (AusCVDRisk)3 launched mid-
2023

• Based on PREDICT4 equations developed for NZ

• Not validated using Australian data

1National Heart Foundation. HeartWatch Survey, customised data. 2019.
2http://medicarestatistics.humanservices.gov.au/statistics/mbs_item.jsp
3Australian CVD Risk Calculator, https://www.cvdcheck. org.au/calculator 
4Pylypchuk R, et al, The Lancet, 2018



Methods: study population and outcome

• Data from the New South Wales Health Lumos program
• Primary care EMRs from 680 general practices, linked with 

administrative records for hospitalisations and deaths

• Study cohort: individuals aged 30-74 years on 1 January 2017
• no prior history of CVD

• at least one prior EMR record for a measurement or pathology test 

• Primary outcome: first fatal or non-fatal CVD event in the 
period up to 31 December 2021 (APDC records, deaths)



Methods: predictors

• age
• socioeconomic deprivation
• smoking status
• chronic conditions

• diabetes, hyperlipidemia, atrial fibrillation, asthma, COPD, CKD, depression, 
serious mental illness, other mental illness

• measurements
• BMI, SBP

• pathology results
• TC/HDL, eGFR, triglycerides, HbA1c

• medications
• antihypertensives, lipid-lowering agents, antithrombotics



Methods: models

• Sex-specific Cox proportional hazards models

• 5x2 cross-validation

• Two models presented here:
• Full model using all available predictors (“Full”)

• Parsimonious model using least absolute shrinkage and selection 
operator (LASSO) regression (“LASSO”)



Next steps – implementation?

Design implementation pilot with Western Sydney PHN
• Implement algorithm within PHN data systems

• Produce patient lists, dashboards

• Test approaches to patient recall

Also potential for online tool and/or app

Also potential for incorporation into practice software



Heart failure 
operational 
dashboard 
co-design



Promising 
possibilities
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Katsoulis, M, et al. Epidemiology32(5):744-755, September 2021. 
doi: 10.1097/EDE.0000000000001393

Use of emulated target trial methodology



Katsoulis, M, et al. Epidemiology32(5):744-755, September 2021. 
doi: 10.1097/EDE.0000000000001393

CALIBER links 
anonymized coded 
EHR from primary care 
(Clinical Practice 
Research Datalink), 
hospital care and 
death registry.

138,567 individuals 
45–69 years of age 
without chronic 
disease in England 
from 1998 to 2016. 

Weight gain was associated with increased risk of CVD across BMI groups. 
Among individuals 
with obesity, the 
weight-loss group had 
a lower risk of CVD. 





Conversion to common data models



Extracting value from clinical text

CHF due to rapid atrial 
fibrillation and systolic 
dysfunction. Patient is not 
diabetic.

Nuclear stress test showed 
moderate size, mostly fixed 
defect involving the inferior 
wall with a small area of peri-
infarct ischemia. Ejection 
fraction is 25%. The patient is 
on beta-blockers and digoxin. 
Continue Coumadin. Deep 
venous thrombosis 
prophylaxis. The patient is on 
heparin drip. Monitor INR. 
Tobacco smoking disorder. 
The patient has been 
counselled.

Large 

Language 

Models

Rule-Based 

NLP

Biomedical 

Ontologies

Automatic Text 

Labelling

Traditional and New 

NLP Tools
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De-identification of clinical text

2) Hospital stay was longer than 24 hours 

3) Admission was for non-maternity related reasons 

A total of 3,554 discharge summaries were included in our corpus. We first built our annotated datasets 

that were used to train our NER models. Considering the time and effort of manual annotation of PII, 

600 discharge summaries were randomly chosen. They were split into three sets: 400 discharge 

summaries as training set, 100 discharge summaries as development set and 100 discharge summaries 

as test set. We trained our NER base-models using the training set and tuned the model parameters on 

the development set. The test set was used to evaluate the unbiased performance of the different models.  

Based on the PII categories of the HIPAA Safe Harbor de-identification method and the content of 

discharge summaries, we grouped the PII in the discharge summaries to five categories (see Table 1). 

We (1) merged telephone numbers and fax numbers as PHONE category; (2) merged all ID numbers 

listed in HIPAA’s categories (G-M, R) such as social security numbers, medical record numbers (MRN), 

health plan beneficiary numbers and the like as IDN category; (3) disregarded the email, Web Universal 

Resource Locators (URLs), Internet Protocol (IP) addresses, images and finger/voice prints because 

there is no such information collected in our corpus; (4) only focused on date of birth as DOB category 

and kept all the other dates. We are operating in the Australia context and did not remove all the dates 

from the data (as required by HIPAA Safe Harbor method) because the ethically approved uses of our 

de-identified datasets required date information except date of birth to be kept. 

Table 1. Five PII Categories in our corpus. 

 PII Category Descr iption 

1 PERSON Patient names, Doctor names, Family member names and other names 

2 ADDRESS Patient address, General Practitioner address 

3 DOB Date of Birth 

4 IDN 
Medical Record Number (MRN), Financial Identification Number (FIN), 

Doctor pager number 

5 PHONE Phone number, fax number 

 

2.2 Framework components 

The end-to-end de-identification framework includes three components: Annotation, Modelling and 

De-identification. Fig. 1 describes the framework architecture and workflow of de-identification. 



Questions?

Generated using DALL·E 3


	Slide 1: Using routinely collected clinical data and advanced analytics to generate real-world evidence 
	Slide 2: Real-world data and real-world evidence
	Slide 3: Real-world evidence
	Slide 4: Focus for today
	Slide 5: What has been possible?
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10: What is now possible?
	Slide 11
	Slide 12: Estimating Five-year Absolute Risk of Cardiovascular Disease Using Routinely Collected Electronic Medical Records from Australian General Practices
	Slide 13: Motivation….
	Slide 14: Methods: study population and outcome
	Slide 15: Methods: predictors
	Slide 16: Methods: models
	Slide 17: Next steps – implementation?
	Slide 18: Heart failure operational dashboard co-design 
	Slide 19: Promising possibilities
	Slide 20: Use of emulated target trial methodology
	Slide 21
	Slide 22
	Slide 23: Conversion to common data models
	Slide 24: Extracting value from clinical text
	Slide 25: De-identification of clinical text
	Slide 26: Questions?

