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Background

• Patients often suffer an adverse event – unplanned ICU admission, large bleed etc

• Looking at each individual’s notes, it was clear that they were deteriorating for hours or 

days and it wasn’t picked up

• I figure that if we had enough patient data, we could build a model to predict deterioration

• This was much harder than I ever could have imagined!
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● 1/9 inpatients  suffer a significant complication yearly 
○ sepsis/pneumonia (20%)
○ pulmonary embolus (10%)
○ Myocardial infarction (10%)
○ Bleeding (5%)
○ other (cardiac tamponade, iatrogenic pneumothorax).

● A huge economic burden: complications cost Australian public hospitals nearly 
$5 billion a year, and private hospitals more than $1 billion a year. 

Inpatient complications are major source of 
morbidity and mortality



Despite the best efforts of humans, complication rates and associated 
morbidity and mortality are not improving  
(Grattan institute, 2018)

Percentage of all 
inpatients 
experiencing a 
complication

Why we focus on inpatients?



The time it takes from the insult occurring to 
recognition by clinical staff

e.g. Onset of rupture gastric ulcer until clinical recognition 

Insult-Response Delay: IRD

hours? days?

This leads to unnecessary morbidity, mortality, and costs



The Insult-Response delay
Complications 

themselves may be 
unavoidable, but their 

sequelae are often 
compounded by 
misdiagnosis or 

lengthy delays to 
detection.

What if nurses, doctors 
and patients knew they 

had a safety net that 
was always on call and 
analysing their data in 

real time?



○ Human error

○ Limited resource of  doctors and nurses

○ Inexperienced ward doctors

○ Current ‘escalation of care’ triggers are poor at flagging 

complications early.

Causes of the Insult-Response Delay



Early Warning Scores

• Aim to detect patients that are deteriorating and to escalate care

• Modified and National Early Warning Scores

• Between the Flags (NSW) 
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Is this patient 
sick?



Yellow Response

Doctor must review within 30 
minutes (Can be a very junior) 



Red Response
Rapid Response called
Patient is very unwell
Hb 50
Hours since the insult
ICU admission
Blood transfusion
Acute renal injury
Acute neurological injury



What did the data look like in the preceding 24hrs?



Very Clear progression 
23/7 24/7

Medical staff are only notified when the systolic blood 

pressure is < 90 mmHg - but this patient has been 

deteriorating for 24 hours

What if we could provide an alert 12-24 hours in advance?



Modified Early Warning Score (MEWS)



National Early Warning Score (NEWS)





Development of the Logistic Model
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Change in RR vs odds of an Adverse Event Arithmetic conversion of RR vs odds of an 
Adverse Event
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Model variables 
and coefficients



Trend Analysis
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Clinical implementation

• A good predictive model is only one component of a complex system

• How do you implement such a major change in a hospital?

• Challenges:

• Increased workload?

• Paradigm shift to reviewing patients who may not look ‘sick’

• Accepting advice from ‘AI’

• Did the system improve healthcare?



Steps to implementation

• Meeting with key stakeholders: Nursing, medical, executive, IT

• Accepted feedback and modified the system

• Developed an education plan

• Stepwise roll out with time to address issues in real time 

• Reviewed the results early, and often



Ainsoff Deterioration Index (ADI)

0 6 8 10

Yellow Alert
ADI 6-7
Text to In-charge nurse
Discretion to escalate to Doctor 

Red Alert
ADI 8-10
Text to In-charge nurse
Doctor must review the patient 



Useful clinical summary provided with the alert
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Each alert contains relevant clinical information explaining the contributors 
to the score, empowering clinicians to escalate appropriately
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Conclusions

32

• Patient deterioration is common and current escalation of care tools are poor 

predictors of adverse events

• Machine learning models can improve prediction of deterioration 

• Many models have been built, but very few actually implemented

• Reducing the impact of deterioration has to be multi faceted:

• Better prediction models 

• Clear communication to staff with alerts and visual cues

• Multiple layers of safety 

• Minimise change in workflow 

• Minimise false alarms

• ADI has shown clinical benefits 

• ADI has shown operational benefits


