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1. AI & Deep Learning 

2. Role of EHRs & SNOMED CT  

3. Challenges & Opportunities  



“For the present purpose, the artificial intelligence 
problem is taken to be that of making a machine 
behave in ways that would be called intelligent if 
a human were so behaving.” 

McCarthy, J., Minsky, M. L., Rochester, N., & Shannon, C. E. (2006). A proposal for the Dartmouth 
summer research project on artificial intelligence, August 31, 1955. AI Magazine, 27(4), 12. 



AI knowledge map (AIKM), source: (Corea Aug. 29, Corea 2018) 
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“To help bring this point home, for every 
one hundred Medicare recipients age sixty-
five or older, each year there are more than 
50 CT scans, fifty ultrasounds, fifteen 
MRIs, and ten PET scans. It’s estimated that 
30 to 50 percent of the 80 million CT scans in 
the United States are unnecessary”.    	

Shallow Medicine, Chapter 2, Page 27 	
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Clinical events per month 

114,000,00
0 

Total Coded Entries  

16,600,000,0
00 



time 

HbA1c	Impaired	Fasting	Glucose		

DM	II	
Retinopathy	

Nephropathy	

Abdominal	pain	
Weight	loss	

Lower	back	pain	

EHR /PHR 

Female;	Malaysian;	68	years	old	

Serum	Creatinine	

Amoxycillin	 Lipitor	

Insulin	

Endometriosis	
Breast	biopsy	

Hospital	Admission	

Primary	Care	 Mental	Health	

ED	
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23% 
of all cancer diagnosis are 
made in urgent care settings 

60% 
of ovarian cancer 
diagnoses at stage III or IV 

50% Detection before GP 

Clinical assistance / Safety-netting 

DNNs: Early cancer detection Unsupervised Learning: Diabetes II 

Clusters of patients, based on 
HbA1c history & co-morbidities 

Personalised targets & 
care plans 

Different odd-ratios for 
complications in each cluster 



70% Frail elderly citizens with a 
targeted medication review 

30% Geriatric assessment based 
on eFI screening programme 

Improving Elderly Care 

An algorithm to detect frailty in elderly 
individuals based on comprehensive 
electronic health record data 

Population Health 

Surgery 

Oncology 

Electronic Frailty Index 

Bates, Clegg et al, Development and validation of an electronic frailty index using routine primary care electronic health record data, Age and Ageing, Volume 45, Issue 3, May 2016 



Rare Diseases 

https://www.the -scientist.com/infographics/infographic-rare-disease-by-the-numbers-33339 

Ataxia 
Telangiectasia 

Paget’s 
Disease 

Rett 
Syndrome 

0.002% 0.31% 0.007% 

All Rare Diseases 

10% 

Unsupervised learning approaches to 
case identification  

Appointment non-attendance  

Delayed discharges 

Intelligent triage 

Medication errors 

Appointment length 

Process & Optimisation 



Challenges / Opportunities  

Bias Overfitting 

Iatrogenic risk High dimensionality 

Local epidemiology 

Data sets / Validation User interface / Context 

Validation 



Example: Kawasaki’s Disease 



Example: Kawasaki’s Disease 

@brownskinmatters 
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Dimensionality 

35,645 - findings 

35,645 
2 possibilities 

75,991 disorders 

8,589,934,592	=	
33 

2 



Challenges / Opportunities  

Bias Overfitting 

Iatrogenic risk High dimensionality 

Local epidemiology 

Data sets / Validation User interface / Context 

Validation 



CrowdFlower	2016	Data	Science	Report	



CrowdFlower	2016	Data	Science	Report	



Challenges / Opportunities  

Bias Overfitting 

Iatrogenic risk High dimensionality 

Local epidemiology Validation 

Data sets User interface / Context 
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Building	data	sets	
10%	

Cleaning	&	organising	
data	
57%	

[CATEGORY	NAME]	
[PERCENTAGE]	

Mining	data	for	
patterns	

3%	

Refining	algorithms	
4%	

Other	
5%	

What’s the least enjoyable part of data science? 

CrowdFlower	2016	Data	Science	Report	



Building	data	sets	
3%	

Cleaning	&	organising	
data	
60%	

[CATEGORY	NAME]	
[PERCENTAGE]	

Mining	data	for	
patterns	

9%	

Refining	algorithms	
4%	

Other	
5%	

What data scientists spend the most time doing 

CrowdFlower	2016	Data	Science	Report	


