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Hierarchy of Needs

IT infrastructure including 
Electronic Health Record



Health data



Problems

• Too much health data

• Health data is all over the place

• Health data is dirty

• Health data is unstructured

• Data is stored inflexibly

• Tools or analytics for understanding the 
volume of data is immature
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Unstructured Data

Problem: DIRTY & MESSY
“Mrs Smith is a 65 year old woman with atrial fibrilation had a CVA 

in March. She had a past history of a #NOF and OA. She has a 

family history of breast cancer. She has been prescribed apixiban. 

She has no history of haemorrhage.”

• Spelling / Typo

• Nomenclature

• Acronyms

• Negative terms

• Family history terms

Easy for humans to input

Easy for humans to read

Contained in documents and variety of formats

Agnostic to ontologies and can capture non-health concepts

Particular to language



Search



Data LakeDatabase Silo's

But a lake is useless if you can't 

find what you are looking for



Cogstack Data Pipeline

Documentation (Wiki): 

https://cogstack.atlassian.net/wiki/spa

ces/COGDOC/overview

GitHub:

https://github.com/CogStack/

https://cogstack.atlassian.net/wiki/spaces/COGDOC/overview
https://github.com/CogStack/


Keyword searching
of entire clinical record



Mismatch of patients having OPD 

procedures documented in letters 

(RED) versus what is coded on 

appointment systems (BLUE)

CLINICAL CODING 

under-coding found in unstructured text



Haemato-oncology

General Surgery

Ophthalmology

Anticoagulation & Maternity

Gastroenterology



Critical Care/ ITU
Gastroenterology

Anticoagulation Bariatric surgery / Diabetes



Endocrinology 

Alerts
Neurosurgery/ 

Trauma

Elderly Care/ 

Palliative Care



“All you did is press Ctrl-F”



Freetext signal from clinical notes

KCH (900 beds)

PRUH (600 beds)

Guys & St Thomas (850 beds)





Real-time data feed of "flu or flu-like illnesses"

Flu or flu-like symptoms

Actual H1N1 lab samples

Actual H3N2 lab samples



Unstructured Data

Problem: DIRTY & MESSY
“Mrs Smith is a 65 year old woman with atrial fibrilation had a CVA 

in March. She had a past history of a #NOF and OA. She has a 

family history of breast cancer. She has been prescribed apixiban. 

She has no history of haemorrhage.”

• Spelling / Typo

• Nomenclature

• Acronyms

• Negative terms

• Family history terms

Easy for humans to input

Easy for humans to read

Contained in documents and variety of formats

Agnostic to ontologies and can capture non-health concepts

Particular to language



Search and Semantic



Inferred structure

e.g. SNOMED, ICD10

Unstructured, 

heterogeneous 

data

AI-based language 

processing

Clinical Record

source systems

Data pooling

Keyword Search 

Engine

Reference 

Number Lookup 

and hand-

gathered lists

Searching on 

meaning

An evolution waiting to happen



Terminology

Free text

This is a 54 year old woman with a history

of hep C +ve post interferon ribavirin treatment.

Annotation

Ribavirin

startOffset endOffset

Hepatitis C

mention

isA

denote

Anti-hepatitis C 

agent

C0035525

CUI

parent

C0019196

CUI

Disease or 

Syndrome

Liver

anatomicSite

isA

treats

startOffset endOffset

isA

denote

Tag words with a standardised label
Standardised labels need to sit in a Knowledge Graph



Teaching AI to read medical text using syntatic context



Machine Learning 

of Clinical Language

Deep Learning Neural Network learning to read 
medical text
• Shown 17 million KCH medical documents 
• Looks at the surrounding words for context
• Learns synonyms, acronyms and local jargon
• Maps them to international medical 

dictionaries
• Improves when taught by humans



Do doctors mean what they say?
or

Do they say what they mean?



Hunting for synonyms
t-distributed stochastic neighbor embedding (TSNE) plots

X-gram (up to 4) word clusters closest to phrase "Ceiling of Care" or "Ceiling of Treatment"

Synonyms or poicelonyms form syntatic clusters (which have semantic similarity)



Correlation with outcome

Content-less 

headers

Similar rates 

of mortality

Optimism 

prevails



Combining Structured 
and Unstructured Data 
for rapid analysis



Building a multi-feature risk-predictor with 
National Early Warning Score (NEWS2) for Covid

29

Model trained on >40 variables
• Demographics, vital signs, 

comorbidities, common blood tests

• Many correlated features, but top 5 
features captures most of the variance

8 hospital sites, 3 countries

KCH

GSTT

UCLH

University Hospitals Birmingham

University College London Hospitals

University Hospital Bristol Westmead

Oslo University Hospital, Norway

Wuhan Sixth Hospital & Taikang Tongji Hospital, 

Wuhan hospital, China validation

Multi-site international  
validation on real world 

data from 1st Wave
(n=6k)

Carr et al., 2021



Data studies at speed

The line of peer review



Combining with other kinds of data
- Images



Blue = correlated good outcome

Red = correlated bad outcome

Machine Vision Saliency Maps

(what is the AI looking at?)

BELOW: Computer vision AI trained on 

images only easily captures signs of 

medical intervention and uses that as their 

marker of severity. AI cheats.

RIGHT: Adding in demographics, bloods 

and unstructured data stops the cheating 

but ends up showing limited value for the 

CXR signals

CONCLUSION: Most of relevant signal is 

already captured in bloods, vital signs and 

text, rather than Chest X-rays



Questions?


