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Where machine learning is applicable

Biomedical imaging –
computer vision and 

image processing

Physiological modelling 
of organ

Bioinformatics
Electronic medical 

records (Epidemiology) –
massive data
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Problem 
(information 

deluge)

Example of 
database

Some case 
studies on CKD
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DELUGE OF INFORMATION 
IN HEALTHCARE

Part I
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Deluge of information in healthcare
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Key messages:
- Million of patients
- ~20 years of data (but 

noisy and under-
sampled)

- 100K of concepts (but 
very sparse)

- New problem;  new 
solutions

750K
distinct 

concepts 
in 

English

(a GP cluster 
/ locality)

® Norman Poh
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A “data-engineering” problem
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Number of concepts (features)

Mixture of 
experts

Multi-level 
models

Theme-topic models, Ontology
Sparse representation, Compressive sensing

Feature selection,  AdaBoost, Naïve Bayes, SNoW

Temporal models
(Regression
State-based)

HMM

Problems in 
object 

recognition

Problems in 
bioinformatics

Problems in Healthcare 
informatics

Multi-task 
learning

Model 
adaptation

Continuously 
evolving document

… and not (just) a clinical problem

Search 
engine



Royal College of GP (RCGP)
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http://www.rcgp.org.uk



Where innovative algorithms are needed?
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3) Database 
management, 

data 
representation

4) Knowledge 
discovery, machine 

learning

2) Ontology

5) HCI

Hospital Registry
Primary 

care

Data linkageClinical 
ontology

Sparse 
matrix

Dense 
matrix

Feature selection

Data modelling
Statistical 

model

Specification

Data collection

Analysis & 
reporting

Clinical 
decision 
support

Clinicians
Policy-makers

Clinicians
Patients

1) Patient ID encryption/anonymization

http://goo.gl/silCA



Our goal
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Pattern recognition, 
machine learning, 

data-mining

Linked electronic 
medical records

+

Hospital Registry
Primary 

care

Healthcare
Analytics

=

Patient Dashboard
(display data)

Personalised 
Predictive model

Quality control (audit)

Risk models
(identify 

patients at risk)

With applications to 

Now www.modellingCKD.org (by 2018)

Understanding 
disease progression



What does healthcare analytics 
promise?

Readmission: 
Reduce unplanned 

admission to 
hospital

Triage: Estimate 
risk of 

complications

High cost patients: 
5% patients – 50% 

cost

Adverse events: 
renal failure, 

infection, adverse 
drugs

Decompensation: 
Real time 

monitoring of 
vitality sign

Diseases affecting 
multiple organ 

systems 
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Bates, D. W., Saria, S., Ohno-Machado, L., Shah, A., & Escobar, G. (2014). Big 
data in health care: using analytics to identify and manage high-risk and high-
cost patients. Health Affairs, 33(7), 1123-1131.
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EXAMPLE OF DATABASE: QUALITY 
IMPROVEMENT CKD (QICKD)
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Structure of a database
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What information is available?
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Journal

Patient

Coding

Disease

Codes for Signs & symptoms, 
investigation (lab 
measurements) treatment 
(drugs) & procedures, 
diagnosis

Derived diagnosis 
based on data in 
journal

Ethnicity, age, gender, 
clinic (GP), date of 
birth, anonymized ID



Patient table
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Journal and Coding table
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SELECT journalsubset.id,
journalsubset.code,
coding.code_string,
journalsubset.`date`,
journalsubset.value1,
journalsubset.value2,
journalsubset.`text`

FROM qickd2.journalsubset journalsubset
INNER JOIN qickd2.coding coding ON

(journalsubset.code = coding.CODE)
GROUP BY journalsubset.id
ORDER BY journalsubset.`date` ASC

View file



Key difficulties
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• How to represent 
irregularly sampled time-
series with real and binary 
values?

• How to model the 
trajectories?

• Millions of patients; each 
of which has few 
observations (multi-task 
learning? Hierarchical 
model?)

• Can we develop models 
that can explain its 
reasoning, yet flexible 
enough to fit the data and 
generalize to unseen data?

Topic



CASE STUDIES BASED ON CHRONIC 
KIDNEY DISEASE
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Some basic medical terminology

English French

Chronic Kidney Disease (CKD) l’insuffisance rénale chronique

Acute Kidney Injury (AKI) l’insuffisance rénale aiguë

estimated Glomerular Filtration Rate 
(eGFR)

Débit de filtration glomérulaire (DFG)
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Classiquement, on distingue l’insuffisance rénale aiguë de l’insuffisance rénale 
chronique.

Globalement, une insuffisance rénale se caractérise par une diminution de la 
fonction, et du nombre des néphrons (unités de base constituant le rein et servant à 
débarrasser le sang des toxines qu’il contient, en élaborant l’urine primitive).

L’insuffisance rénale aiguë, contrairement à l’insuffisance rénale chronique, est 
généralement réversible et guérit le plus souvent. Elle consiste en une privation 
brutale de l’organisme de sa fonction rénale (fonctionnement des reins).



Challenges in modelling and predicting 
CKD

AKI

CKD

eGFR

age

CKD is a long-term but 
asymptomatic condition

Comorbid with diabetes, 
hypertension, CVD

Different formulas 
(e.g.,  eGFR-MDRD, 
CKD-EPI , Cystatin C) 
cause structural bias 
when modelling the 
trend

Acute Kidney Injury (AKI) can 
temporarily disrupt the trend

Progressive risk, leading to costly 
end stage renal disease (dialysis & 
kidney transplant); so needs timely 
and accurate referral from primary 

to secondary care 

Commonly used 
algorithms (e.g., 
logistic & Cox 
regression) are not 
adequate; new models 
not yet tested

�(�|�) = Gaussian Process Regression



CKD and AKI
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AKI

�(�|�) = Gaussian Process Regression

Classical regression does 
not work

Non-parametric 
regression works some 
times but not a 
guarantee

CKD

Regression

eGFR

age



AKI not always modelled

Learning to tune GPR 
hyper-parameters

�(�|�) = Gaussian Process Regression

AKI

CKD

Another solution:
Mixture of experts, 
mixture of (2) 
regressions



Methodology

Using routinely collected 
data: QICKD, Qresearch, 
ResearchOne, East Kent, 
ASSIST-CKD, RCGP data 

sets

Objectives:
1. Predict eGFR
2. Stratify patients
3. Predict AKI

Obj 1: Model & predict 
individual eGFR

Understand factors 
contributing to renal 

progression & regression

(renal regeneration not 
normally expected)

Obj 2: Model AKI risk

Hierarchical regression 
model

AKI risk modelling

Mixture of regression

Data + Machine Learning
+ Expert feedback = Clinically useful models



Obj 3. Stratify patients

Using routinely collected 
data: QICKD, Qresearch, 
ResearchOne, East Kent, 
ASSIST-CKD, RCGP data 

sets

Contributions:
1. Proactive CKD management by eGFR prediction
2. Ability to profile CKD care pathways
3. Novel AKI risk model for community care

(2) Clustering

(1) Dimensionality 
reduction

10,000 patients with chronic 
kidney disease

t-stochastic 
Neighbourhood 

Embedding (t-SNE), 
deep neural network

MRC (Medical Research Council) project grant: MR/M023281/1| 2015-2018 | www.modellingCKD.org

20,000 clinical codes

Hierarchcical clustering, 
constrained clustering



Automatic classification of eGFR trends

Linear Stable Step-wise

?

Classification of irregular time-series

�(�| � �
�)
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Approach
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Some preliminary results
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Linear stable step-wise

http://arxiv.org/pdf/1605.05142.pdf



Prediction with additional information
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(Future work)

�
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Linked electronic 
medical records

�(�|�, �)

� is a compact 
representation of 
the patient’s 
records


