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Continuous health monitoring at both individual and population 
level is a key research problem in digital/intelligent health
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Individual health monitoring Population health monitoring



Two enablers: UbiComp + AI

4

UbiComp for healthcare data 
collection (sensing) 

AI for health/healthcare data 
analytics & prediction
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Ideal: huge data, good annotation → powerful ML 
models to achieve satisfactory performance

• Data accumulation in EHR, mobile, wearable, etc. 

Reality:  limited data, most the data are unlabelled →
fail to meet the application requirement

• Collecting large amount of labelled data and build the model from 
the scratch: expensive and time-consuming

One key challenge in the pathway



Factors leading to this challenge
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high cost limited cohort 
size

uncertain 
participation 
willingness

law & policy 
constraint



How to build an intelligent healthcare 
system with minimal data collection?
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Area-level population health profiling
( a real-world problem from NHS) 



Health 
Surveys
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Population 
health data 
linkage and 
integration 
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Pervasive & Mobile Computing



Summary of limitations

clinic data integrationhealth surveys

• limited spatial coverage: unknown/not usable (not accurate)

• Unknown areas:  hard-to-reach population, health inequality

Mobile/pervasive Comp

No matter what approach you have adopted



Compressive Population Health (CPH):
basic idea

Compressed Population Health 
(CPH): basic idea

Ongoing project in my team supported by 
EPSRC New Investigator Award



Two types 
of data 
correlations

•a number of studies have highlighted the role of 
neighbourhood effects on health

•near regions are more similar in some health 
indicators than the distant ones

(a) Intra-Disease Spatial Correlations 

•Multimorbidity, commonly defined as the co-
presence of two or more chronic conditions

•statistics for different types of disease may also 
correlate with each other. 

•e.g., regions with higher obesity rate are more 
likely to have higher rates of heart disease and 
cancers.

(b) Inter-Disease Correlations



Jointly use intra- and inter- disease correlations 

TS-A  for obesity

TS-A for diabetes 

IF-A for diabetes 

IF-A for obesity

obesity

diabetes

Intra-disease 
spatial correlation

Inter-disease
correlation

Unknown regions for 
diseases



Generative Adversarial 
Network (GAN) for data 
reconstruction
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CNN-based representation 

learning (extracting two 

types of correlations)

• GAN: two neural networks 

contest with each other 

• Generator: learns to 

generate new data with 

the same statistics as 

the training set

• Discriminator: another 

neural network that is 

able to tell how much an 
input is "realistic",



Datasets

•The dataset includes names, shapes and codes of 
630 grids (wards) in London.

Dataset of Ward Boundaries of London

• It contains prevalence rate of 17 chronic diseases: 
from 2008 to 2017 of London ward level. 

Chronic Diseases Prevalence Dataset



Results for missing data completion

• Our CNN+GAN model outperforms all baseline ones across all 
disease in all evaluation metrics and settings (e.g. data missing rate).
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Reduction of Health Profiling Cost

❑Assigns tasks to an average of 21.67% of regions, 
while ensuring that the overall profiling accuracy meets 
healthcare requirement



Population health impact

• less cost (given a spatial coverage constraint)

• higher spatial coverage (given a financial constraint)

Cost-effective health monitoring

• Improve data completeness and quality for secondary data

• know the health profiles of unknown (ignored) areas

• Comprehensive insights and less bias for policy making

• Alleviate health inequality for the overall population  

Augment existing data and address health inequality



Thank You !
Q&A
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