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Outline
• Air	pollution	and	global	health
• Data	integration	in	global	burden	of	disease
• The	way	to	DIMAQ	too!
• Black	boxes
• So	much	more	to	do…



Air pollution and 
global health



A global health priority
• Air	pollution	has	been	identified	as	a	global	health	
priority	in	the	sustainable	development	agenda.	

• Sustainable	Development	Goals	(SDGs):
• Health	(Goal	3);
• Cities	(Goal	11);	
• Energy	(Goal	7).

• SDG	Indicators:
• 11.6.2:	Annual	mean	levels	of	fine	particulate	matter	

(PM2.5)	(population-weighted);
• 3.9.1:	Mortality	rate	attributed	to	household	and	

ambient	air	pollution.	



The global burden

• In	2016,	the	WHO	estimated	that	
over	3	million	deaths	can	be	
attributed	to	ambient	(outdoor)	
air	pollution	(AAP).

• The	Global	Burden	of	Disease	
project	(Institute	of	Health	
Metric	Evaluation)	estimate	that	
in	2015	AAP	was	in	the	top	ten	
leading	risks	to	global	health

• Burden	of	disease	calculations	
require	information	on	
population	exposures	for	each	
country



Attributable burden
• Population	attributable	fraction	(PAF),	for	each	
country

• Attributable	burden	(AB)
AB	=	PAF	x	health	outcome

• This	requires	the	percentage	of	the	population,	Pi,	
exposed	to	PM2.5,	by	country	
• increments	of	1	μg/m3



The PAF
PM2.5 RR RR-1 P

0 1 0 0
1 1 0 0
2 1 0 0
3 1 0 100
4 1 0 980
5 1 0 54567
6 1.02 0.02 34523
7 1.02 0.02 87645
8 1.03 0.03 99876
9 1.04 0.04 123876
10 1.05 0.05 546987
11 1.06 0.06 846599
12 1.08 0.08 #######
13 1.08 0.08 #######
. . . .
. . . .
. . . .
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The PAF counterfactual



Estimating PM2.5
• There	is	a	need	for	accurate	estimates	of	exposure	to	air	

pollution:	at	global,	national	and	local	levels	
• Measures	of	uncertainty

• Ground	monitoring	(GM)	is	limited	in	many	areas	of	the	
world



Data from multiple sources
• Can	utilise	information	from	other	sources

• satellite	remote	sensing	(SAT)	
• atmospheric/	chemical	transport	models	(CTM)
• population	estimates
• local	network	characteristics



What data do we have?
• Multiple sources

• National, regional, global 

• Multiple measures
• fundamentally different quantities

• Multiple scales
• point locations, grid cells

• hourly, daily, annual averages

• Different error structures and 
uncertainties

• Vary over space and time



Data integration in 
global burden of 
disease



Data integration in GBD 2013
• Combined	estimates	

from	remote	sensing	
satellites	and	a	
chemical	transport	
model	
• 0.10 grid	cells

• Single	relationship.	
between	ground	
measurements,	SAT	
and	CTM	for	all	areas	
of	the	world.



Regional variation



DIMAQ (GBD2015, 2016 and WHO2016)
• Calibration	of	GMs	with	SAT,	CTM	and	other	factors

• Relationships	allowed	to	vary	by	country

• Where	GM	information	is	sparse,	information	can	be	
‘borrowed’

• Country,	region,	super-region,	spatial	dependence

• Summaries	of	predictions	and	uncertainty	can	be	mapped

• 0.1o	resolution

• globally,	by	country,	within	country

• Accuracy	and	uncertainty	will	vary	according	to	local	
information	available	from	ground	monitoring



The DIMAQ model

• The	random	effect	terms	have	contributions	from	the	
country,	the	region	and	the	super–region	

• The	intercept	also	having	a	random	effect	for	the	cell	
representing	within-cell	variation	in	ground	measurements	

• R-INLA



A geographical hierarchy
• The	structure	of	the	random	effects	used	here	
exploits	a	geographical	nested	hierarchy	
• each	of	the	187	countries	considered	are	allocated	to	one	
of	21	regions	and,	further,	to	one	of	7	super-regions.	

• Where	there	are	limited	monitoring	data	within	a	
country,	information	can	be	borrowed	from	higher	
up	the	hierarchy

• i.e.	from	other	countries	within	the	region	and	further,	
from	the	wider	super-region.



Countries within regions…



… within super-regions



Random effects structure
• The	coefficients	for	super-regions	are	distributed	with	mean	equal	to	
the	overall	mean	(β0,	the	fixed	effect)	and	variance,	σ2 ,	representing	between	
super-region	

• The	coefficient	for	region	j	(in	super–region	k)	that	will	be	distributed	with	
mean	equal	to	to	the	coefficient	for	the	super-region	and	variance	
representing	the	between	region	(within	super–region)	variability	

• The	country	level	effect	will	be	distributed	with	mean	equal	to	the	
coefficient	for	region	j	within	super-region	k	with	variance	representing	the	
between	country	(within	region)	variability	



Evaluation



Global predictions of PM2.5



Interactive map



Interactive map



Interactive map



Interactive map



Uncertainty



Posterior distributions



Population exposures



The way to DIMAQ too!



Data, data and more data
• Rapid increase in 

number, and variety, 
of data sources 

• Within country 
variation in calibration 
functions

• Higher resolution
• Time 0 6 12 18 24 30 36 42 48 54 60



Points and grids: spatially 
varying coefficient models
• Stage 1: Data at the lowest level of aggregation (point 

level) regressed against explanatory variables available 
at higher aggregation

• Stage 2: Regression coefficients are allowed to vary 
over space and time 

• SPDE models

Ys = �0s + �1sXB + ✏s

�0s & �1s ⇠ GP



DIMAQ2
• Space: Continuous spatial process for coefficients

• SPDE

• PC priors
• Within-country and within-grid cell variation 

(downscaling)
• Time: Temporal variation in the calibration coefficients

• Random walks

• Predictions using Monte Carlo simulation
• Joint samples from the posterior distributions of 

the parameters



Spatial random effects (Europe)

Intercept Slope	(SAT)

Annual	average	PM2.5,	1km	x	1km,	2015



Spatial random effects (global)

Annual	average	PM2.5,	10km	x	10km,	2014



Black boxes



• What is it? 
• Measurements, model 

outputs….

• Using it for reasons other that 
those for which it was intended

• non-standard sampling 
designs

• preferential sampling

• models for the data collection 
mechanisms

Where does it come from?



Where does it go?
• How to pass on complex 

information?
• Propagating uncertainty from 

exposure models

• Black box

• Guidelines for Accurate 
and Transparent Health 
Estimates Reporting 
(GATHER)

• http://gather-statement.org 



Where does it go?



Where do the estimates go?



Where does it go?



Where do the estimates go?



So much more to do…



Future work (want to join in the fun?)

• Yearly updates
• Uncertainty

• Distributions of population exposures
• Incorporate uncertainty from relative 

risks
• Higher temporal resolution

• Daily estimates
• Get involved earlier = AOD
• Preferential sampling



Bayesian melding
• Assumes an unobserved latent process, Zst,  which 

represents the underlying exposure, e.g. air pollution

• This process drives the different measurements
• Monitoring data, 

• Remote sensing,
• Chemical transport models

• The responses are therefore ‘linked’

• Intrinsically correlated
• Differences in scales are respected

Y GM
st = f(Zst)

Y SAT
Bt = f
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Further information
• WHO	`Ambient	air	pollution:	A	global	assessment	of	exposure	

and	burden	of	disease’
• GBD2016	‘Global,	regional,	and	national	comparative	risk	

assessment	of	84	behavioural,	environmental	and	occupational,	
and	metabolic	risks	or	clusters	of	risks,	1990–2016:	a	systematic	
analysis	for	the	Global	Burden	of	Disease	Study	2016

• Data	Integration	Model	for	Air	Quality:	A	Hierarchical	Approach	
to	the	Global	Estimation	of	Exposures	to	Ambient	Air	Pollution.	
JRSSC	2017


