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Methods appendix to Global, regional, and national comparative risk
assessment of 84 behavioural, environmental and occupational, and
metabolic risks or clusters of risks, 1990-2017: a systematic analysis for
the Global Burden of Disease Study 2017
This appendix provides further methodological detail, supplemental figures, and more detailed results
for risk factors. The appendix is organised into broad sections following the structure of the main paper.
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Preamble

This appendix provides further methodological detail and more detailed results for “Global, regional,
and national comparative risk assessment of 84 behavioural, environmental and occupational, and
metabolic risks or clusters of risks, 1990-2017: a systematic analysis for the Global Burden of Disease
Study 2017.” This study complies with the Guidelines for Accurate and Transparent Health Estimates
Reporting (GATHER) recommendations. It includes detailed tables and information on data in an effort
to maximise transparency in our estimation processes and provide a comprehensive description of
analytical steps. We intend this appendix to be a living document, to be updated with each iteration of
the Global Burden of Disease Study.

2

Ambient Particulate Matter Pollution Capstone Appendix
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Input data and modeling strategy
Exposure
Definition
Exposure to ambient air pollution is defined as the population-weighted annual average mass
concentration of particles with an aerodynamic diameter less than 2.5 micrometers (PM 2.5 ) in a
cubic meter of air. This measurement is reported in µg/m3.
Input Data
The data used to estimate exposure to ambient air pollution is drawn from multiple sources,
including satellite observations of aerosols in the atmosphere, ground measurements, chemical
transport model simulations, population estimates, and land-use data.
The following details the updates in methodology and input data used in GBD 2017.
PM2.5 ground measurement database
Updates of ground measurements used for GBD 2017 include using more recent data than that used
previously and the addition of data from new locations. The data from the 2018 update of the WHO
Global Ambient Air Quality Database include monitor-specific measurements of concentrations of
PM 10 and PM 2.5 from 9,960 ground monitors (up from 6,003 in GBD 2016) from 108 countries. The
majority of measurements were recorded in 2016 (as there is a lag in reporting measurements, little
data from 2017 were available). Annual averages were excluded if they were based on less than 75%
coverage within a year. Collection year ranged from 2008 to 2017 in data used. If information on
coverage was not available then data were included unless they were already sufficient data within a
country (monitor density greater than 0.1).
For locations measuring only PM 10 , PM 2.5 measurements were estimated from PM 10 . This was
performed using a hierarchy of conversion factors (PM 2.5 /PM 10 ratios): (i) for any location a ‘local’
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conversation factor was used, constructed as the ratio of the average measurements (of PM 2.5 and
PM 10 ) from within 50km and within the same country, if such were available’ (ii) if there was not
sufficient local information to construct a conversion factor then a country-wide conversion factor
was used; and (iii) if there was no appropriate information within a country then a regional factor
was used. In each case, to avoid the possible effects of outliers in the measured data (both PM 2.5
and PM 10 ), extreme values of the ratios were excluded (defined as being greater/lesser than the 95
and 5% quantiles of the empirical distributions of conversion factors) of the latter two cases for the
country measurements were available, for both metrics. As in the GBD 2013 and GBD 2015/GBD
2016 databases, in addition to values of PM 2.5 and whether they were direct measurement or
converted from PM 10 , the database also included additional information, where available, related to
the ground measurements such as monitor geo coordinates and monitor site type.
Satellite-based estimates
The updated satellite-based estimates for years 1998-2016 are described in detail in van Donkelaar
et al. 2016.1 These estimates were available at 0.1o×0.1o resolution (~11 x 11 km resolution at the
equator) and combine aerosol optical depth retrievals from multiple satellites with the GEOS Chem
chemical transport model and land use information.
Population data
A comprehensive set of population data on a high-resolution grid was obtained from the Gridded
Population of the World (GPW) database. These estimates are adjusted to match UN2015
Population Prosepectus. These data are provided on a 0.0417o×0.0417o resolution. Aggregation to
each 0.1o×0.1o grid cell comprised of summing the central 3 × 3 population cells. As this resulted in a
resolution higher than necessary, it was repeated four times, each offset by one cell in a North,
South, East and West direction. The average of the resulting five quantities was used as the
estimated population for each grid cell. Population estimates for 2000, 2005, 2010, 2015 and 2020
were available from GPW version 4 revision 10. Populations for 2016 and 2017 were obtained by
interpolation using natural splines with knots placed at 2000, 2005, 2010, 2015 and 2020. This was
performed for each grid cell.
Chemical transport model simulations
Estimates of the sum of particulate sulfate, nitrate, ammonium and organic carbon and the
compositional concentrations of mineral dust simulated using the GEOS Chem chemical transport
model, and a measure combining elevation and the distance to the nearest urban land surface (as
described in van Donkelaar et al. 20161) were available for 2000 to 2016 for each 0.1o×0.1o grid cell.
These were not included within the GBD 2013 analysis.
Modelling strategy
Significant advances have been made in the methodology used to estimate exposure to ambient
particulate matter pollution since GBD 2013. The following is a summary of the modelling approach,
known as the Data Integration Model for Air Quality (DIMAQ) used in GBD 2015, 2016, and 2017;
further details can be found in Shaddick et al. (2017). 2
In GBD 2010 and GBD 2013 exposure estimates were obtained using a single global function to
calibrate available ground measurements to a ‘fused’ estimate of PM 2.5 ; the mean of satellite-based
estimates and those from the TM5 chemical transport model, calculated for each 0.1o×0.1o grid cell.
This was recognised to represent a trade-off between accuracy and computationally efficiency when
utilising all the available data sources. In particular, the GBD 2013 exposure estimates were known
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to underestimate ground measurements in specific locations (see discussion in Brauer et al., 20133).
This underestimation was largely due to the use of a single, global, calibration function, whereas in
reality the relationship between ground measurements and other variables will vary spatially.
In GBD 2015 and GBD 2016, coefficients in the calibration model were estimated for each country.
Where data were insufficient within a country, information can be `borrowed’ from a higher
aggregation (region) and if enough information is still not available from an even higher level (superregion). Individual country level estimates were therefore based on a combination of information
from the country, its region and super-region. This was implemented within a Bayesian Hierarchical
modelling (BHM) framework. BHMs provide an extremely useful and flexible framework in which to
model complex relationships and dependencies in data. Uncertainty can also be propagated through
the model allowing uncertainty arising from different components, both data sources and models, to
be incorporated within estimates of uncertainty associated with the final estimates. The results of
the modelling comprise a posterior distribution for each grid cell, rather than just a single point
estimate, allowing a variety of summaries to be calculated. The primary outputs here are the median
and 95% credible intervals for each grid cell. Based on the availability of ground measurement data,
modelling and evaluation was focused on the year 2016.
The GBD 2017 model was updated to also include within country calibration variation. 4 The model
used for GBD2017, henceforth referred to as DIMAQ2, provides a number of substantial
improvements over the initial formulation of DIMAQ. In DIMAQ, ground measurements from
different years were all assumed to have been made in the primary year of interest (i.e. 2014 for
GBD2015 before extrapolation) and then regressed against values from other inputs (e.g. satellites
etc.) made in that year. In the presence of changes over time therefore, and particularly in areas
where no recent measurements were available, there was the possibility of mismatches between
the ground measurements and other variables. In DIMAQ2, ground measurements and matched
with other inputs (over time) and the possibility of the (global level) coefficients being allowed to
vary over time, subject to smoothing that is induced by a second-order random walk process. In
addition, the manner in which spatial variation can be incorporated within the model has developed:
where there is sufficient data, the calibration equations can now vary (smoothly) both within and
between countries, achieved by allowing the coefficients to follow (smooth) Gaussian processes.
Where there is insufficient data within a country, to produce accurate equations, as before
information is borrowed from lower down the hierarchy and it is supplemented with information
from the wider region.
DIMAQ2 is used for all regions except for the North Africa-Middle East and Sub-Saharan superregions and remote islands where there is insufficient data to allow the extra complexities of the
new model to be implemented. In the North Africa-Middle East and Sub-Saharan super-regions a
simplified version of DIMAQ2 is used in which the temporal component is dropped, and for remote
islands the original DIMAQ is used.
Due to both the complexity of the models and the size of the data, notably the number of spatial
predictions that are required, recently developed techniques that perform ‘approximate’ Bayesian
inference based on integrated nested Laplace approximations (INLA) were used.5 Computation was
performed using the R interface to the INLA computational engine (R-INLA). Fitting the models and
performing predictions for each of the ca. 1.4 million grid cells required the use of a high
performance computing cluster (HPC) making use of high memory nodes.

69

Model evaluation
Model development and comparison was performed using within- and out-of-sample assessment. In
the evaluation, cross validation was performed using 25 combinations of training (80%) and
validation (20%) datasets. Validation sets were obtained by taking a stratified random sample, using
sampling probabilities based on the cross-tabulation of PM 2.5 categories (0-24.9, 25-49.9, 50-74.9,
75-99.9, 100+ µg/m3) and super-regions, resulting in them having the same distribution of PM 2.5
concentrations and super-regions as the overall set of sites. The following metrics were calculated
for each training/evaluation set combination: for model fit - R2 and deviance information criteria
(DIC, a measure of model fit for Bayesian models); for predictive accuracy - root mean squared error
(RMSE) and population weighted root mean squared error (PwRMSE).
All modelling was performed on the log-scale. The choice of which variables were included in the
model was made based on their contribution to model fit and predictive ability. The following is a list
variables and model structures that were included in DIMAQ.
Continuous explanatory variables:
o
o
o
o
o

(SAT) Estimate of PM 2.5 (in μgm-3) from satellite remote sensing on the log-scale.
(POP) Estimate of population for the same year as SAT on the log-scale.
(SNAOC) Estimate of the sum of sulfate, nitrate, ammonium and organic carbon
simulated using the GEOS Chem chemical transport model.
(DST) Estimate of compositional concentrations of mineral dust simulated using the
GEOS Chem chemical transport model.
(EDxDU) The log of the elevation difference between the elevation at the ground
measurement location and the mean elevation within the GEOS Chem simulation
grid cell multiplied by the inverse distance to the nearest urban land surface.

Discrete explanatory variables:
o
o
o

(LOC) Binary variable indicating whether exact location of ground measurement is
known.
(TYPE) Binary variable indicating whether exact type of ground monitor is known.
(CONV) Binary variable indicating whether ground measurement is PM 2.5 or
converted from PM 10 .

Random Effects:
o Grid cell random effects on the intercept to allow for multiple ground monitors in a
grid cell.
o Country-region-super-region hierarchical random effects for the intercept.
o Country-region-super-region hierarchical random effects for the coefficient
associated with SAT .
o Country-region-super-region hierarchical random effects for the coefficient
associated with the difference between estimates from CTM and SAT.
o Country-region-super-region hierarchical random effects for the coefficient
associated with POP.
o Country level random effects for population uses a neighbourhood structure
allowing specific borrowing of information from neighbouring countries.
o Within a region, country level effects of SAT and the difference between SAT AND
CTM are assumed to be independent and identically distributed.
o Within a super-region, region level random effects are assumed to be independent
and identically distributed.
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o

Super-region random effects are assumed to be independent and identically
distributed.

Interactions:
o

Interactions between the binary variables and the effects of SAT and CTM.

In addition, DIMAQ2 includes
o Smoothed, spatially varying, random-effects for the intercept
o Smoothed, spatially varying, random-effects for the coefficient of coefficient
associated with SAT
o Smoothed, temporally varying, random-effect for the intercept

Results
The final model contained the following variables: SAT, POP, SNAOC, DST, EDxDU, LOC, TYPE, and
CONV, together with interactions between SAT and each of LOC, TYPE and CONV. The model
structure contained grid cell random effects on the intercept to allow for multiple ground monitors
in a grid cell, country-region-super-region hierarchical random effects for intercepts and SAT and
country level random effects for population using a neighbourhood structure allowing specific
borrowing of information from neighbouring countries together with region-super-region
hierarchical random effects for POP. Notably, and as in GBD 2015 and GBD 2016, based on the
evaluation of candidate models, including estimates from the TM5 chemical transport model (CTM)
used in GBD 2013 did not improve the predictive ability of the model and was therefore not
included.
Compared to the model used in GBD2013, DIMAQ showed improved predictions of ground
measurements in all super regions with improvements in both within-sample fit; with a global
population-weighted RMSE of 12.1 µg/m3 compared to 23.1 µg/m3 when using the GBD 2013
approach.1 Using the larger database available for GBD2017, with potentially more variability in
measurements, DIMAQ2 shows an additional improvement on DIMAQ: overall population-weighted
RMSE reduced from 9.32 to 8.11 (12.12 to 11.17 when using all data, irrespective of within-year
coverage). Reductions by super-region can be seen in Figure 1. Reductions can be seen in all superregions with particular improvement in the Southeast Asia, East Asia and Oceania super-region
which is based largely on a substantial increase in accuracy in China, PwRMSE 6 vs 9 µg/m3
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Figure 1: Summary measures of predictive ability, globally and by super-region. Dots denote the median values of
population weighted root mean squared error (µg/m3) from 25 validation sets with vertical lines showing the range of
values over those sets.

Estimates for other years
In contrast to the method used previously, where estimates (of PM 2.5 ) were extrapolated to produce
estimates for the year of interest (e.g. 2017 where data was available up to and including 2016) due
to the extra complexity of the smooth spatial processes in DIMAQ2 this would not be possible in any
straightforward manner. With DIMAQ2 it is the input variables that are extrapolated; this allows
estimates for 2017 to be produced in the same way as other years and crucially, allows measures of
uncertainty to be produced within the BHM framework rather than by using post-hoc
approximations.
Satellite estimates and quantities estimated using the GEOS-Chem model were available for 1990,
1995, 2000, 2005, 2010-2016. Estimates of these input variables for 2017 were produced by
extrapolating, on a cell-by-cell basis, using natural splines. Population estimates for 2000, 2005,
2010, 2015 and 2020 were availalble from GPW version 4. For 1990 and 1995 data were extracted
from GPW version 3, as in GBD2013.2 As with populations for 2015, values for each cell for 20112017 were obtained by interpolation using natural splines with knots placed at 2000, 2005, 2010,
2015 and 2020.
These were used as inputs to DIMAQ, enabling estimates of exposures to be obtained for each of
these years respectively. For 2017, estimates of exposures were obtained from predictions from
locally-varying regression models.6 For each cell a model was fit to the values within that cell over
time, with a constraint placed on the rate of change between 2016 and 2017 to avoid unrealistic
and/or unjustified extrapolation of trends. Measures of uncertainty were obtained by repeating the
procedure for the limits of the 95% credible intervals, again on a cell-by-cell basis.
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Population-weighted exposure generation
To generate a distribution of the population-weighted ambient particulate matter, we took a
weighted sampling strategy, taking samples from all grid cells in a given location. For example, for a
country with n grid cells, we randomly sampled 1000 values from the n (grid cells) x 1000 (samples)
where the probability of being sampled was proportional to the population of that grid cell.

Theoretical minimum-risk exposure level
The TMREL was assigned a uniform distribution with lower/upper bounds given by the average of
the minimum and 5th percentiles of outdoor air pollution cohort studies exposure distributions
conducted in North America, with the assumption that current evidence was insufficient to precisely
characterise the shape of the concentration-response function below the 5th percentile of the
exposure distributions. The TMREL was defined as a uniform distribution rather than a fixed value in
order to represent the uncertainty regarding the level at which the scientific evidence was
consistent with adverse effects of exposure. The specific outdoor air pollution cohort studies
selected for this averaging were based on the criteria that their 5th percentiles were less than that of
the American Cancer Society Cancer Prevention II (CPSII) cohort’s 5th percentile of 8.2 based on
Turner et al. (2016).7 This criterion was selected since GBD 2010 used the minimum, 5.8, and 5th
percentile solely from the CPS II cohort. The resulting lower/upper bounds of the distribution for
GBD 2017 were 2.4 and 5.9. This has not changed since GBD 2015.

Relative risks and population attributable fractions
We estimated the Ambient Air Pollution-attributable burden of disease based on the relation of
long-term exposure to PM2.5 with Ischemic Heart Disease, stroke (ischemic and hemorrhagic),
COPD, lung cancer and acute lower respiratory infection. These were also the pollutant-outcome
pairs used to estimate the Ambient Air Pollution attributable burden since GBD 2010. For GBD 2017
we also added Type II Diabetes as an outcome of ambient air pollution. We used results from all
cohort studies published as of July 2018 that reported cause-specific relative risk estimates based on
measured or modelled PM2.5 and that adjusted for potential confounding due to other major risk
factors such as tobacco smoking using data for each study participant.
Bowe et al. recently published work that assembled the evidence for the relationship between
particulate matter and diabetes to generate IER curves and attributable burden estimates based on
methodologies similar to those of the GBD. 8
When generating the IER for Type II Diabetes, we included all eight of the studies summarized by
Bowe et al. in addition to six other cohorts. Resulting attributable burden estimates were
remarkably similar to GBD 2017 results. All citations for studies used in the fitting of the IER curve
can be found using the GBD 17 Data Input Sources Tool.

Integrated exposure response function
The Integrated Exposure Response Function (IER) was created to ascertain the shape of the dose
response curve for a variety of health outcomes across a wide range of exposure to PM2.5. The IER
model is fit by integrating RR information from studies of outdoor air pollution (OAP), Second hand
tobacco smoke (SHS), Household Air Pollution (HAP), and Active Smoking (AS). Because OAP studies
are often performed at the lower end of the ambient air pollution range, incorporating other
exposures to particulate matter enables RR estimation across the global range of exposure. These
methods have been described in detail elsewhere.9,10
Notable changes for GBD 2017 include added studies for OAP, SHS, and HAP, updated literature
reviews for AS studies, and more informative priors to stabilize the shape of the IER curves.
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•

•

•

•

•

We added all newly published cohorts of long-term exposure to Ambient PM2.5 and
incidence or mortality due to IHD, stroke, COPD, lung cancer, and LRI. One notable addition
was the China Male Cohort which included mortality due to IHD, Stroke, COPD, Lung Cancer,
and Diabetes (unpublished analysis).11 This study represented a higher exposure range than
most of our previously incorporated studies with 5th and 95th percentile of 15.5 and 77.1
micrograms/m3. For Type II Diabetes, the new outcome included in GBD 2017, we included
all cohorts which measured long-term PM2.5 exposure and incident diabetes or mortality
due to diabetes.
We did not change the SHS input studies with the exception of including all studies from a
recent meta-analysis examining the relationship between SHS and Type II Diabetes.12 We
also added seven studies found from a systematic review examining SHS exposure and
COPD. We had previously not included SHS in the formation of this curve.
We added four cohort studies of HAP and any of our measured outcomes. Previously we
have only included which measured levels of PM2.5 exposure. To incorporate cohort studies
with binary exposure data (presence or absence of solid-fuel use for cooking) we used the
PM2.5 mapping function (see Household Air Pollution Appendix for more details) to obtain a
PM2.5 level attributed to solid fuel use for cooking for the location-year of the study
(Exp HAP ). We also used the OAP exposure model to obtain an OAP PM2.5 level for the
location-year (Exp OAP ). The study RR was used to inform the curve on the range of Exp OAP to
(Exp OAP + Exp HAP ).
For all outcomes, we used updated systematic reviews of the literature performed by the
GBD smoking team for studies examining cigarettes smoked per day and the six IER
outcomes to inform the high exposure range of the curve. The smoking team found that the
process of systematic review and inclusion of all acceptable studies led to lower relative
risks.
To help obtain more reasonable curve fits, we added more informative priors to two of
three IER function parameters in the MCMC Bayesian fitting process.

Limitations
It is important to recognize the inherent limitations of the IER approach. The use of various sources
to construct a risk curve assumes an equitoxicity of particles, consistent with evaluations by US EPA
and WHO. However, current evidence suggests there are differences in health impact by source,
size, and chemical composition. This is seen when comparing studies of ambient and household
particulate matter. As this body of evidence grows, we will continue to re-examine our strategy for
the integrated exposure-response curve. For now, the IER is a practical solution to fill gaps in the
literature where we do not have sufficient evidence such as household air pollution exposures and
ambient in highly polluted areas.
Additionally, currently the exposure concentrations used for both SHS and AS data points when
fitting the IER are contrasted with the TMREL and do not take into account ambient particulate
matter pollution. In future iterations of fitting the curve, we will test alternate approaches, including
a similar approach to HAP, allowing each data point to inform the curve on the range of Exp OAP to
(Exp OAP + Exp AS/SHS ).

Relative risk and proportional PAF approach
For GBD 2017 we developed a new approach to use the IER for obtaining PAFs for both OAP and
HAP. Previously, relative risks for both exposures were obtained from the IER as a function of
exposure and relative to the same TMREL. In reality, were a country to reduce only one of these risk
factors, the other would remain. We failed to consider the joint effects of particulate matter from
outdoor exposure and burning solid fuels for cooking.
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In GBD 2017, relative risks were still estimated from the output of the IER curve. Everyone is
exposed to some level of OAP, but only a proportion of the population in each location-year use
solid cooking fuel and are exposed to HAP. For the proportion of the population not exposed to HAP
the relative risk was obtained by RR OAP = IER(z = Exp OAP ) and used to calculate the PAF for each
location based on the population-weighted exposure.
For the proportion of the population exposed to both OAP and HAP, we calculated a joint relative
risk from the IER by RR OAP+HAP = IER(z = Exp OAP +Exp HAP ). This joint relative risk is used to calculate a
joint PAF for each location. PAF calculation is detailed in the methods appendix. For each location,
we proportioned the joint PAF based on the proportion of exposure due to OAP and HAP
respectively. See the table below for equations used to calculate proportional PAFs.

PAF

Population not exposed to HAP

Population exposed to HAP

OAP

PAF OAP

(Exp OAP /(Exp OAP +Exp HAP ))*PAF OAP+HAP

HAP

0

(Exp HAP /(Exp OAP +Exp HAP ))*PAF OAP+HAP

Generally, as expected, this new strategy led to lower PAFs for both ambient and household
particulate matter pollution.
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Household Air Pollution Capstone Appendix
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Input Data & Methodological Summary
Exposure
Case definition
Exposure to household air pollution from solid fuels (HAP) is defined as the proportion of households
using solid cooking fuels. The definition of solid fuel in our analysis includes coal, wood, charcoal, dung,
and agricultural residues.
Input data
Data were extracted from the standard multi-country survey series such as Demographic and Health
Surveys (DHS), Living Standards Measurement Surveys (LSMS), Multiple Indicator Cluster Surveys (MICS),
and World Health Surveys (WHS), as well as country-specific survey series such as Kenya Welfare
Monitoring Survey and South Africa General Household Survey. To fill the gaps of data in surveys and
censuses, we also downloaded and updated HAP estimates from WHO Energy Database and extracted
from literature through systematic review. Each nationally or sub-nationally representative data point
provided an estimate for the percentage of households using solid cooking fuels. Estimates for the usage
of solid fuels for non-cooking purpose were excluded, i.e. primary fuels for lighting. The database, with
estimates from 1980 to 2017, contained about 680 studies from 150 countries. As updates to systematic
reviews are performed on an ongoing schedule across all GBD causes and risk factors, an update for
household air pollution will be performed in the next 1-2 iterations.
Modelling strategy
Household air pollution was modelled at household level using a three-step modelling strategy that uses
linear regression, spatiotemporal regression and Gaussian Process Regression (GPR). The first step is a
mixed-effect linear regression of logit-transformed proportion of households using solid cooking fuels.
The linear model contains maternal education, proportion of population living in urban areas, and
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lagged-distributed income as covariates and has nested random effect by GBD region, and GBD super
region respectively. The full ST-GPR process is specified elsewhere this appendix. No substantial
modelling changes were made in this round compared to GBD 2016.

Theoretical minimum-risk exposure level
For cataract, the TMREL is defined as no households using solid cooking fuel. For outcomes that utilise
evidence based on the Integrated Exposure Response (IER), the TMREL is defined as uniform distribution
between 2.4 and 5.9 ug/m3.

Relative risks
In addition to the previously included outcomes of lower respiratory infections (LRI), stroke, Ischemic
Heart Disease (IHD), Chronic Obstructive Pulmonary Disease (COPD), lung cancer, and cataract, in GBD
2017 we added Type II Diabetes as a new outcome of household air pollution. The relative risk for
cataracts was extracted from a meta-analysis and is 2.47 with 95% (1.61, 3.73).1 GBD currently only
estimates cataracts as an outcome for females.
In GBD 2017, we adopted a new approach for risk attribution using the Integrated Exposure-Response
Function (IER). Updates to the IER and the new joint-estimation PAF approach is described in the
Ambient Particulate Matter appendix.

PM 2.5 mapping value
In order to use the IER curve, we must estimate the exposure to particulate matter with diameter of less
than 2.5 micrometers (PM 2.5 ). Since GBD 2015 we have been using a mapping model relying on a
database of now almost 90 studies which measures PM 2.5 exposure in households using solid cooking
fuel. Using socio-demographic index and study-level factors as covariates, we predict exposure for all
location-years.
In GBD 2017, we updated the model to estimate the individual exposure to PM 2.5 over and above
ambient levels due to the use of solid cooking fuel. We did this by subtracting off the estimated ambient
level PM 2.5 for the location-year of each study in the database before inputting them into the model. By
doing this we have independent estimates for PM 2.5 exposure due to ambient and household solid fuel
use.
These exposures are cross-walked to values for men, women, and children by generating the ratio of
each group’s mean exposure to the overall mean personal exposure. The resulting location, year, sex,
and age specific PM 2.5 exposure values are used as inputs in the IER and attributable burden calculation
process.
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Ambient Ozone Pollution Capstone Appendix
Flowchart

Input data and methodological summary
Exposure
Case definition
For GBD 2017, exposure to ozone pollution is defined as the seasonal (6 month period with highest
mean) 8 hour daily maximum ozone concentrations, measured in ppb. This was an update from the
previous exposure metric in accordance with an update of the American Cancer Society Cancer
Prevention Study II (ACS CPS-II).1
Input data
Previously, exposure estimates were based on a chemical transport model with no measurement
database or evaluation. In GBD 2017, exposure estimates incorporated a new comprehensive ozone
measurement database (TOAR).2 This enabled a continent-specific weighted blend of 6 chemical
transport models with grid cell level bias correction. The use of ground measurements also enabled the
incorporation of error estimation, where previously we had assumed a +/- 6% error. The output of this
model is a global raster of ozone exposure which is a summary for the years 2008-2014.3
Modelling strategy for trends
To estimate ozone concentrations over time, we used the trend from the former GBD model for 1990,
2000, and 2010 and cubic splines for 1995, 2005, and 2011, after applying an adjustment for the
difference in trends between the previous (1 hour daily maximum) and current (8 hour daily maximum
metrics. Annualised rate of change was used to predict for the years 2012-2017.

Theoretical minimum-risk exposure level
The TMREL of ozone was updated this year based on the exposure distribution from the updated ACS
CPS-II study.1 A uniform distribution was drawn around the minimum and 5th percentile values
experienced by the cohort, defined as ~U(29.1, 35.7), in ppb.
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Relative risks
Since the inclusion of ozone in GBD 2010 the relative risk of ozone exposure for respiratory COPD
mortality has been defined to be 1.029, 95% C.I. (1.01-1.048) per 10 ppb of ozone exposure. Note that
this comes from one study that looked at all respiratory mortality.4 For GBD 2017, we performed a
literature review and included five cohorts from Canada, the UK, and the US which all measured COPD
mortality. For cohorts with multiple analyses we chose the most recent analysis. We found a resulting
relative risk of 1.06, 95% C.I. (1.02, 1.10).
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