
Appendix 1: Methods appendix to “Global burden of 369 diseases and 
injuries in 204 countries and territories, 1990–2019: a systematic 
analysis for the Global Burden of Disease Study 2019” 

This appendix provides further methodological detail for “Global burden of 369 diseases and injuries 
in 204 countries and territories, 1990–2019: a systematic analysis for the Global Burden of Disease 
Study 2019.”  

Portions of this appendix have been reproduced or adapted from Roth et al.,1 James et al.,2 Kyu et al.,3  
and Stanaway et al.4 References are provided for reproduced sections. 



Preamble 

This appendix provides further methodological detail for “Global burden of 369 diseases and injuries 
in 204 countries and territories, 1990–2019: a systematic analysis for the Global Burden of Disease 
Study 2019.” This study complies with the Guidelines for Accurate and Transparent Health Estimates 
Reporting (GATHER) recommendations.5 It includes detailed tables and information on data to 
maximize transparency in our estimation processes and provides 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 (GBD). 
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 GBD overview 

Section 1.1 Geographic locations of the analysis 

We produced estimates for 204 countries and territories that were grouped into 21 regions and seven 
super-regions (section 8, table S3). The seven super-regions are central Europe, eastern Europe, and 
central Asia; high income; Latin America and the Caribbean; north Africa and the Middle East; south 
Asia; southeast Asia, east Asia, and Oceania; and sub-Saharan Africa. For GBD 2019, nine countries and 
territories (Cook Islands, Monaco, San Marino, Nauru, Niue, Palau, Saint Kitts and Nevis, Tokelau, and 
Tuvalu) were added, such that the GBD location hierarchy now includes all WHO member states. This 
round, GBD includes subnational analyses for several new countries and continues to analyse at 
subnational levels countries that were added in previous cycles. Subnational estimation in GBD 2019 
includes five new countries (Italy, Nigeria, Pakistan, the Philippines, and Poland) and 16 countries 
previously estimated at subnational levels (Brazil, China, Ethiopia, India, Indonesia, Iran, Japan, Kenya, 
Mexico, New Zealand, Norway, Russia, South Africa, Sweden, the UK, and the USA). All analyses are at 
the first level of administrative organisation within each country except for New Zealand (by Māori 
ethnicity), Sweden (by Stockholm and non-Stockholm), the UK (by local government authorities), and 
the Philippines (by provinces). All subnational estimates for these countries were incorporated into 
model development and evaluation as part of GBD 2017. To meet data use requirements, in this 
publication we present subnational estimates for Brazil, India, Indonesia, Japan, Kenya, Mexico, Sweden, 
the UK, and the USA); given space constraints, these results are presented in appendix 2 instead of the 
main text. Subnational estimates for China are included in maps but are not reported in appendix tables. 
Subnational estimates for other countries will be released in separate publications.   

For GBD 2019, we have also defined locations as standard locations and non-standard locations. 
Standard GBD locations are defined as the set of all subnationals belonging to countries where data 
quality is high and with populations over 200 million, in addition to all other countries. Standard 
locations include the subnationals for China, India, the USA, and Brazil, but not Indonesia; data for 
China, India, the USA, and Brazil are also included at the country level. All other countries with 
subnational estimates are defined as non-standard locations.  

Section 1.2: Time period of the analysis 
We estimated numbers and rates of incidence, prevalence, years lived with disability (YLDs), and 
disability-adjusted life-years (DALYs) for the years 1990–2019; we estimated deaths and years of life lost 
(YLLs) for 1980–2019.  

Section 1.3: GBD cause list 
The GBD cause and sequelae list is organized hierarchically (see table S2) to accommodate different 
purposes and needs of various users.  

The first two levels aggregate causes into general groupings. At Level 1 there are three cause groups: 
communicable, maternal, neonatal, and nutritional diseases (Group 1 diseases); non-communicable 
diseases (Group 2); and injuries (Group 3). These Level 1 aggregates are subdivided at Level 2 of the 
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COMO comorbidity correction 
COPD chronic obstructive pulmonary disease 
CSMR cause-specific mortality rate 
CSV comma-separated values 
DALYs disability-adjusted life-years 
DisMod-MR disease model-Bayesian meta-regression 
DSP disease surveillance points 
DW disability weights 
EDU15+ mean education for those 15 years old and older 
EMR excess mortality rate 
GATHER Guidelines for Accurate and Transparent Health Estimates Reporting 
GBD Global Burden of Diseases, Injuries, and Risk Factors Study 
GBS Guillain‐Barré syndrome 
GHDx Global Health Data Exchange 
HALE Healthy Life Expectancy 
HAQ Healthcare Access and Quality 
HAT human African trypanosomiasis 
HDI Human Development Index 
ICD- International Classification of Diseases  
IFD in-facility delivery 
IHME Institute for Health Metrics and Evaluation 
iNTS invasive non-typhoidal salmonella 
LASSO least absolute shrinkage and selection operator 
LDI lag-distributed income per capita 
LMER linear mixed effects regression 
MAD median absolute deviation 
MCCD Medical Certification of Causes of Death 
MEPS Medical Expenditure Panel Surveys 
MMR maternal mortality ratio 
MR-BRT meta-regression—Bayesian, regularised, trimmed 
NESARC National Epidemiological Survey on Alcohol and Related Conditions 
NSMHWB Australian National Survey of Mental Health and Wellbeing of Adults 
NTDs neglected tropical diseases 
PAF population attributable fraction 
PAHO Pan American Health Organization 
PHMRC Population Health Metrics Research Consortium 
RMSE root mean square error 
SCD Survey of Causes of Death 
SD Standard deviation 
SDI Socio-demographic Index 
SF-12 Short Form 12 questions 
SRS Sample Registration System 
ST-GPR spatiotemporal Gaussian process regression 
TFR total fertility rate 
TFU25 total fertility rate for those younger than 25 years old 
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 GBD 2019 Causes of Death database 

Background 
All available data on causes of death (CoD) data are standardised and pooled into a single database used 
to generate cause-specific mortality estimates by age, sex, year, and geography. Appendix figures 1 and 
2 show the high‐level view of data inputs, analytical steps, and outputs of the CoD analysis frame. Section 
2 of this appendix provides details on each step in the development of the CoD database as illustrated in 
appendix figure 1.  

 CoD data identification1 

 Overview of data types 
The CoD database contains seven types of data sources (table S4): vital registration (VR), verbal 
autopsy (VA), cancer registry, police records, sibling history, surveillance, survey/census, and minimally 
invasive tissue sample (MITS) diagnoses. In countries with complete VR systems, there is no need to use any other 
data source. Less than half the world’s population has deaths captured in a VR system, therefore, for countries 
with incomplete VR systems, vital statistics for causes of death may be supplemented with other data 
types (appendix figure 3). 

 ICD-detail 
A majority of the CoD data is VR data obtained from the World Health Organization (WHO) Mortality 
Database, a compilation of data submitted to the WHO by individual countries. VR is also obtained 
from country‐specific mortality databases operated by official offices. Each cause is coded directly to 
the most detailed CoD when possible, whereas cause codes in data tabulated by International 
Classification of Disease (ICD-) are coded to aggregated cause groups. The CoD database contains 2,525 
country‐years of detailed data from 1980 to 2018, which includes underlying CoD coded with 3–5 digit 
codes, by country, year, sex, and age groups. Detailed causes are coded to one of the following ICD-
detail coding systems: ICD-8, ICD-9, or ICD-10 (table S5). Each coding system has a similar cause 
hierarchy and cause list that has continually developed over time. ICD-10 is the current standard and 
the most exhaustive cause list. Within the cause lists, 5‐digit codes are truncated to 4‐digit codes to 
condense the lists. Updates to ICD-detail occur biannually as WHO releases new versions or as country 
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collaborators provide additional data. Updates to data from WHO increasingly include ICD-10 CoD data 
as it is the most current classification of CoD, while updates to ICD-8 and ICD-9 detailed lists are less 
common. In the case of overlapping data, preference is given to data from pre‐determined country 
collaborations, which are updated annually. 

 ICD-tabulations list 
The ICD tabulation lists include the ICD-8 List A (ICD-8A), ICD-9 Basic Tabulation List (BTL), ICD-10 
Mortality Tabulation, Russia Tabulation, and India Medical Certification of Cause of Death (MCCD). 
These data sources make up 1096 country‐years from 1980 to 2016 in the CoD database. All are 
condensed versions of the ICD-8, ICD-9 and ICD-10 detail lists with some differences in the format 
of cause lists depending on the data source. ICD-8A, ICD-9 BTL, and ICD-10 Mortality Tabulation CoD 
are assigned to subtotal groups (referred to as chapters) and cause groups respective to ICD-detail 
groups. Additionally, ICD-9 BTL includes ICD-9 detail codes for some cancers and a custom tabulation 
scheme for the former Union of Soviet Socialist Republics (USSR) countries. The Russia Tabulation lists 
and India MCCD cause lists each have custom nomenclatures based on ICD-detail cause codes. 

Two of the drawbacks in using tabulation lists are discrepancies in the accuracy of death counts and 
lack of detail due to aggregated cause groups. There are instances where the sum of deaths in 
chapter subtotals are not equal to the sum of cause groups within the chapter. To account for any 
missing or duplicate deaths reported within the cause groupings, death counts are systematically 
adjusted by calculating the differences between subtotals and sub‐causes within the cause groups. 
Any differences are assigned to a remainder cause group. To account for the lack of cause code 
detail, select cause groups are disaggregated (Step 1.1) to create a complete cause list. Updates to 
ICD tabulation lists obtained from WHO occur less frequently compared to ICD-detailed lists as more 
countries are reporting deaths in ICD-detail. In instances of overlapping data, preference is given 
first to detailed collaborator data, followed by detailed WHO data, then tabulated collaborator data, and 
finally tabulated WHO data.  

 China Disease Surveillance Points /China Center for Disease Control and Prevention 
The two primary sources of data for China are surveillance data from the China Disease Surveillance 
Points (DSP) system and VR data collected by the Chinese Center for Disease Control and Prevention 
(CDC). In the China DSP data, deaths were reported across 145 disease surveillance points used from 
1991 to 2003, 161 disease surveillance points from 2004 to 2012, and 605 disease surveillance points 
from 2013 to 2017. While China DSP with ICD-10 coding is considered sample VR data, it provides 
national coverage and cause detail. Thus, it receives similar processing and treatment to the China CDC 
VR from 2008 to 2016. From 2008 to 2017, all of the deaths and CoD information from the DSP system 
and other system points throughout China were collected and reported via the Mortality Registration and 
Reporting System, an online reporting system of the Chinese CDC. The deaths in these data are reported 
at the strata level, a metric that is specific to China. Counties are stratified by urban and rural 
classification, but definitions of urbanity vary across counties. In Step 7, we use a method developed to 
scale up deaths from strata level to the province level. 
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 Sample registration system 
Sample registration systems are expanding in several countries, and are key sources of data in 
Indonesia and India. The Sample Registration System (SRS) is a dual-record system wherein a resident 
part-time enumerator continuously records births and deaths in each household within the sample 
unit every month. A full-time SRS supervisor thereafter independently collects the vital events along 
with other related details for each of the preceding six month periods during the calendar year.  

 India Medical Certification of Cause of Death 
The India MCCD has data for the urban parts of the majority of the states and union territories beginning 
in 1980. Deaths reported in this data source have been medically certified and are considered VR data. 
The CoD are reported in a tabulation list with a unique numbering scheme that conforms to ICD-9 and 
ICD-10 detail codes, which must be disaggregated. MCCD is state‐split to fill in data gaps (Step 1.2 State 
Splitting) prior to age‐sex splitting. Because SRS is widely considered a more credible assessment of CoD 
in India, we chose to use MCCD data only in certain cases for modelling with cause of death ensemble 
modelling (CODEm). We preserved MCCD data in the database for two primary reasons. First, where the 
three midpoint years of SRS data resulted in the loss of a clear time trend, as was the case for maternal 
mortality, we chose to preserve MCCD in addition to SRS. Second, MCCD has an advantage over SRS in 
cases where VA is not a valid instrument for ascertaining CoD, like encephalitis and dengue fever. In 
these cases, we kept MCCD over SRS. 

 Verbal autopsy1 

 Verbal autopsy coded to ICD-10 and other lists 
In countries without VR systems, VA studies are a viable data source to inform CoD. Data are obtained 
by trained interviewers who use a standardised questionnaire to ask relatives about the signs, 
symptoms, and demographic characteristics of recently deceased family members. CoD is assigned based 
on the answers to the questionnaires.  

VA data are highly heterogeneous: studies use different instruments, different cause lists (from single 
causes to full ICD cause lists), different methods for assigning CoD, different recall periods, and 
different age groups. Cultural differences may also affect the interpretation of specific questions. CoD 
validity must be considered when mapping to a GBD cause. VAs are likely accurate in assigning CoD to 
road injury or homicide but less accurate for causes requiring medical certification, such as 
cardiovascular causes. Studies may also occur as stand-alone assessments or as part of an extended 
network, such as The International Network for the Demographic Evaluation of Populations and their 
Health (INDEPTH) Network6— a continuous surveillance source with several Demographic Surveillance 
Systems sites that collect data coded to ICD-detail causes. 

 InterVA-modelled verbal autopsy 
InterVA (Interpreting Verbal Autopsy), a set of computer models intended to facilitate interpreting VAs, 
was found to be non-credible by the Population Health Metrics Research Consortium (PHMRC).7 As a 
result, InterVA-modelled VAs are typically excluded from our analysis because of low validations, 
except for injuries and maternal causes, used to fill gaps and stabilise patterns. 
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 Other data types 

Section: 2.2.3.1 Maternal mortality data 
In locations with low‐quality, or no VR, maternal mortality metrics can be found in surveillance, surveys, 
census, and sibling history data sources. The best data have death counts due to maternal causes and the 
total number of deaths for women within the reproductive ages of 10–54 by year. If a data source is 
missing these components, creating a complete cause list is necessary by using live births and all‐cause 
mortality deaths.8 Though death counts are the preferred metric, maternal mortality is often measured 
by using the maternal mortality ratio (MMR), which is easily converted to deaths by using live births. The 
China Maternal and Child Surveillance data is adjusted by scaling data from the strata to the province level 
(Step 7). 

Section: 2.2.3.2 Surveys and censuses reporting fraction of deaths due to selected injuries 
Surveys and censuses are often used in countries with less developed VR systems; in countries with 
adequate VR, surveys and censuses are supplementary. Much like VAs, the CoD validity is a concern 
because of lack of medical certification at the time of death. For these data sources, we keep only 
causes related to maternal mortality and injuries. The remaining causes are accounted for as a 
remainder of total deaths in the sample size. 

 Police records 
In most countries, police and crime reports are an important source of information for some types of 
injury deaths, notably road injuries and interpersonal violence. Our police data come from reports on 
road traffic and crime trends. The police reports used in this analysis were obtained from published 
studies, national agencies, and institutional surveys such as the United Nations (UN) Crime Trends survey 
and the UN Office on Drugs and Crime Global Study on Homicides. We assessed whether police reports 
were likely to be complete and to cover the entire country by comparing police trends with those seen 
in VR. Data are excluded in instances where police data for road traffic injuries are significantly lower 
than the VR. Police data that meet our inclusion criteria and provide complete coverage are uploaded to 
the database for use in road injuries and interpersonal violence deaths estimation.  

 Population-based cancer registries 

Section 2.2.5.1 Cancer registries with incidence 
Data on cancer incidence were sought from individual population-based cancer registries as well as 
from databases that include multiple registries, including Cancer Incidence in Five Continents, 
NORDCAN, and EUREG. Cancer registries were identified through the membership list of the 
International Association of Cancer Registries, through the GBD collaborator network, through 
publications, or through the GHDx. Registries were excluded if they were not representative of the 
coverage population, if the data were limited to years prior to 1980, if the source did not provide 
details on the population covered, or if the list of cancer types included was not comprehensive for the 
age group covered. Beginning in GBD 2019, childhood cancer-specific population-based cancer registry 
data were sought and included. 

Section 2.2.5.2 Cancer registries with incidence and high-quality mortality data 

23



In addition to incidence, some high‐quality cancer registries also report cancer mortality data. These 
data were also extracted and used as inputs to the mortality‐to‐incidence model. 

 Standardise input data (step 1)1 
The input data to the CoD database are received in various formats and must be standardised to run 
through central CoD machinery to then upload to the database. Raw data inputs come from data 
sources such as mortality databases, literature reviews, or reports. Usable data sources must have a 
clear sample size of the number of deaths in the population and exhaustive cause lists. The complexity 
of the data cleaning process varies drastically across data sources. For VR microdata with the location, 
age, sex, year, and ICD-coded cause of every death, very little effort is necessary to standardise it into 
a consistent structure. Other sources may require weeks of careful review to accurately extract scans 
of hardcover CoD reports into spreadsheets that can be transformed and standardised. 

At this point, data are assigned source identifiers so that they can be linked to the GHDx and cited 
appropriately. Any aggregate age and sex categories are flagged for age‐sex splitting. The methods of 
cause‐of‐death assignment and data collection are reviewed to determine which source type to assign; 
for example, we distinguish sibling history data from surveys with a VA module. Only data at the most 
detailed level of the GBD location hierarchy are used. Documentation from the source is reviewed to 
determine if the population is representative of the location or only a subset of the population in that 
location. Data sources representing a subset of the population are flagged as non‐representative; this 
flag is used by Cause of Death Ensemble modelling (CODEm) to increase the variance associated with 
such data points. 

Finally, diagnostics are reviewed at this stage to avoid sending cleaning errors downstream. We review 
cause‐specific deaths for each demographic group to ensure the data are reasonable. For example, it is 
unlikely that male breast cancer deaths are higher than female breast cancer deaths or deaths from 
neonatal causes occur in age groups over one year. All death totals are compared with the sum of cause‐
specific deaths to ensure the observed deaths are accounted for and sample size is complete. 

 Disaggregation (step 1.1) 
CoD in tabulated VR data are condensed into aggregated groups, some of which can be mapped 
directly to GBD causes, while other aggregated cause groups are not informative and cannot be 
mapped to them. To correct for this, aggregated causes were mapped and split onto multiple ICD-8, 
ICD-9, and ICD-10 detail causes, or targets, based on the ICD groupings within the aggregated causes. 
ICD-8, ICD-9, and ICD-10 detail codes serve as targets because they are the highest-quality VR data and 
enable the calculation of proportions used to split the aggregated cause data into detailed causes. The 
proportions of deaths from nearby countries within the super-region were used to fill in data gaps as 
they were likely to have similar CoD trends. 

We determined the targets based on detail causes missing from the tabulated cause list. For example, 
in ICD-9 BTL, the tabulated cause list includes a viral diseases group. In the hierarchy of causes, this 
group is comprised of “measles”, “yellow fever”, “encephalitis”, “hepatitis”, “rabies”, “other infectious 
diseases”, “garbage code”, and “remainder of viral diseases”. We did not consider this list to be an 
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exhaustive list of viral diseases based on the range of ICD-detail codes given in the ICD-9 BTL 
documentation. To make the cause list exhaustive and inclusive of other viral diseases, we split the 
remainder of the viral diseases group into “other meningitis”, “other infectious diseases”, “herpes”, 
“dengue”, “other neglected tropical diseases”, and “garbage code”. After a list of targets was 
determined, the aggregated deaths were disaggregated to the target causes by using ICD-8, ICD-9, and 
ICD-10 detail proportions generated at the super-region level for the corresponding sex and age groups 
across all years in the time series. For example, in ICD-9 detail data, 54.8% of deaths in males in Latin 
America and the Caribbean within the target group for the BTL “remainder of viral diseases” group were 
designated to “other meningitis.” Thus, 54.8% of deaths in the tabulated group “remainder of viral 
diseases” were assigned to “other meningitis” for any country within that particular super-region. For 
any cause and demographic group for which we lacked ICD-detail, global proportions were used. 

 State splitting (step 1.2) 
Two sources for CoD estimation in India are the MCCD report, which reports medically certified deaths 
from health facilities in mostly urban areas9, and the SRS, which collects information via VA about one-
half of 1% of the total population in India, including both urban and rural areas, from 8853 sampling 
units as of 2014.10 For MCCD, missing data impedes estimation of trends at the state level. We used a 
first‐order, log‐linear model of the four‐way contingency table of deaths by sex, age, state, and year to 
estimate the missing state‐years. We fit the model to all available data for MCCD separately for each 
cause, including state‐specific all‐age measurements and age‐specific national measurements. From 
this, we produced estimates for each combination of sex, age, state, and year. We then used these 
estimates wherever the raw data did not include sex‐specific, age‐specific, and state‐specific death 
counts. 

For MCCD, the model was fit separately for ICD-10‐based and ICD-9‐based reports by using the 
tabulated cause list present in the data. 

 Calculate non‐maternal deaths (step 1.3) 
In cases when maternal mortality metrics do not include both deaths due to maternal causes and 
deaths due to non‐maternal causes for women of reproductive age, live births and all‐cause mortality 
estimates can be used to calculate deaths. Many studies report maternal deaths as the MMR. MMR is 
the number of maternal deaths per 100,000 live births and can be used to calculate deaths when it has 
been derived from primary data and not estimated. Maternal deaths were calculated by using MMR 
and live births; if live births were missing we substituted live birth estimates and used the following 
equation: 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ𝑠𝑠 =  
𝑀𝑀𝑀𝑀𝑀𝑀

100,000
× 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏ℎ𝑠𝑠 

If a study was non‐representative, we extracted sample size and live births from that study. After 
maternal deaths were calculated, we used the difference from all‐cause mortality estimates to 
determine non‐maternal deaths. 
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A more accurate and data-inclusive method of calculating maternal and non‐maternal deaths 
incorporates coverage and splits deaths for a range of years into individual years. If there were live 
births in the study, we adjusted the coverage. 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 =
𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏ℎ𝑠𝑠

𝐺𝐺𝐺𝐺𝐺𝐺 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏ℎ𝑠𝑠
 

After coverage was calculated, totals deaths were scaled to be more representative. This gives a more 
accurate death count since the envelope assumes representative coverage. We then calculated non‐
maternal deaths by using all‐cause mortality as an all‐cause total. 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 × 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 

An additional adjustment can be applied to maternal data spanning over a range of consecutive years, 
which allows for more data inclusion. The years within specified year ranges are separated into 
individual years, and total deaths within the year range were split between each individual year by using 
the fixed proportions of maternal deaths from VR in that particular country. We used only VR data to 
inform the proportions because it was both high-quality and representative. 

 Map to GBD cause list (step 2)1 
In GBD 2019, we used 439 maps to translate causes found in the input data to the GBD 2019 cause list. 
This included 31 maps for VR data, 314 for VA data sources, and 98 for other data types. The largest, 
and most universal, maps used were those for ICD-9 and ICD-10 VR data. The input data causes varied 
from 3–4 digit ICD codes to custom cause lists with cause names such as “cholera” or “hepatitis”. Our 
mapping process enabled us to compare these various data sources across demographic groups. 

A crucial aspect of enhancing the comparability of data for cause of death is to deal with uninformative, 
so‐called garbage codes. Garbage codes are codes to which deaths were assigned that cannot or should 
not be considered as the underlying cause of death, for example: heart failure, ill‐defined cancer site, 
senility, ill‐defined external causes of injuries, and septicaemia. In GBD 2019, we developed additional 
maps to translate ICD- codes found in the input data that are non-underlying causes to appropriate 
target codes based on the levels of the GBD cause list. These garbage codes were mapped to Levels 1–4 
of the GBD cause list according to the following criteria:  

1. Level 1 includes all garbage codes for which a Level 1 GBD cause cannot be directly assigned. For 
example, the underlying causes of “sepsis” or “peritonitis”, if not specified in the data, could be an 
injury, a non-communicable disease, or a type of communicable disease. In these cases, deaths will be 
redistributed across all three of these Level 1 causes. In addition, deaths coded to impossible or ill-
defined causes of death (including “senility” and “unspecified causes”) fall into this category, as they will 
be redistributed onto all causes.  

2. Level 2 includes all garbage codes that can be assigned to Level 1 causes in the GBD cause list. This 
would include deaths coded to “unspecified injuries” (X59), which are redistributed onto all injuries.  
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3. Level 3 includes all garbage codes for which we know the Level 2 CoD and can redistribute onto Level 
3 causes. This includes deaths coded to causes such as “unspecified cardiovascular disease”, which falls 
within the Level 2 cause “cardiovascular diseases”, as well as those coded to “unspecified cancer site”, 
which falls within the Level 2 cause “neoplasms”.  

4. Level 4 includes all garbage codes for underlying causes of death that can be redistributed within a 
Level 3 cause. This includes garbage codes such as “unspecified stroke” or “unspecified road injuries.”  

 Age-sex splitting (step 3)1 
Different sources, particularly VA studies, report deaths for a wide range of age groups with varying 
intervals. For the analysis of CoD, we mapped these different age intervals to the GBD standard set of 
age groups. The approach to undertake this mapping was the same as in the prior GBD studies (GBD 
2017, GBD 2016, GBD 2015, GBD 2013, and GBD 2010). 

In the process of assembling a consolidated demographic database, we found that the aggregation of 
age groups is perhaps the strongest source of inconsistency. By convention, such data are reported in 
broad age groupings such as 0–4, 5–14, and 15–49, or with both sexes together. The issue of 
comparability between age‐sex groups arose when assembling the GBD CoD database. We developed a 
tool called age‐sex splitting that takes aggregated age groupings and the “both sexes combined” 
grouping and divides them into what their constituent age groups would likely have been if respective 
cause‐specific and country‐specific age distributions had been used. The analytical framework for GBD 
includes three infant age categories: early neonatal (0–6 days), late neonatal (7–27 days), and post-
neonatal (28–364 days), and 20 non‐infant age categories: 1–4 years, 5–9 years, and so forth proceeding 
in five‐year age groups until the terminal age group of 95 years and older. We treat unknown ages and 
sexes in the same manner we treated the “all ages combined” age category and “both sexes combined” 
sex group. Through this process, we were able to directly compare all data sources on even terms. 

The approach to age splitting is based on the following formula. The key assumption underlying this 
formula is that the relative risk of death by age group compared to a reference age group is invariant 
across populations. Although this assumption is likely violated in specific cases, a strong biologically 
based pattern of the relative risk of death for a cause by age is observed for most causes. The basic 
formula is as follows: 

𝐷𝐷𝑎𝑎 = 𝑅𝑅𝑎𝑎𝑁𝑁𝑎𝑎(
𝐷𝐷𝑎𝑎𝑎𝑎+𝑥𝑥

∑ (𝑅𝑅𝑎𝑎𝑁𝑁𝑎𝑎)𝑎𝑎+𝑥𝑥
𝑎𝑎

) 

Where: 

𝐷𝐷𝑎𝑎= the number of deaths from a cause in age group a 

𝑅𝑅𝑎𝑎= global cause-specific mortality rate of age group a 

𝑁𝑁𝑎𝑎= the country-year-sex-specific population in age group a  
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𝐷𝐷𝑎𝑎𝑎𝑎+𝑥𝑥= the number of deaths in the age group a to a+x 

With the assumption of invariant relative risks of death by age with respect to a reference age group, this 
equation can be used, along with population distribution by age, to split an aggregate number of deaths 
for the age groups a to a+x into specific deaths for each age group within the aggregate interval. 

𝐷𝐷𝑎𝑎𝑎𝑎 = 𝑅𝑅𝑎𝑎𝑎𝑎𝑁𝑁𝑎𝑎𝑎𝑎(
𝐷𝐷𝑎𝑎𝑎𝑎
𝑎𝑎+𝑥𝑥,𝑠𝑠

∑ (𝑅𝑅𝑎𝑎𝑎𝑎𝑁𝑁𝑎𝑎𝑎𝑎)𝑎𝑎+𝑥𝑥
𝑎𝑎

) 

Where: 

𝐷𝐷𝑎𝑎𝑎𝑎= the number of deaths from a cause in age group a, sex s 

𝑅𝑅𝑎𝑎𝑎𝑎= global cause-specific mortality rate of age group a, sex s 

𝑁𝑁𝑎𝑎𝑎𝑎= the country-year-sex-specific population in age group a for sex s 

𝐷𝐷𝑎𝑎,𝑠𝑠
𝑎𝑎+𝑥𝑥,𝑠𝑠= the number of deaths in the age group a to a+x for sex s 

In some cases, deaths are reported for an aggregate age group for both sexes combined. The task in this 
case is more complicated, but the same principle can be applied. In this case we assumed that the 
relative risks of death by age and sex are constant.  

This equation can be used to split data aggregated by age and sex. The assumption, however, of 
invariant relative risks across age and sex is a stronger assumption. Fortunately, data pooled across 
sexes are less common in the published or unpublished CoD data. 

The relative risk of death in a particular age group for a given sex is derived from the global 
distribution of cause‐specific mortality rates found in available VR data. Location‐years from the 
following code systems are used, provided they report the requisite age‐detail and sex‐detail: ICD-7, 
ICD-8, ICD-9 BTL, ICD-10 tabulated, ICD-9, and ICD-10. Upon compiling these data, we mapped them to 
GBD causes and aggregated up to cause Level 3. This is the level at which a particular cause is split—
that is, any child cause of a Level 3 parent is split by using the age distribution of that parent (so, 
chronic kidney disease due to diabetes would be split by using the age pattern of chronic kidney 
disease). 

We next adjusted separately for estimated adult and child VR completeness. Location‐year‐age‐sex‐
cause specific deaths and population were then aggregated across all location‐years, to produce cause‐
specific mortality rates by age and sex. These were used to determine the risk of death at any age 
relative to any reference age group, as shown in the above equations. 

 Correct age-sex violations 
Occasionally, data sources include deaths by a cause for which medical consensus exists that death is 
impossible for the sex and age. For example, some number of deaths may be attributed to cervical 
cancer in males, or to maternal causes in children younger than 10 years. We have constructed a 
conservative list of age‐sex restrictions. When deaths violate these restrictions, we redistribute them 
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proportionally onto all causes. All restrictions are included in table S5, Restrictions on age and sex by 
cause for GBD 2019.  

 Correction for miscoding of Alzheimer’s and other dementias, Parkinson’s 
disease, and atrial fibrillation and flutter (step 4)1 

 Objective 
For certain causes of death, mortality rates reported in VR systems are impossible to reconcile with 
observed trends in disease prevalence and excess mortality. For dementia, Parkinson’s disease, and 
atrial fibrillation and flutter, these disparities can largely be attributed to death certification practices. 
We sought to address the known bias in CoD data by first identifying the proportion of all deaths that 
should be assigned to these causes and next determining the GBD causes and garbage groups to which 
these deaths are being incorrectly assigned. 

In past GBD iterations, we estimated Alzheimer’s disease and other dementias, Parkinson’s disease, and 
atrial fibrillation and flutter on the basis of longitudinal prevalence and excess-mortality data to help 
account for changing patterns in death certification and corresponding implausible time trends in many 
VR sources. This method was first implemented for Alzheimer’s disease and other dementias in GBD 
2013. We added atrial fibrillation and flutter to the causes modelled in GBD 2015 and Parkinson’s 
disease to the causes modelled in GBD 2016 by using this strategy. All of these causes were processed in 
CoDCorrect in a manner that was agnostic to the likely targets of misclassification, which inappropriately 
led to changes in mortality estimates for causes unrelated to these three in GBD 2015. For GBD 2016, we 
improved this process by completing a literature review to identify the causes of death most closely 
associated with Parkinson’s and Alzheimer’s diseases11–14 and limiting the CoDCorrect adjustments to 
include only those causes. For GBD 2017, we refined this approach further by using multiple CoD data to 
determine the GBD causes and garbage codes from which we move deaths as well as the pattern of 
misclassification. 

 Correction process 
Changes in coding practices for Alzheimer’s diseases and other dementias, Parkinson’s disease and Atrial 
fibrillation and flutter, cause results in spatial-temporal mortality trends that are incompatible with 
prevalence and case-fatality trends. These changes in coding practices are believed to be the result of 
shifting consensus in cause of death certification, meaning there is a bias in vital registration (VR) data 
that needs correction. For Parkinson’s disease and atrial fibrillation and flutter, we first estimated excess 
mortality from prevalence and CoD data in countries with the highest ratio of cause-specific mortality to 
prevalence, which represents the greatest willingness to code to an under-coded cause. Then, using 
DisMod-MR 2.1 (see Section 4.5), we derived estimates of cause-specific mortality rates from available 
prevalence surveys as well as the estimates of excess mortality rate, applied across all countries and 
over time. We divide this value by the all-cause mortality rate to determine the fraction of overall 
mortality to attribute to each under-coded cause. For dementia, the modelling process was redesigned 
in 2019 to no longer depend on vital registration data from the highest dementia mortality locations.  
Instead, we used relative risk data from cohort studies to calculate total number of excess deaths due to 
dementia, and end-stage disease proportions from linked hospital to death records to subset these 
deaths to the proportion of excess deaths with end-stage conditions, which we attributed to dementia. 
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Finally, we used log-linear interpolation to interpolate final estimates of death due to dementia for the 
entire time series, and saved as a custom CoD model.   

To ascertain the causes from which we would move deaths to under-coded causes, we leveraged 
multiple CoD data from the USA—by looking to the combinations of intermediate and immediate causes 
(ie, chain causes) present on death certificates with an under-coded cause listed as underlying, and 
identifying other causes with similar or identical chain causes, we can determine the expected pattern of 
miscoded deaths. 

The first stage in this process is to parse out years we believe coding practices in the USA to be relatively 
stable. For dementia, this “gold standard” dataset features 2010–2015, for Parkinson’s 2005–2015, and 
for atrial fibrillation and flutter 2014–2015. We then collect all deaths in those years with the under-
coded cause listed as underlying and remove any mention of the under-coded cause from the death 
certificate. Next, for each unique chain, we search the entire time series of data (1980–2015) to identify 
the distribution of underlying causes that share that chain. The premise here is that if the diagnosis of 
dementia, Parkinson’s, or atrial fibrillation and flutter were missed, the other causes listed on the death 
certificate would have been the basis for certification. We then reallocate the under-coded deaths by 
chain based on that alternative underlying cause distribution.  

Upon iterating through all unique chains, we are left with a dataset excluding under-coded causes of 
death, each remaining cause able to be subdivided into correctly coded deaths and deaths that have 
been recoded from an under-coded cause by the process described (although not all causes are 
necessarily targeted by the recoding algorithm). The quantity of interest is the ratio of miscoded deaths 
to total deaths by cause, age, and sex in our counterfactual dataset. 

We apply the ratios derived from the multiple cause data to all VR data to determine the local pattern of 
miscoding. In this way, the method is sensitive to the observed epidemiology of a given place and time. 
Then, we calculate the deficit in under-coded cause mortality for each location, year, age, and sex by 
taking the difference in the expected cause fraction based on prevalence and excess mortality compared 
to the proportion of deaths actually certified by the VR system. Finally, we scale the cause-specific 
miscoded deaths to match the deficit and then move them accordingly. We assumed that 
misclassification of actual dementia and Parkinson’s deaths in past years occurred only for reported 
causes of death that might have plausibly been the direct result of dementia or resulted from 
misdiagnosis of other organic brain diseases based on clinical expert judgement. A similar assumption is 
used for atrial fibrillation and flutter, for which only cardiovascular causes and ill-defined garbage codes 
are considered. 

Because the deaths being reallocated vary by location-year, we need a mechanism to ensure plausible 
limits to how many deaths are extracted from each GBD cause and garbage code. To achieve this, we 
first run the above-mentioned algorithm on all 5-star VR data (see Section 2.16 of this appendix for an 
explanation of the star data quality rating system). Then, we determine the 95th percentile of the 
proportion of deaths moved for each GBD cause and garbage code group by age and sex across location-
years among these data. Those values are subsequently stored and applied as the limits for deaths 
moved by this process. 
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 Redistribute (Step 5)1 
A crucial aspect of enhancing the comparability of data for CoD is to deal with uninformative, so‐called 
garbage codes. Garbage codes to which deaths were assigned should not be considered as the 
underlying cause of death—for example: heart failure, ill‐defined cancer site, senility, ill‐defined 
external causes of injuries, and septicaemia. The methods for redistributing these garbage‐coded 
deaths were outlined in detail in Naghavi et al,15 and the underlying algorithm for redistributing deaths 
assigned to these codes has not changed since GBD 2013.  

 Redistribute HIV‐related garbage codes (step 5.1) 
Because of the disparate nature of HIV/AIDS mortality across space and time, dynamic redistribution of 
HIV/AIDS‐related garbage codes was needed (table S6). To inform this redistribution, we generated 
target proportions for each garbage group by age band (under 1 month, 1–59 months, 5–19 years, 20–
49 years, 50–59 years, 60–69 years, 70–79 years, and 80 years and older), five‐year time interval, and 
sex. The garbage groups either target HIV or a remainder target. The allotment of deaths to either of 
these is based on the regional increase in the mortality rate of all codes in the group relative to the 
rates seen from 1980 to 1984—an increase greater than 5% is assumed to be HIV/AIDS‐related, and the 
proportion of those deaths exceeding 5% are redistributed to HIV/AIDS. Any increase less than or equal 
to 5% is then assigned to the remainder target. 

 Regress garbage codes versus non‐garbage codes (step 5.2) 
For each redistribution package, we defined the “universe” of data as all deaths coded to either the 
package’s garbage codes or the package’s redistribution targets for each country, year, age, and sex. We 
then ran a regression based on the following equation separately for each target group and sex: 

𝑇𝑇𝐺𝐺𝑐𝑐𝑐𝑐𝑐𝑐 = 𝛼𝛼 +  𝛽𝛽1𝐺𝐺𝐺𝐺𝐺𝐺𝑐𝑐𝑐𝑐𝑐𝑐 + 𝛽𝛽2𝐴𝐴𝐴𝐴𝐴𝐴𝑐𝑐𝑐𝑐𝑐𝑐𝐺𝐺𝐺𝐺𝐺𝐺𝑐𝑐𝑐𝑐𝑐𝑐 +  𝜃𝜃𝑟𝑟𝐺𝐺𝐺𝐺𝐺𝐺𝑐𝑐𝑐𝑐𝑐𝑐 + 𝛾𝛾𝑟𝑟 + 𝜀𝜀𝑐𝑐𝑐𝑐  

Where: 

𝑇𝑇𝐺𝐺𝑐𝑐𝑐𝑐𝑐𝑐  = percentage of deaths within the given garbage code’s universe that were coded to a 
given target group, by country 

𝐺𝐺𝐺𝐺𝐺𝐺𝑐𝑐𝑐𝑐𝑐𝑐 = percentage of deaths within the given garbage code’s universe that were coded to a 
given set of garbage codes 

𝐴𝐴𝐴𝐴𝐴𝐴𝑐𝑐𝑐𝑐𝑐𝑐  = age interaction term for the fixed effect on the interaction of garbage and age 

𝛼𝛼 = constant 

𝛽𝛽1 = slope coefficient describing the association between 𝐺𝐺𝐺𝐺𝐺𝐺𝑐𝑐𝑐𝑐𝑐𝑐 and 𝑇𝑇𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐  

𝛽𝛽2 = slope coefficient describing the association between the interaction 𝐴𝐴𝐴𝐴𝐴𝐴𝑐𝑐𝑐𝑐𝑐𝑐𝐺𝐺𝐺𝐺𝐺𝐺𝑐𝑐𝑐𝑐𝑐𝑐  and 𝐺𝐺𝑐𝑐𝑐𝑐𝑐𝑐  

𝛾𝛾𝑟𝑟 = region-specific random intercept (or super-region if the random effect on region is not 
significant) 
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𝜃𝜃𝑟𝑟 = region-specific random slope (or super-region if the random effect on region is not 
significant)  

𝜀𝜀𝑐𝑐𝑐𝑐 = standard error, normally distributed and calculated by bootstrapping 

This regression was adjusted from GBD 2013 to include fixed effects on the interaction of garbage and 
age to ensure smooth age patterns. We made this decision after investigating diagnostic visualisations 
that showed unlikely gaps between proportions assigned to different age groups. 

Once proportions were produced for each country, sex, age, and target group, certain adjustments were 
made to conform our packages to the best medical evidence available. In some cases, we implemented 
restrictions on the proportions that the regressions could yield. For example, we did not allow any 
redistribution onto “Chagas disease” outside of Latin America and the Caribbean or “suicide” under the 
age of 15 years. In other cases, we capped the proportion for some targets to the level that would be 
produced from proportional redistribution; for example, “haemoglobinopathy” and “haemolytic 
anaemia” were restricted to the level of proportional redistribution in the redistribution of “left heart 
failure”. Occasionally, further adjustments were made on a case‐by‐case basis per country, age, sex, and 
target group to suppress the impact of outliers based on existing epidemiological evidence and expert 
judgment. 

In GBD 2019, we updated the regressions for stroke and diabetes.  We dropped the proportion of 
garbage from the regression formula and ran regression on high-quality, low proportion garbage data 
(4/5 stars, < 50% GC). We also included all covariates included in the CODEm models for both stroke and 
diabetes.  

 Development of an algorithm for redistribution of garbage codes based on multiple CoD 
data 
Multiple CoD data are a form of individual record causes of death data that include an underlying CoD 
along with other causes in the death chain, including intermediate and immediate causes. By analysing 
this type of data, we can sometimes find the true underlying CoD in other CoD data where the 
underlying cause is a garbage code or a mis-assigned CoD.  

For GBD 2019, this method was expanded and used in redistribution of the following intermediate 
causes: sepsis, embolism (pulmonary and arterial), heart failure (left, right, and unspecified), acute 
kidney injury, hepatic failure, acute respiratory failure, pneumonitis, and unspecified central nervous 
system disorders. Using multiple CoD records for the USA, Mexico, Brazil, Taiwan (province of China), 
Italy, and Colombia we identified the fraction of deaths where the underlying cause of death and the 
intermediate cause was in the causal chain. Using a mixed effect linear regression, we estimated the 
fraction of intermediate-cause related deaths by underlying GBD cause. These fractions were multiplied 
by the GBD 2017 CoDCorrect result to calculate the number of deaths intermediate cause-related 
deaths for each GBD cause. Lastly, we calculated the “intermediate cause fraction”, with total 
intermediate-cause related deaths as the denominator, by age, sex, location, year GBD cause. These 
fractions were used to redistribute the intermediate-cause-related deaths to a GBD cause. An example 
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is given below for sepsis where 𝑎𝑎, 𝑠𝑠, 𝑙𝑙, 𝑦𝑦, 𝑐𝑐 denotes a given age group, sex, location, year, and 
underlying cause of death: 

1. 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 𝛽𝛽𝐻𝐻𝐻𝐻𝐻𝐻 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 + 𝛽𝛽𝑎𝑎𝑎𝑎𝑎𝑎 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 + 𝛽𝛽𝑠𝑠𝑠𝑠𝑠𝑠 + 𝑌𝑌𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 + 𝜀𝜀 

2. 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ𝑠𝑠𝑎𝑎,𝑠𝑠,𝑙𝑙,𝑦𝑦,𝑐𝑐 = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑎𝑎,𝑠𝑠,𝑙𝑙,𝑦𝑦,𝑐𝑐 ∗ 𝐺𝐺𝐺𝐺𝐺𝐺 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ𝑠𝑠𝑎𝑎,𝑠𝑠,𝑙𝑙,𝑦𝑦,𝑐𝑐 

3. 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ𝑠𝑠𝑎𝑎,𝑠𝑠,𝑙𝑙,𝑦𝑦 = ∑ 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ𝑠𝑠𝑎𝑎,𝑠𝑠,𝑙𝑙,𝑦𝑦,𝑐𝑐𝑐𝑐  

4. 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑜𝑜𝑜𝑜 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑡𝑡𝑡𝑡 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑎𝑎,𝑠𝑠,𝑙𝑙,𝑦𝑦 = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ𝑠𝑠𝑎𝑎,𝑠𝑠,𝑙𝑙,𝑦𝑦,𝑐𝑐

𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ𝑠𝑠𝑎𝑎,𝑠𝑠,𝑙𝑙,𝑦𝑦
 

To redistribute X59 and Y34 (unspecified injuries) deaths, we used a multi-step approach that utilised 
the pattern of nature of injury codes in the causal chain in the multiple CoD data. First, we looked at 
deaths where X59, Y34, and GBD injuries causes were the underlying cause of death and got the pattern 
of nature of injury codes in the chain. We then derived a cause-specific redistribution proportion based 
on the probability of a given pattern being coded to X59/Y34 or a GBD injuries cause and summing up 
these proportions for all patterns. An example below is given for X59: 

5. 𝑃𝑃(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑗𝑗|𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 𝑋𝑋59) =  # 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑗𝑗 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ𝑠𝑠 | 𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 𝑋𝑋59
∑ �# 𝑜𝑜𝑓𝑓 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑗𝑗 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ𝑠𝑠 �𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 𝑋𝑋59)𝑚𝑚
𝑗𝑗=0

 

6. 𝑃𝑃(𝐺𝐺𝐺𝐺𝐺𝐺 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖|𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑗𝑗) =  # 𝑜𝑜𝑜𝑜 𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 𝐺𝐺𝐺𝐺𝐺𝐺 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ𝑠𝑠 | 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑗𝑗
∑ (# 𝑜𝑜𝑜𝑜 𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 𝐺𝐺𝐺𝐺𝐺𝐺 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ𝑠𝑠 |𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑗𝑗)𝑛𝑛
𝑖𝑖=0

 

7.  𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝐺𝐺𝐺𝐺𝐺𝐺 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖 =
∑ �𝑃𝑃�𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑗𝑗�𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈59� ∗ 𝑃𝑃(𝐺𝐺𝐺𝐺𝐺𝐺 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖|𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑗𝑗))𝑚𝑚
𝑗𝑗=0   

Where: 

patternj = a given nature of injury code pattern in the chain of the multiple CoD data 

UCoD X59 = a death with X59 coded as the underlying cause of death (UCoD) 

UCoD GBD injuries causei = a death with a GBD injuries causes coded as the UCoD 

We applied these cause-specific redistribution proportions on the data where X59/Y34 were the 
underlying cause of death to get the number of X59/Y34 deaths “attributable” to each GBD injuries 
cause. Then, for each GBD injuries cause in the multiple CoD data, we calculated the fraction of 
redistributed X59/Y34 deaths over the fraction of total injuries death for that cause and modelled this 
intermediate cause fraction using a mixed effects linear regression similar to the one mentioned above.  
Like mentioned above, these fractions were then multiplied by GBD 2017 CoDCorrect results, and the 
cause fractions for X59 and Y34 were calculated by age, sex, location, year, and GBD injuries cause, and 
then used to redistribute X59 and Y34 deaths to GBD injuries causes.  

Additionally, multiple CoD data were used in the correction of the mis-assignment of deaths due to drug 
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overdoses to unintentional other poisoning. More than 90% of these types of poisonings are due to 
exposure to narcotics, psychodysleptics, and other drugs, specified or unspecified. More than 97% of 
these poisonings by substance or drug occurred in ages 15–65 years. These are clearly not cases of 
accidental ingestion of substances but rather deliberate ingestion and unintentional poisoning. Using 
multiple CoD records for the USA, Mexico, Brazil, Taiwan (province of China), Italy, Colombia, Australia, 
and various European countries from 1980 to 2017, we selected all deaths with underlying causes coded 
to X40–X44 (table A below). Table B shows the combination of other potential causes that can be found 
in the multiple CoD data for these underlying causes, and table A shows the ICD-10 codes corresponding 
to these causes. On the basis of Table B, we proportionally redistributed mis-assigned unintentional 
poisoning deaths to one of these causes. The main assumption behind this algorithm is the 
predominance of the fatality of some substances when a combination of drugs is considered. Given the 
combination of different drugs and substances in these codes, opium is the main cause of fatality.16,17 
Other substances, like cocaine, methamphetamine, and alcohol in combination with cannabis are less 
likely to be dominant in fatality.18 

For example, if the multiple CoD data show that 40% of deaths include opioid use disorders as an 
intermediate cause where the underlying cause is X40–X44, the redistribution proportion for opioid use 
disorders will be exactly 40% due to the dominance of the fatality of opioid use disorders compared to 
other drugs in the above table. Additionally, in our final results, cannabis and psychoactive and 
psychedelic drug use disorder deaths were mapped to other drug use disorders. 

Table A. ICD-10 codes for substances or drugs used to assign deaths coded to an underlying cause of 
unintentional poisoning by using multiple CoD data 

Accidental poisoning codes All X40, X41, X42, X43, X44 codes 
Opioid Codes T40.0, T40.1, T40.2, T40.3, T40.4, T40.6, F11.0, 

F11.1, F11.2, F11.3, F11.4, F11.5, F11.6, F11.7, 
F11.8, F11.9 

Amphetamine Codes  T43.6, F15.0, F15.1, F15.2, F15.3, F15.4, F15.5, 
F15.6, F15.7, F15.8, F15.9 

Cocaine Codes T40.5, F14.0, F14.1, F14.2, F14.3, F14.4, F14.5, 
F14.6,  F14.7, F14.8, F14.9  

Psychoactive and psychedelic drug  T40.8, T40.9, T43.6, F16.0, F16.1, F16.2, F16.3, 
F16.4, F16.5, F16.6, F16.7, F16.8, F16.9 

Alcohol Codes T51.0, F10.0, F10.1, F10.2, F10.3, F10.4, F10.5, 
F10.6, F10.7, F10.8, F10.9 

Cannabis Codes  T40.7, F12.0, F12.1, F12.2, F12.3, F12.4, F12.5, 
F12.6, F12.7, F12.8, F12.9 

 
Table B. Multiple cause of death selection algorithm used for redistributing unintentional poisoning causes of 
death to substance or drug use cause of death 

Selection Algorithm  

 
Opioids Cannabis Cocaine Amphetamines Alcohol Psychoactive and 

psychedelic drugs 

Opioids Opioids Opioids Opioids Opioids Opioids Opioids 
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Cannabis Opioids Cannabis Cocaine Amphetamines Alcohol Psychoactive and 
psychedelic drugs 

Cocaine Opioids Cocaine Cocaine Amphetamines 
+ cocaine 

Cocaine + 
alcohol Cocaine 

Amphetamines Opioids Amphetamines Amphetamines 
+ cocaine Amphetamines Amphetamines 

+ alcohol Amphetamines 

Alcohol Opioids Alcohol Cocaine + 
alcohol 

Amphetamines
+ alcohol Alcohol Psychoactive and 

psychedelic drugs 

Psychoactive 
and psychedelic 
drugs 

Opioids 
Psychoactive 
and psychedelic 
drugs 

Cocaine Amphetamines 
Psychoactive 
and psychedelic 
drugs 

Psychoactive and 
psychedelic drugs 

Multiple CoD data were only available to us for the USA, Mexico, Brazil, Taiwan (province of China), Italy, 
Colombia, Australia, and various European countries. Because of this limited sample, we applied the 
result from the multiple CoD analysis from each country to its respective super-region and used global 
proportions for sub-Saharan Africa. We hope for increased availability of multiple CoD data in future 
analyses to achieve a more precise distribution for more locations. 

 Verbal autopsy anaemia adjustment (step 5.3) 
To compensate for the over‐representative cause fractions from anaemia found in VA studies, we 
redistributed these deaths based on the causal attribution of severe anaemia from GBD 2015. The 
proportions were country‐year‐age‐sex specific. 

 Calculate redistribution uncertainty (step 5.4) 
We categorised garbage codes into four levels in order of increasing specificity (see Section 2.4). Some 
garbage codes are redistributed on all causes (eg, unspecified causes of death) and others are only 
redistributed onto specific causes (eg, unspecified cancer). Major garbage refers to garbage codes in 
Levels 1 or 2. Because of the variation in redistribution, estimating uncertainty from garbage 
redistribution for CODEm modelling was an important goal for GBD 2019. 

We assigned redistribution variance to each data point in the CoD database by calculating residual 
variance from a regression predicting the percentage of garbage coded deaths redistributed to a cause, 
given the proportion of garbage codes we observed for that location, year, age, sex, cause, and the age 
standardised relative rate of major garbage codes across all causes. If there is a cause that has greater 
residual variance, we assume greater redistribution uncertainty.  

The two model inputs are the observed percentage of Levels 1, 2, and 3 garbage codes (by cause, age, 
sex, location, and year) in redistributed CoD data and the percentage of garbage codes in the raw data 
(calculated as the age standardised mortality rate ratio of major garbage coded deaths to all deaths in 
the raw data by location, year, and sex). Level 4 garbage codes were excluded from the model to avoid 
over estimating uncertainty in countries with high percentages of major garbage codes. Additionally, the 
classification of Level 4 garbage codes is not stable between successive GBD rounds—for example, 
“unspecified diabetes” was not a garbage code in GBD 2016, and in GBD 2017 was re-classified as a 
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Level 4 garbage code to permit estimation of diabetes by type. These deaths are still taken into account 
later in the uncertainty estimation process. The model predicts the percentage of garbage coded deaths 
redistributed to a cause, given the proportion of garbage codes we observed for that location, year, age, 
sex, cause, and the age standardised relative rate of major garbage codes across all causes. From this 
model, we calculate residual variance. It is important to note that the variance here is a measurement of 
uncertainty of redistribution, not of the level of miscoding in the raw CoD data for a given demographic. 

To calculate variance, a dataset was generated that contained percent garbage by location, year, age, 
sex, and cause, where percent garbage is determined by the equation 

𝑝𝑝𝑝𝑝𝑡𝑡𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 =
𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ𝑠𝑠𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 − 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ𝑠𝑠𝑟𝑟𝑟𝑟𝑟𝑟

𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ𝑠𝑠𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑑𝑑
 

A mixed-effect linear regression model was then fit to predict the logit percent of deaths from 
redistribution by age-standardised relative rate of major garbage codes. 

𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 �𝑝𝑝𝑝𝑝𝑡𝑡𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑒𝑒𝑖𝑖𝑖𝑖�

=  𝛽𝛽0 + 𝛽𝛽1 ∗ log �𝐴𝐴𝐴𝐴𝑅𝑅𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖𝑖𝑖� + 𝛽𝛽2 ∗ 15𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑒𝑒𝑖𝑖𝑖𝑖 + 𝛾𝛾1𝑗𝑗

∗ log �𝐴𝐴𝐴𝐴𝑅𝑅𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑒𝑒𝑖𝑖𝑖𝑖� + 𝑢𝑢𝑗𝑗 + 𝑒𝑒𝑖𝑖𝑖𝑖 ,   𝜃𝜃{𝑖𝑖}~𝑁𝑁(0,𝜎𝜎2) 

Where: 

 𝑖𝑖 indexes dataset-location-year-age-sex-cause data points nested within 𝑗𝑗 groups by GBD region 

 𝐴𝐴𝐴𝐴𝑅𝑅𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑒𝑒𝑖𝑖𝑖𝑖  is age-standardised relative rate of major garbage 

Residual variance, as estimated by the mean absolute deviation, was calculated for each cause, sex, and 
age. 

The next step was to use the residual variance to calculate uncertainty around each data point in the 
CoD database. First, we calculated the percent garbage of each data point by treating all deaths that 
could not be directly mapped to a GBD cause as garbage, including Level 4 garbage codes. Percent 
garbage was calculated as 

𝑝𝑝𝑝𝑝𝑡𝑡𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 =
𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ𝑠𝑠𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 − 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ𝑠𝑠𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ𝑠𝑠𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
 

Where: 

𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ𝑠𝑠𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐: deaths post misdiagnosis correction (Section 2.6) 

𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ𝑠𝑠𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟: deaths post redistribution (Section 2.7) 
 

Residual variance was matched to each data point and 100 draws were sampled from a normal 
distribution by using the cause, age, sex, specific residual variance, and mean of 0. The logit transformed 
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percent garbage was added to each value in the distribution. Each draw was then transformed out of 
logit space, and the post-redistribution deaths were calculated as 

𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ𝑠𝑠 =
𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ𝑠𝑠𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

1 − 𝑝𝑝𝑝𝑝𝑝𝑝_𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔
 

Draws of deaths were processed through noise reduction before calculating the final redistribution 
variance passed to CODEm, which was added to the total data variance. The mean of the draws was not 
used as the final estimate because it was found that the logit transformation biased the distribution of 
cause fractions higher. Instead, only point estimates were used.  

 HIV/AIDS misclassification correction (step 6)1 
In many location-years, certain causes of death known to be comorbid with HIV/AIDS (eg, tuberculosis, 
other infectious diseases) are seen to have age patterns that diverge from those observed in location-
years without widespread HIV epidemics and are in fact more reflective of HIV mortality trends. To 
identify these instances, a global relative age pattern is generated by using all VR deaths in countries 
with observed HIV prevalence less than 1% by using the following equation 

𝑅𝑅𝑅𝑅𝑎𝑎𝑎𝑎𝑎𝑎 =
𝑅𝑅𝑎𝑎𝑎𝑎𝑎𝑎

𝑥̅𝑥(𝑅𝑅65𝑠𝑠𝑠𝑠 ,𝑅𝑅70𝑠𝑠𝑠𝑠 ,𝑅𝑅75𝑠𝑠𝑠𝑠)
 

Where: 

 𝑅𝑅𝑅𝑅𝑎𝑎𝑎𝑎𝑎𝑎 is the relative death rate for age group a, sex s, cause c; 

𝑅𝑅𝑎𝑎𝑎𝑎𝑎𝑎  is the rate for that age group 

 𝑥̅𝑥(𝑅𝑅65𝑠𝑠𝑠𝑠 ,𝑅𝑅70𝑠𝑠𝑠𝑠 ,𝑅𝑅75𝑠𝑠𝑠𝑠) is the mean of the rates in ages 65–69, 60–74, and 75–79 for that sex and 
cause. 

This is preferable to comparing mortality rates because we are able to isolate divergence in age pattern 
while accounting for varying levels of overall mortality by fixing death rates to age groups that are 
unlikely to be confounded by the presence of HIV. Expected deaths for an identified cause were then 
determined by the equation 

𝐸𝐸𝐸𝐸𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 = 𝑥̅𝑥�𝑅𝑅𝑙𝑙𝑙𝑙65𝑠𝑠𝑠𝑠 ,𝑅𝑅𝑙𝑙𝑙𝑙70𝑠𝑠𝑠𝑠 ,𝑅𝑅𝑙𝑙𝑙𝑙75𝑠𝑠𝑠𝑠� × 𝑝𝑝𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 × 𝑅𝑅𝑅𝑅𝑎𝑎𝑎𝑎𝑎𝑎 

Where: 

𝐸𝐸𝐸𝐸𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙  are deaths for location l, year y, age group a, sex s, and cause c; 

𝑥̅𝑥(𝑅𝑅𝑙𝑙65𝑠𝑠𝑠𝑠 ,𝑅𝑅𝑙𝑙70𝑠𝑠𝑠𝑠 ,𝑅𝑅𝑙𝑙75𝑠𝑠𝑠𝑠) is the mean of the rates for ages 65–69, 60–74, and 75–79 for that 
location-year-sex-cause; 

𝑝𝑝𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙  is the population for that location-year-age-sex-cause 
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𝑅𝑅𝑅𝑅𝑎𝑎𝑎𝑎𝑎𝑎 is the global standard relative rate determined in the previous step for that age-sex-
cause. 

The expected deaths remain attributed to that particular cause, while the difference between observed 
and expected are reallocated to HIV/AIDS. 

 Scale strata to province (step 7)1 
Over time, a higher proportion of deaths have been registered in China through the expansion of the 
DSP system and provincial/county efforts to increase CoD registration. With the expansion of 
coverage, it is possible that province aggregates do not accurately represent the population 
distribution between urban and rural areas in each year. For this reason, we stratified the data 
preparation by urban and rural status for each county within each province. Stratification was based 
on the median level of urbanisation across counties within each province as recorded in the 2010 China 
census. In the provinces of Tibet and Hainan, all counties were placed into one strata based on largely 
homogeneous urbanisation levels within each province. This yielded a total of 62 analytical province‐
strata. Macao and Hong Kong were not included in this stratification system as the VR systems there 
are independent from that on the mainland; no weighting scheme needs to be carried out in these 
complete VR systems with quality CoD data. 

Within each province‐strata, a larger proportion of deaths in‐hospital might be reported than that of 
deaths outside of hospital because of the internet hospital reporting system. To avoid bias, we 
reweighted in‐hospital and out‐of‐hospital deaths based on the age‐sex‐province‐specific fraction of 
deaths in and out of hospital in the DSP system. DSP data have been used to establish these 
percentages because in these communities, there is a concerted effort to identify all out‐of‐hospital 
deaths. Province‐strata death rates are combined to produce overall province death rates by weighting 
each strata by population in each age‐sex‐year group. Province death rates are rescaled so that all‐
cause mortality equals the estimated death rate in each age‐sex‐year estimated in the life‐table 
analysis. The Bayesian noise reduction algorithm was used to deal with zero counts and small number 
issues for rare causes.18 

 Restrictions post‐redistribution (step 8)1 
Some causes of death can only be reliably assigned through an autopsy by a trained physician. For 
example, a VA would be unlikely to reliably distinguish between ischaemic and haemorrhagic stroke. 

This step ensures that the detail of the cause list at this point in the data prep process is reasonable 
given the detail of the original data source and the methods by which the CoD was assigned. A “bridge 
map” is applied over a certain set of sources to ensure that these sources do not contain causes that 
could not reliably be determined by the methods used. These causes, identified to be too detailed, are then 
aggregated to their parent cause. This correction is applied to ICD-9 detail, ICD-9 BTL, ICD-10 tabulated, ICD-8 
detail, ICD-8 A, China DSP (tabulated ICD-9), India MCCD, India SRS, USSR tabulated ICD-9, the Philippine 
Vital Statistics Reports, Iran ICD-10 VR from the Ministry of Health and Medical Education, and all VA. 
An example of this would be the aggregation of all sub-types of lower respiratory infection to lower 
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respiratory infection in ICD-9 BTL. 

 Drop VR country years or mark as non‐representative (step 9)1 

Lozano and colleagues20 describe the negative impact that low‐completeness VR data could have on 
CoD modelling for GBD 2010. In particular, in settings where a data source does not capture all deaths 
in a population, the cause composition of deaths captured might be different from those that are not. 
However, a completeness sensitivity test found that low‐completeness VR data had little impact on 
the cause‐specific mortality trends at the global level. 

For GBD 2019, we investigated the impact of these data at the country and subnational and determined 
that these data produced unlikely trends in the models affected. Despite the minimal impact on global 
trends, better models were produced by eliminating or marking as non‐representative data with 
extremely low completeness. VR completeness was estimated as the number of deaths registered 
divided by the number of deaths estimated in the GBD mortality envelope. 

For this round, VR location‐years with completeness less than 50% were dropped, while location‐years 
with completeness between 50% and 69% were marked as non‐representative. 
In addition, any country-year with a number of deaths registered to major garbage codes greater than 
50% of the deaths registered was dropped. Major garbage coding refers to garbage codes redistributed 
across Levels 1 and 2 of the cause hierarchy. When we redistribute garbage codes across Levels 1 and 2 of 
the cause hierarchy, this is because we do not have enough information to distribute them to more detailed 
Levels [3 and 4]. 

 Cause aggregation (step 10)1 
The cause list is organised in a top-down hierarchical format containing four levels. The first group, or 
Level 1, sums all causes. Following all-cause mortality are Level 2 causes, which include three broad 
groupings of causes of deaths: “communicable, maternal, neonatal, and nutritional diseases”; “non‐
communicable diseases”; and “injuries”. Within those Level 2 groupings are finer levels used for 
modelling. Level 3, or parent causes, are aggregated; the mortality estimate for a parent cause in the 
hierarchy represents the sum of the causes under that rubric. Sub‐causes within Level 3 causes—Level 
4—are more detailed. For example, the parent cause “intestinal infectious diseases” contains the three 
sub‐causes: “typhoid fever”, “paratyphoid fever”, and “other intestinal infectious diseases”. Included in 
the parent cause estimate are deaths mapped directly to the parent and any Level 4 sub‐causes. In data 
where there was not enough information to assign a Level 4 cause, we aggregated to the Level 3 parent 
cause. Exceptions to aggregating the Level 4 sub‐causes to the parent are instances when certain sub‐
causes are not present. The United Nations Crime Trends police data only identify homicides, and 
aggregating homicides to injuries would not accurately represent all injuries.  

 Remove shocks and HIV/AIDS maternal adjustments (step 11)1 
For GBD 2019, CODEm models use an HIV/AIDS‐ and shock‐free envelope. To be comparable, cause 
fractions must also be HIV/AIDS‐ and shock‐free. Cause fractions were uploaded to the CoD database as 
the number of deaths due to the cause over an adjusted sample in which the number of deaths due to 
“HIV/AIDS”, “conflict and terrorism”, “police conflict and executions”, and “exposure to forces of nature” 
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were removed. 

 Remove HIV/AIDS and shocks from denominator where cause list includes HIV/AIDS (step 
11.1) 
The first step to generate HIV‐ and shock‐free cause fractions was to remove any deaths from the 
sample that were directly coded to “HIV/AIDS”, “collective violence and legal intervention”, or 
“exposure to forces of nature”. The cause fraction uploaded to the database can be calculated by a 
simple equation. 

𝐶𝐶𝐶𝐶𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑐𝑐 =
𝐷𝐷𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑐𝑐

𝐷𝐷𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥 − 𝐷𝐷𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,ℎ𝑖𝑖𝑖𝑖 − 𝐷𝐷𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑤𝑤𝑤𝑤𝑤𝑤 − 𝐷𝐷𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
 

 Where: 

𝐶𝐶𝐶𝐶𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑐𝑐  is the cause fraction for a location l, year t, age a, sex x, and cause c 

𝐷𝐷𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑐𝑐 is the number of deaths observed for cause c in location l, year t, age a, and sex x 

𝐷𝐷𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥 is the total number of deaths due to all causes observed in location l, year t, age a, and 
sex x 

𝐷𝐷𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,ℎ𝑖𝑖𝑖𝑖, 𝐷𝐷𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑤𝑤𝑤𝑤𝑤𝑤, and 𝐷𝐷𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑  are the numbers of deaths observed in location l, year 
t, age a, and sex x for causes “HIV/AIDS”, “collective violence and legal intervention”, and 
“exposure to forces of nature”, respectively 

Cause fractions for HIV/AIDS and shock causes were also uploaded to the database for use in separate 
estimation processes described by Wang et al.21 In this case, cause fractions followed the standard 
equation, with variables following the same explanation. 

𝐶𝐶𝐶𝐶𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑐𝑐 =
𝐷𝐷𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑐𝑐

𝐷𝐷𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥
 

 Remove HIV/AIDS deaths from maternal mortality sources (step 11.2) 
HIV‐free cause fractions were also uploaded for sources on mortality due to maternal causes. In these 
cases, the sample of all deaths observed in the study is likely to contain some amount of deaths due to 
HIV/AIDS and shocks, but the sample only includes cause information on maternal deaths. To account 
for the presence of HIV/AIDS and shocks in the entire sample, we assumed the same proportion of 
total deaths due to HIV/AIDS by location, age, sex, and year as provided from the estimation of 
HIV/AIDS and all‐cause mortality described by Wang et al.21 

Maternal mortality studies were only corrected for HIV/AIDS if the sample of total deaths was 
provided in the data source. Where sources provided only the MMR, we applied the rate to the HIV‐ 
and shock‐free envelope produced by the analysis described in Wang et al.21 and thus did not need to 
adjust cause fractions at this point in the process.  
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Where a correction was applied, we used the following equation: 

𝐶𝐶𝐶𝐶𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑚𝑚𝑚𝑚𝑚𝑚 =
𝐷𝐷𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

𝐷𝐷𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 +
𝐸𝐸[𝐷𝐷𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,ℎ𝑖𝑖𝑖𝑖_𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑜𝑜_𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓]

𝐸𝐸[𝐷𝐷𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥] 𝐷𝐷𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑛𝑛𝑛𝑛𝑛𝑛−𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

 

Where: 

𝐶𝐶𝐶𝐶𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑚𝑚𝑚𝑚𝑚𝑚 is the resulting cause fraction due to maternal causes for the location (𝑙𝑙), year (𝑡𝑡), 
age (𝑎𝑎), sex (𝑥𝑥); 

𝐷𝐷𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑚𝑚𝑚𝑚𝑚𝑚  is the number of observed deaths in the sample due to maternal causes 

𝐷𝐷𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑛𝑛𝑛𝑛𝑛𝑛−𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚  is the number of observed deaths in the sample due to non-maternal 
causes 

𝐸𝐸[𝐷𝐷𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥] is the GBD estimate of all‐cause mortality in the location, year, age, and sex 

𝐸𝐸[𝐷𝐷𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,ℎ𝑖𝑖𝑖𝑖_𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑜𝑜_𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓] is the GBD estimate of HIV‐ and shock‐free mortality in the location, 
year, age, and sex 

 HIV/AIDS correction of sibling history, census, and survey data (step 11.3) 
As described in our analysis from GBD 2013, many studies have failed to find increased mortality in 
HIV+ pregnant mothers, but those who have advanced HIV are known to have increased baseline 
mortality. Prior to GBD 2013, we did not distinguish between deaths in HIV+ women that were caused 
by pregnancy and those for whom the pregnancy was incidental to their death. To more explicitly 
quantify the contribution of pregnancy to death in HIV+ women, and therefore more accurately 
estimate the maternal death count, we completed two additional analyses for GBD 2013 and all 
subsequent GBD analyses. First, we determined the population attributable fraction (PAF) of HIV/AIDS 
to pregnancy‐related death. Second, we determined the proportion of pregnancy‐related deaths in 
HIV+ pregnant mothers that are aggravated by pregnancy and are therefore by definition maternal 
deaths. 

𝑃𝑃𝑃𝑃𝑃𝑃 =
𝑃𝑃(𝑅𝑅𝑅𝑅 − 1)

1 + 𝑃𝑃(𝑅𝑅𝑅𝑅 − 1)
 

Where: 

𝑃𝑃𝑃𝑃𝑃𝑃 is the population attributable fraction 

 𝑃𝑃 denotes the prevalence of HIV in pregnancy 

𝑅𝑅𝑅𝑅 is relative risk of mortality in HIV+ vs HIV‐ pregnant mothers. 

To recap our analysis for GBD 2013, we used the paper published by Calvert and Ronsmans22 to identify 
sources that could inform Step 1 of our HIV‐correction analysis. We independently reviewed each of 
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the component studies in Calvert and Ronsmans’ review and extracted data directly, not from the 
systematic review paper. We identified only one additional study that was not used in Calvert and 
Ronsmans’ analysis. We have, however, not used all the studies included in that review. Specific details 
are as follows:  

1) Figueroa‐Damian et al.23 was excluded for not including any postpartum deaths at all.  

2) In the case of Ryder et al.24 and Zvandasara et al.25 we excluded those deaths that occurred 
more than 12 months after delivery.  

3) We excluded the results from Chilongozi et al.26 from the site that did not include any HIV‐ 
patients.  

4) Leroy et al.27 was not in the bibliography. We could not locate it for review so it was 
excluded.  

5) Kourtis et al.28 was extracted with adjustment of the denominator based on the average 
number of hospitalisations per delivery in each group.  

6) Ticconi et al.29 was excluded for being both non‐representative and including subgroup data 
from mothers with malaria infection.  

A total of 21 sources were included in our analysis of the increased mortality risk of HIV+ versus HIV‐ 
women in pregnancy.30 We performed DerSimonian‐Laird random effects meta‐analysis to derive a 
pooled estimate of 𝑅𝑅𝑅𝑅 of death during pregnancy given HIV positivity.31 The pooled effect size was 6∙40 
(95% uncertainty interval [UI] 3∙98–10∙29), which was then used to calculate an HIV 𝑃𝑃𝑃𝑃𝑃𝑃 for each 
country, age group, and year. To determine the proportion of those HIV‐related deaths that were 
attributable to maternal causes, we performed a second systematic literature review. This time we 
sought evidence for the excess mortality risk of pregnancy in those women who are already HIV+. Most 
studies have failed to find such an effect, but most also did not stratify their study population by stage 
of HIV or ART (antiretroviral therapy) status. Only two studies did this stratification, with a pooled effect 
size of 1∙13 (95% UI 0∙73−1∙77).32,33 

An updated literature review to inform the relative risk of mortality in pregnancy in HIV+ versus HIV‐ 
women had 14 non-usable sources. We completed this search on May 10, 2019, using the following 
search strings: 

 ( ( HIV[Title/Abstract] OR "Acquired Immunodeficiency Syndrome"[Title/Abstract] OR 
AIDS[Title/Abstract] ) AND ( “pregnant”[Title/Abstract] OR “pregnancy”[Title/Abstract] OR 
“postpartum”[Title/Abstract] OR "post partum"[Title/Abstract] ) AND ( “mortality”[Title/Abstract] OR 
“death”[Title/Abstract] ) NOT "case report" NOT ( animals[MeSH] NOT humans[MeSH] ) 

AND (2016/08/15[PDat] : 3000/12/31[PDat] ) ) 

42



Prevalence of HIV in pregnant women was calculated by using the Joint United Nations Programme on HIV 
and AIDS (UNAIDS) Spectrum model,34 a compartmental HIV progression model used to generate age‐
specific incidence, prevalence, and death rates from pre‐calculated incidence curves and assumptions 
about intervention scale‐up and local variation in epidemiology. For each location, we used UNAIDS’ age‐
specific ratios of fertility in women living with HIV to fertility in women not living with HIV. In most 
locations, this ratio is assumed to be greater than one in women aged 15–24 years and less than one and 
decreasing as age increases beyond 24 years. Since Spectrum assumes fertile ages of 15–49 years, we 
used the ratio of HIV prevalence in pregnant women to HIV prevalence in the general population at either 
end of that range to extend estimates to age bands 10–14 years and 50–54 years. 

Unlike GBD 2013, when we applied the PAF correction to the envelope of maternal deaths predicted by 
CODEm, we instead applied country‐year‐age‐group‐specific 𝑃𝑃𝑃𝑃𝑃𝑃 to maternal mortality input data prior 
to modelling in CODEm. This ensured that both the numerator and denominator of all 𝐶𝐶𝐶𝐶 data were 
internally consistent in their exclusion of background HIV/AIDS mortality. The cause fractions for 
maternal deaths in sibling history, survey, and census data were therefore adjusted as follows: 

𝐶𝐶𝐶𝐶𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑚𝑚𝑚𝑚𝑚𝑚𝑎𝑎𝑎𝑎𝑎𝑎 = 𝐶𝐶𝐶𝐶𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑚𝑚𝑚𝑚𝑚𝑚 × �1 − 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃ℎ𝑖𝑖𝑖𝑖𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥� 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃ℎ𝑖𝑖𝑖𝑖𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥 =  𝑃𝑃𝑃𝑃𝑃𝑃𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 × (1 − 𝑟𝑟𝑟𝑟𝑚𝑚𝑚𝑚𝑚𝑚) 

𝐶𝐶𝐶𝐶𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑚𝑚𝑚𝑚𝑚𝑚ℎ𝑖𝑖𝑖𝑖 = 𝐶𝐶𝐶𝐶𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑚𝑚𝑚𝑚𝑚𝑚 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚ℎ𝑖𝑖𝑖𝑖𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚ℎ𝑖𝑖𝑖𝑖𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥 = 𝑃𝑃𝑃𝑃𝑃𝑃𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠 × 𝑟𝑟𝑟𝑟𝑚𝑚𝑚𝑚𝑚𝑚  

Where: 

𝐶𝐶𝐶𝐶𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑚𝑚𝑚𝑚𝑚𝑚 = The proportion of deaths due to all maternal causes before HIV/AIDS correction 
for the location, year, age, and sex. 

𝐶𝐶𝐶𝐶𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑚𝑚𝑚𝑚𝑚𝑚𝑎𝑎𝑎𝑎𝑎𝑎= The proportion of deaths due to maternal causes after the adjustment for the 

location, year, age, and sex. 

𝐶𝐶𝐶𝐶𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑚𝑚𝑚𝑚𝑚𝑚ℎ𝑖𝑖𝑖𝑖  = The proportion of deaths due to maternal deaths aggravated by HIV/AIDS 
after the adjustment for the location, year, age, and sex. 

𝑃𝑃𝑃𝑃𝑃𝑃𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = The PAF that describes the percentage of all maternal deaths that were HIV‐
related for the location, year, age, and sex 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃ℎ𝑖𝑖𝑖𝑖𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥  = The proportion of deaths in pregnancy for the location, year, age, and sex that 
are estimated to be incidental deaths due to HIV/AIDS and therefore not a maternal CoD. 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚ℎ𝑖𝑖𝑖𝑖𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥  =The proportion of deaths in pregnancy for the location, year, age, and 
sex that are estimated to be HIV+ and maternal deaths that are aggravated by HIV/AIDS. 
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𝑟𝑟𝑟𝑟𝑚𝑚𝑚𝑚𝑚𝑚  = 0.13/1.13 = The proportion of HIV/AIDS deaths during pregnancy that were 
exacerbated by the pregnancy. 

 HIV/AIDS correction of other maternal mortality data (step 11.4) 

Although a specific subset of codes in ICD-10 corresponds to HIV/AIDS deaths aggravated by pregnancy, 
these codes are sparsely used and unreliable. We therefore adapted the method described to also 
correct VR and VA sources for the systematic exclusion of HIV‐related maternal deaths. This correction 
was calculated in the same manner, by using the same input data as above, with the only difference 
being that HIV correction of VR and VA sources resulted in a net increase in the maternal correction 
factor maternal deaths aggravated by HIV/AIDS are calculated in the following way: 

𝐶𝐶𝐶𝐶𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑚𝑚𝑚𝑚𝑚𝑚ℎ𝑖𝑖𝑖𝑖 = 𝐶𝐶𝐶𝐶𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,𝑚𝑚𝑚𝑚𝑚𝑚 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚ℎ𝑖𝑖𝑖𝑖𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚ℎ𝑖𝑖𝑖𝑖𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥 =
𝑃𝑃𝑃𝑃𝑃𝑃𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 × 𝑟𝑟𝑟𝑟𝑚𝑚𝑚𝑚𝑚𝑚

1 − 𝑃𝑃𝑃𝑃𝑃𝑃𝑙𝑙,𝑡𝑡,𝑎𝑎,𝑥𝑥,ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 × 𝑟𝑟𝑟𝑟𝑚𝑚𝑚𝑚𝑚𝑚
 

 Noise reduction (step 12)1 
To deal with problems of zero counts in VR, VA, cancer registries, or sibling histories for a given age 
group in a given year, we use a Bayesian noise-reduction algorithm. For this algorithm, we assume a 
normal prior and a normal data likelihood. We estimate the normal prior for a given country-series of 
data by running a Poisson regression to estimate the number of deaths due to each respective cause and 
sex with dummy variables for age and year. With two notable exceptions (detailed below), these 
regressions are sex-, cause-, and country‐specific, so borrowing strength over age and year is only 
within a given data type, country, cause, and sex. The variance of the prior, τ2, is estimated from the 
Poisson regression, taking into account the variance‐covariance matrix of the regression coefficients. 
For the data variance, we use the Wilson approximation which provides an estimate of σ2 even in 
cases with a zero count of cause‐specific deaths. The posterior estimate for each data point is 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 = �
𝜏𝜏2

𝜏𝜏2 + 𝜎𝜎2
𝑋𝑋 +

𝜎𝜎2

𝜏𝜏2 + 𝜎𝜎2
𝜇𝜇� 

𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 = �
𝜏𝜏2𝜎𝜎2

𝜏𝜏2 + 𝜎𝜎2
� 

Where 

X is the mean of the data 

µ is the mean of the prior. 

This approach to noise reduction avoids the problem that zero counts in an ln rates model or a logit 
cause fraction model will be dropped from the regression and lead to upward bias in the estimates. This 
is particularly important in two settings: high‐income countries with small numbers of cause‐specific 
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deaths, and the analysis of sibling history data where for any given age group in any given year the 
number of deaths reported in the survey that are pregnancy‐related or the number of deaths from all 
causes in that age group may be small. 

Regarding the exceptions to the regression, the first is that country‐years with populations under 1 
million are pooled with the region data to prevent over-dispersion and provide a stronger signal. 
Additionally, VA data diverge from the above description in two ways. First, all data for a given super‐
region are pooled together and a study dummy variable is added, allowing for different studies and 
surveillance sites to borrow strength from one another within a super‐region. Second, unless the data 
are part of a time series (eg, the Matlab Health and Demographic Surveillance System), the regression 
has no year component. 

 Cause of death database and outlier identification (step 13)1 
Death rates for different causes of death generally have a stable age pattern. In large populations, these 
patterns will not change very rapidly over time. We can assume a relatively stable pattern in death rates 
for all causes except for some epidemic diseases and specific types of injuries. Rare causes in large 
populations and prevalent causes in small populations usually have stochastic patterns. To correct for 
these stochastic patterns, we implemented a noise-reduction process, explained in Step 12. 

In VR data, we infrequently find one or more data points for specific geography/age/sex/year 
combinations that lie very far from the stable pattern of death rates. In these situations, the model 
usually ignores the data point(s). If the model fails to ignore these data, dramatic jumps or drops can 
occur in the death rates. When no logical explanation exists for variation in the death rates to this 
degree, we regard the data point(s) as outlier(s). The selection of data points to regard as outliers 
occurs after data have been prepped for modelling, as well as during preliminary reviews of the models. 

In non‐VR sources, data-collection methods and data quality can vary widely from source to source. 
Where data points in each age‐sex‐geography‐year are very sparse, extreme data points can have a bad 
effect on regional estimation. In these situations, we investigate the study’s methods and consider 
lower‐quality data points as outliers. 

Identifying outliers in the CoD data occurs prior to finalisation of models for each cause. We do not 
automate the selection of outliers but investigate the source of the offending data as well as reviewing 
other data sources for the same cause, geography, and year. Ultimately, outliers are identified based on 
the judgement of the modeller and senior faculty. Outlier decisions are reversible and may be revisited. 

 Causes of death data star rating calculation1 
GBD estimates are most accurate when computed with a full time series of complete VR with a low 
percentage of garbage codes. For GBD 2016, we developed a simple star-rating system from 0 to 5 to 
give a picture of the quality of data available in a given country over the full time series used in GBD 
estimates. Countries improve in the star rating as they increase availability, completeness, and detail of 
their mortality data and reduce the percentage of deaths coded to ill-defined garbage codes or highly 
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aggregated causes (table 7, figures 5a and 5b). Underlying indicators for the percent well-certified 
calculation are listed in table S8. 

We assign star ratings to rate the quality of data for any given location year. Two dimensions determine 
this star rating: (I) the percentage of total deaths determined to be major garbage (such as ill-defined). 
Causes such as “injuries” or “cancer” will also be included in major garbage percentage because this 
percentage includes use of highly aggregated causes; and (II) the level of completeness of death 
registration. These two values were used to create a “percent well-certified” value between 0 and 1, 
determined as: 

𝑝𝑝𝑝𝑝𝑝𝑝𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 = Completeness × (1 – 𝑝𝑝𝑝𝑝𝑝𝑝𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚) 

The mapping of percent well certified to star rating is as followed: 

 0 star: 0% = 𝑝𝑝𝑝𝑝𝑝𝑝𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 

 1 star: 0% <  𝑝𝑝𝑝𝑝𝑝𝑝𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 < 10% 

2 star: 10% <=  𝑝𝑝𝑝𝑝𝑝𝑝𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤  < 35% 

3 star: 35% <=  𝑝𝑝𝑝𝑝𝑝𝑝𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤  < 65% 

4 star: 65% <=  𝑝𝑝𝑝𝑝𝑝𝑝𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤  < 85% 

5 star: 𝑝𝑝𝑝𝑝𝑝𝑝𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 ≥ 85% 

While stars are calculated for each five-year time interval as well as the full time series from 1980 to 
2019, stars in the main text are presented for the full time series only. 

In the case of VA, all garbage codes are considered ill-defined because redistribution for VA is highly 
imprecise.  

For each VA data source, percent well-certified is 

𝑝𝑝𝑝𝑝𝑡𝑡𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 =  𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 × (1 − 𝑝𝑝𝑝𝑝𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚) 

Where: 

𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 =  𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 × 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 × 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 

SubAdj is 10% for subnationally representative studies; 100% for nationally representative studies. This 
adjustment, while arbitrary in its specific value, reflects the bias that can be associated with studies that 
only cover a potentially non-representative sample of a country’s population. 

RegAdj is 64% for all VA data sources. This accounts for the inaccuracy of VA in assigning CoD compared 
to medically verified VR. The specific multiplier 0·64 is based on the chance-corrected concordance of 
Physician Certified Verbal Autopsy (PCVA) versus medical certification by the Population Health Metrics 
Research Consortium.35 
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Age-Sex Coverage is the number of deaths estimated in the GBD mortality envelope for the ages and 
sexes in the study for the country and year divided by the number of deaths estimated in the GBD 
mortality envelope for the country and year. Studies that only cover children under 5 years or maternal 
mortality, for example, will be highly discounted by this multiplier. 

Once percent well-certified is calculated for each location-year of VR and each VA study-year, we then 
combine these into one measurement for each five-year time interval and the full time series 1980–
2019. For each five-year time interval, we take the maximum percent well-certified. Then for 1980–
2019, we take the average of the maximum percentages well-certified for the seven five-year time 
intervals. Any five-year time interval in which no data were available were given a percent well-certified 
value of zero. 

Prior to GBD 2019, the causes of death team used an all ages, both sex cause fraction to estimate the 
percentage of garbage coded deaths in a given location year. Thus, the percentage of garbage for a 
given location year was determined as: 

𝐶𝐶𝐶𝐶𝐺𝐺 =  
𝐷𝐷𝐺𝐺
𝐷𝐷

 

Where: 

𝐶𝐶𝐶𝐶𝐺𝐺  represents the cause fraction of percent garbage  

𝐷𝐷𝐺𝐺  represents total garbage coded deaths 

D represents the total deaths in a given location/year. 

In GBD 2019, we moved to calculating the percentage of garbage coded deaths using an age-
standardised cause fraction. The steps for creating these age-standardised cause fractions, in the case of 
garbage, are as follows: 

1. Create both-sex, age-specific cause fractions of garbage for each age group 
2. Scale these cause fractions by a set of both-sex age weights, determined by global mortality 

estimates from 2010 to present. That is, weights for each GBD age group were determined 
as: 

𝑊𝑊𝑎𝑎 =  
𝐷𝐷𝑎𝑎
𝐷𝐷

 

Where:  

𝑊𝑊𝑎𝑎 is the weight for given age group “a” 

𝐷𝐷𝑎𝑎 is the total both sex, global deaths from 2010 to present in age group “a” 

D is the total both sex, global deaths from 2010 to present across all ages. 

3. Sum these weighted cause fractions across all age groups to produce the age-standardised 
cause fraction 
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In the case of percent garbage for a given location year, the formula to calculate percent garbage would 
be given as the sum of the weighted age specific cause fractions across all age groups “a”: 

𝐶𝐶𝐶𝐶𝐺𝐺 =  Σ𝑎𝑎(𝐺𝐺𝑎𝑎
𝐷𝐷𝑎𝑎

× 𝑊𝑊𝑎𝑎) 

Where:  

𝐺𝐺𝑎𝑎 represents the total both sex garbage deaths in age group “a” 

𝐷𝐷𝑎𝑎 represents the total both sex deaths in age group “a”  

𝑊𝑊𝑎𝑎 represents the weight generated from mortality estimates for age group “a” 

ICD-10 and ICD-9 codes assigned to Level 1 or 2 garbage can be found in table S4. 

 Causes of death modelling methods 

 CODEm1 

 Overview of methods 
Cause of death ensemble modelling (CODEm) is the framework used to model most cause-specific 
death rates in the GBD.36 It relies on four key components: 

First, all available data are identified and gathered to be used in the modelling process. Although the 
data may vary in quality, they all contain some signal of the true epidemiological process.  

Second, a diverse set of plausible models are developed to capture well-documented associations in 
the estimates. Using a wide variety of individual models to create an ensemble predictive model has 
been shown to outperform techniques using only a single model both in CoD estimation36 and in 
more general prediction applications.37,38  

Third, the out-of-sample predictive validity is assessed for all individual models, which are then 
ranked for use in the ensemble modelling stage.  

Finally, differently weighted combinations of individual models are evaluated to select the ensemble 
model with the highest out-of-sample predictive validity. 

For some causes (eg, lower respiratory infections), evidence exists that the relationship between 
covariates and death rates might differ between children and adults. Separate models are therefore 
run for different age ranges, when applicable. Additionally, separate models are developed for 
countries with extensive, complete, and representative VR for every cause to ensure that uncertainty 
can better reflect the more complete data in these locations.  

In order to ensure the addition of subnational locations are not driving changes in estimates, in GBD 
2019, we run a global model that excludes data from non-standard locations; the resulting covariate 
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betas are then used as priors for the true global model.  

In addition to CoD modelling, we also estimate fatal discontinuities. Fatal discontinuities are events 
that are stochastic in nature, that cannot be modelled because they do not have a predictable time 
trend. The fatal discontinuities by cause are aggregated by age and sex and added to the estimated 
number of deaths in CoD modelling for those causes during CoDCorrect. Details on their methods can 
be found in Section 3.4. 

 Model pool development 
Because many factors may co-vary with any given CoD, a range of plausible statistical models are 
developed for each cause. In the CODEm framework, four families of statistical models are used: 
linear mixed effects regression (LMER) models of the natural log of the cause-specific death rate, 
LMER models of the logit of the cause fraction, spatiotemporal Gaussian process regression (ST-GPR) 
models of the natural logarithm of the cause-specific death rate, and ST-GPR models of the logit of the 
cause fraction (see the 2x2 table in Foreman et al).36 For more on ST-GPR, see section 4.3.3. For each 
family of models, all plausible relationships between covariates and the response variable are 
identified. Because all possible combinations of selected covariates are considered for each family of 
models, multi-collinearity between covariates may produce implausible signs on coefficients or 
unstable coefficients. Each combination is therefore tested for statistical significance (covariate 
coefficients must have a coefficient with p-value < 0·05) and plausibility (the coefficients must have 
the directions expected on the basis of the literature). Only covariate combinations meeting these 
criteria are retained. This selection process is run for both cause fractions and death rates, then ST-
GPR and LMER-only models are created for each set of covariates. For a detailed explanation of the 
covariate selection algorithm, see Foreman et al.36 

 Data variance estimation 
The families of models that go through ST-GPR described in Section 3.1.2 incorporate information 
about data variance. The main inputs for a Gaussian process regression (GPR) are a mean function, a 
covariance function, and data variance for each data point. These inputs are described in detail in 
Foreman et al.36 For GBD 2019, we have updated this calculation to incorporate garbage code 
redistribution uncertainty. 

Three components of data variance are now used in CODEm: sampling variance, non-sampling 
variance, and garbage code redistribution variance. The computation of sampling variance and non-
sampling variance has not changed since previous iterations of the GBD and is also described in 
Foreman et al.36 Garbage code redistribution variance is computed in the CoD database process 
described in Section 2.7 of this appendix. Since variance is additive, we calculate total data variance as 
the sum of sampling variance, non-sampling variance, and redistribution variance. Increased data 
variance in GPR results in the GPR draws not following the data point as closely. 

 Testing model pool on 15% sample 
The performance of all models (individual and ensemble) is evaluated by means of out-of-sample 
predictive validity tests. Thirty percent of the data are randomly excluded from the initial model fits. 
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These individual model fits are evaluated and ranked by using half of the excluded data (15% of the 
total), then used to construct the ensembles on the basis of their performance. Data are held out from 
the analysis on the basis of the cause-specific missingness patterns for ages and years across 
locations. Out-of-sample predictive validity testing is repeated 20 times for each model, which has 
been shown to produce stable results.36 These performance tests include the root mean square error 
(RMSE) for the log of the cause-specific death rate, the direction of the predicted versus actual trend 
in the data, and the coverage of the predicted 95% UI.  

 Ensemble development and testing 
The component models are weighted on the basis of their predictive validity rank to determine their 
contribution to the ensemble estimate. The relative weights are determined both by the model ranks 
and by a parameter ψ, whose value determines how quickly the weights taper off as rank decreases. The 
distribution of ψ is described in more detail in Foreman et al.36 A set of ensemble models is then created 
by using the weights constructed from the combinations of ranks and ψ values. These ensembles are 
tested by using the predictive validity metrics described in Section 3.1.4 on the remaining 15% of the 
data, and the ensemble with the best performance in out-of-sample trend and RMSE is chosen as the 
final model. 

 Final estimation 
Once a weighting scheme has been chosen, 1000 draws are created for the final ensemble, and the 
number of draws contributed by each model is proportional to its weight. The mean of the draws is used 
as the final estimate for the CODEm process, and a 95% UI is created from the 0·025 and 0·975 quantiles 
of the draws. The validity of the UI can be checked via its coverage of the out-of-sample data; ideally, 
the 95% UI would capture 95% of these data. Higher coverage suggests that the UIs are too large, and 
lower coverage suggests overfitting. 

 Selection of causes for which CODEm is used 
CODEm is used to model 193 causes, described in detail in Section 3.3. However, it is unsuitable for use 
in modelling certain causes, including those with very low death counts, those where cause-specific 
death record availability is inadequate, or those for which there are marked biases or variability for CoD 
certification over time that cannot be fully accounted for with the current garbage code redistribution 
algorithms. Criteria for causes where CODEm is not used are discussed in further detail in Section 3.2. 

 Model-specific covariates 
Modellers select covariates to be used in CODEm, but those covariates may not be significant or in the 
direction specified during the covariate selection step of CODEm and will therefore not be used in the 
model. These covariates are listed with a ‘—’ for number of draws. Additionally, covariates may be 
selected by CODEm but only exist in submodels that perform poorly and may end up with zero draws 
included in the final ensemble. Finally, all other covariates are listed with the number of draws in the 
final ensemble from submodels that had the covariate. 
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 Causes modelled outside of CODEm1 

 Overview 
A number of causes required alternative modelling strategies to those used for CODEm because they 
were not compatible with CODEm estimation infrastructure and processes. Such unsuitability included 
having very low death counts; inadequate availability of cause-specific death records; and marked biases 
or variability for CoD certification over time that could not be fully accounted for with current garbage 
code redistribution algorithms. The inclusion of these causes in CODEm often renders its out-of-sample 
predictive validity testing unstable, but the validity of this type of testing is a key advantage of using 
CODEm for CoD estimation. Alternately, CODEm simply fails to generate plausible mortality rates in the 
absence of enough VR or VA data when these causes are included. Because of increased data availability 
and redistribution algorithm refinements, we were able to incorporate several new causes, which were 
modelled separately for GBD 2013, into CODEm for this iteration of the GBD study; with each annual 
update of GBD, we aim to add more causes within the CODEm estimation space. For GBD 2019, we used 
alternative modelling approaches for these causes, including negative binomial models, natural history 
models, sub-cause proportion models, and prevalence-based models (table S10). 

 Negative binomial models 
For eight rare causes of death, too few observed deaths were included in the CoD database to produce 
stable estimates. For these causes, we ran negative binomial regression models, with either a constant 
or a constant multiplied by the mean assumption for the dispersion parameter, by using reverse step-
wise model building. We selected one of the two model dispersion assumptions based on best fit to the 
data by using the same method as GBD 2013. For GBD 2015, we also tested zero-inflated Poisson 
models for these rare causes of death but rejected them after finding that they did not substantially 
affect the mean predictions but instead produced unrealistically large UIs. Descriptions of the modelling 
process for each of these causes follows in the next sections. 

 DisMod-MR 2.1 
Until GBD 2010, non-fatal estimates were based on a single data source on prevalence, incidence, 
remission, or a mortality risk selected by the researcher as most relevant to a particular location and 
time. For GBD 2010, we set a more ambitious goal: to evaluate all available information on a disease 
that passes a minimum quality standard. That required a different analytical tool that would be able to 
pool disparate information presented in varying age groupings and from data sources by using different 
methods. The DisMod-MR 1.0 tool used in GBD 2010 evaluated and pooled all available data, adjusted 
data for systematic bias associated with methods that varied from the reference, and produced 
estimates with UIs by world regions. For GBD 2013, the improved DisMod-MR 2.0 had increased 
computational speed, allowing computations that were consistent between all disease parameters at 
the country rather than the region level. The hundred-fold increase in speed of DisMod-MR 2.0 was 
partly due to a more efficient rewrite of the code in C++ but also to changing to a model specification 
using log rates rather than a negative binomial model used in DisMod-MR 1.0. In cross-validation tests, 
the log rates specification worked as well as or better than the negative binomial specification.39 For 
GBD 2015, the computational engine (DisMod-MR 2.1) remained substantively unchanged, but we re-
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wrote the wrapper code that organised the flow of data and settings at each level of the analytical 
cascade. The sequence of estimation occurred at five levels: global, super-region, region, country, and, 
where applicable, subnational locations (see flow diagram of DisMod-MR 2.1 cascade that follows). The 
super-region priors were generated at the global level with mixed-effects, non-linear regression by using 
all available data; the super-region fit, in turn, informed the region fit and so on down the cascade. The 
wrapper gave analysts the choice to branch the cascade in terms of time and sex at different levels 
depending on data density. The default used in most models was to branch by sex after the global fit but 
to retain all years of data until the lowest level in the cascade. For GBD 2015, we generated fits for the 
years 1990, 1995, 2000, 2005, 2010, and 2015. 

In updating the wrapper, we consolidated the code base into a single language, Python, to make the 
code more transparent and efficient and to better deal with subnational estimation. The computational 
engine is limited to three levels of random effects; we differentiated estimates at the super-region, 
region, and country levels. In GBD 2013, the subnational units of China, Mexico, and the UK were 
treated as countries, such that a random effect was estimated for every location with contributing data. 
However, the lack of a hierarchy between country and subnational units meant that the fit to country 
data contributed as much to the estimation of a subnational unit as the fits for all other countries in the 
region. We found inconsistency between the country fit and the aggregation of subnational estimates 
when the country’s epidemiology varied from the average of the region. Adding an additional level of 
random effects required a prohibitively comprehensive rewrite of the underlying DisMod-MR engine. 
Instead, we added a fifth layer to the cascade, with subnational estimation informed by the country fit 
and country covariates, plus an adjustment based on the average of the residuals between the 
subnational unit’s available data and its prior. This procedure mimicked the impact of a random effect 
on estimates between subnationals.  

For GBD 2015, we improved how country covariates differentiate non-fatal estimates for diseases with 
sparse data. The coefficients for country covariates were re-estimated at each level of the cascade. For a 
given location, country coefficients were calculated by using both data and prior information available 
for that location. In the absence of data, the coefficient of its parent location was chosen to utilise the 
predictive power of our covariates in data sparse situations.  

For GBD 2017, the DisMod-MR 2.1 tool was used. Updates included estimation of new age groups 
through the GBD 2017 terminal age group of 95 years and older in addition to the new locations added 
for the GBD 2017 cycle. 

 DisMod-MR 2.1 likelihood estimation 
Analysts have the choice of using a Gaussian, log-Gaussian, Laplace, or log-Laplace likelihood function in 
DisMod-MR 2.1. The default log-Gaussian equation for the data likelihood is as follows: 

−𝑙𝑙𝑙𝑙𝑙𝑙�𝑝𝑝�𝑦𝑦𝑗𝑗�𝛷𝛷�� = log�√2𝜋𝜋� + log�𝛿𝛿𝑗𝑗 + 𝑠𝑠𝑗𝑗� +
1
2
�

log�𝑎𝑎𝑗𝑗 + 𝜂𝜂𝑗𝑗� − log�𝑚𝑚𝑗𝑗 + 𝜂𝜂𝑗𝑗�
𝛿𝛿𝑗𝑗 + 𝑠𝑠𝑗𝑗

�
2

 

Where: 
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𝑦𝑦𝑗𝑗  is a measurement value (ie, data point) 

𝛷𝛷 denotes all model random variables 

𝜂𝜂𝑗𝑗  is the offset value, eta, for a particular integrand (prevalence, incidence, remission, excess 
mortality rate, with-condition mortality rate, cause-specific mortality rate, relative risk, or 
standardised mortality ratio) 

𝑎𝑎𝑗𝑗  is the adjusted measurement for data point 𝑗𝑗, defined by 

𝑎𝑎𝑗𝑗 = 𝑒𝑒(−𝑢𝑢𝑗𝑗−𝑐𝑐𝑗𝑗)𝑦𝑦𝑗𝑗  

Where: 

𝑢𝑢𝑗𝑗  is the total area effect (ie, the sum of the random effects at three levels of the cascade: 
super-region, region, and country)  

𝑐𝑐𝑗𝑗 is the total covariate effect (ie, the mean combined fixed effects for sex, study-level, and 
country-level covariates), defined by 

𝑐𝑐𝑗𝑗 = � β𝐼𝐼(𝑗𝑗),𝑘𝑘𝑋𝑋�𝑘𝑘,𝑗𝑗

𝐾𝐾[𝐼𝐼(𝑗𝑗)]−1

𝑘𝑘=0

 

with standard deviation (SD) 

𝑠𝑠𝑗𝑗 = � ζ𝐼𝐼(𝑗𝑗),𝑙𝑙𝑍̂𝑍𝑘𝑘,𝑗𝑗

𝐿𝐿[𝐼𝐼(𝑗𝑗)]−1

𝑙𝑙=0

 

Where: 

𝑘𝑘 denotes the mean value of each data point in relation to a covariate (also called x-covariate) 

𝐼𝐼(𝑗𝑗) denotes a data point for a particular integrand, 𝑗𝑗 

𝛽𝛽𝐼𝐼(𝑗𝑗),𝑘𝑘 is the multiplier of the 𝑘𝑘th x-covariate for the 𝑖𝑖th integrand  

𝑋𝑋�𝑘𝑘,𝑗𝑗  is the covariate value corresponding to the data point 𝑗𝑗 for covariate 𝑘𝑘 

𝑙𝑙 denotes the SD of each data point in relation to a covariate (also called z-covariate) 

𝜁𝜁𝐼𝐼(𝑗𝑗),𝑘𝑘 is the multiplier of the 𝑙𝑙th z-covariate for the 𝑖𝑖th integrand 

δj is the SD for adjusted measurement 𝑗𝑗, defined by 
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 Central computation1 

 Imported cases 
Imported cases are fatalities that occur in a geographic area where a particular CoD is known to be 
eradicated in a specific time period or where infection cannot occur. We apply space-time restrictions to 
these causes in the modelling strategy for that location and time period. However, in some rare cases, 
deaths from these causes occur outside of restricted locations and time periods. These deaths are 
referred to as imported cases. 

Illustrating this concept, Chagas disease is transmitted by insect vectors that only exist in the Americas. 
For this reason, Chagas disease is restricted in the models for countries such as Russia. However, 
someone traveling in Latin America could contract Chagas disease and then die after returning home to 
Russia. Imported cases accounts for these kinds of deaths. 

To calculate these imported cases, we find all cases from the VRs of data-rich countries for any CoD that 
is otherwise geographically or temporally restricted. We then create a beta distribution from that data 
point by using the sample size of the VR for that data point and upload these draws as a custom CoD 
model. This model is then used as an input to CoDCorrect. 

 CoDCorrect 

Section 3.3.2.1 Objective of CoDCorrect 
As mentioned in the main text, the CoD models are cause-specific. As such, there is no guarantee that 
the sum of these models will equal the results of the all-cause mortality estimates or that model results 
of child causes add up to the parent model results. The CoDCorrect process is used to make the CoD and 
all-cause mortality estimates internally consistent by using a very simple algorithm. 

Section 3.3.2.2 Algorithm and levels 
The core algorithm remains the same as it did in GBD 2013. The equation can be written as follows: 

𝐶𝐶𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 = 𝐷𝐷𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(
𝑃𝑃𝑃𝑃𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙

∑ 𝐷𝐷𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙
𝑗𝑗=𝑘𝑘
𝑗𝑗=1

) 

Where: 

𝐶𝐶𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙  is the corrected number of deaths for a location 𝑙𝑙, year 𝑦𝑦, age 𝑎𝑎, sex 𝑠𝑠, cause 𝑗𝑗, and 
draw 𝑑𝑑 

𝑃𝑃𝑃𝑃𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙  is the parent CoD for a location 𝑙𝑙, year 𝑦𝑦, age 𝑎𝑎, sex 𝑠𝑠, cause 𝑗𝑗, and draw 𝑑𝑑  

𝐷𝐷𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙  is the uncorrected number of deaths estimated from a cause-specific model for a 𝑙𝑙, year 
𝑦𝑦, age 𝑎𝑎, sex 𝑠𝑠, cause 𝑗𝑗, and draw 𝑑𝑑  
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The CoDCorrect process starts by rescaling the Level 1 causes to match the all-cause mortality estimates 
(used for 𝑃𝑃𝑃𝑃𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙  in the previous equation). Level 2 causes are then rescaled to their corrected parent 
causes. This process continues until all levels of the hierarchy have been rescaled. Causes and their 
levels within the CoDCorrect hierarchy can be found in table S9.  

Since GBD 2017, HIV has not been included in the CoDCorrect process. To account for this change, Level 
1 CoDCorrect causes are rescaled to HIV-deleted mortality estimates that are produced as part of the 
mortality and HIV estimation process. Results from the GBD version of Spectrum are added to the post-
CoDCorrect death estimates with fatal discontinuities and imported cases to generate the full set of 
death estimates. 

Section 3.3.2.3 Diagnostic results of CoDCorrect by cause and location 
For more detail on diagnostic results of CodCorrect by cause see table S15. 

 Years of life lost calculation 
Years of life lost (YLLs) owing to premature mortality were computed for 1082 locations and 39 years. 
First, we used the lowest observed age-specific mortality rates by location and sex across all estimation 
years from locations with total populations greater than 5 million in 2016 to establish a theoretical 
minimum risk reference life table. 

The YLL is a metric that is computed by multiplying the number of estimated deaths by the standard life 
expectancy at age of death. The metric therefore highlights premature deaths by applying a larger 
weight to deaths that occur in younger age groups. We propagated uncertainty from CoDCorrected 
deaths for all demographics. The core equation can be written as follows: 

𝑌𝑌𝑌𝑌𝑌𝑌 =  � 𝑑𝑑𝑐𝑐𝑐𝑐𝑐𝑐𝑒𝑒𝑎𝑎

∞

𝑐𝑐=1,𝑎𝑎=0,𝑠𝑠=1

 

 GBD world population age standard 
Age-standardised populations in the GBD were calculated by using the GBD world population age 
standard. For GBD 2013, GBD 2015, and GBD 2016, the age-specific proportional distributions of all 
national locations from the UN Population Division World Population Prospects 2012 revision for all 
years from 2010 to 2035 were used to generate a standard population age structure by using the non-
weighted mean across all the aforementioned country-years. For GBD 2017, we used the non-weighted 
mean of 2017 age-specific proportional distributions from the GBD 2017 population estimates for all 
national locations with a population greater than 5 million people in 2017 to generate an updated 
standard population age structure.40 For GBD 2019, we have continued to use this method using GBD 
2019 population estimates.8  
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 CoD cause-specific modelling descriptions 
GBD 2019 cause of death appendix write-ups in order: 

1. HIV/AIDS
2. HIV/AIDs–multidrug-resistant tuberculosis without extensive drug resistance, HIV/AIDS–extensively

drug-resistant tuberculosis, and HIV/AIDS–drug-susceptible tuberculosis
3. Sexually transmitted diseases excluding HIV
4. Tuberculosis
5. Multidrug-resistant tuberculosis, extensively drug-resistant tuberculosis, and drug-susceptible

tuberculosis
6. Lower respiratory infections
7. Upper respiratory infections
8. Otitis media
9. Diarrhoeal diseases
10. Typhoid fever
11. Paratyphoid fever
12. Invasive non-typhoidal Salmonella (iNTS)
13. Other intestinal infectious diseases
14. Malaria
15. Chagas disease
16. Visceral leishmaniasis
17. African trypanosomiasis
18. Schistosomiasis
19. Cysticercosis
20. Cystic echinococcosis
21. Dengue
22. Yellow fever
23. Rabies
24. Ascariasis
25. Ebola virus disease
26. Zika virus disease
27. Other neglected tropical diseases
28. Meningitis
29. Encephalitis
30. Diphtheria
31. Whooping cough
32. Tetanus
33. Measles
34. Varicella and herpes zoster
35. Acute hepatitis
36. Other unspecified infectious diseases
37. Maternal disorders
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38. Neonatal disorders 
39. Nutritional deficiencies 
40. Neoplasms 
41. Cardiovascular diseases 
42. Rheumatic heart disease 
43. Ischaemic heart disease 
44. Stroke 
45. Ischaemic stroke 
46. Intracerebral haemorrhage 
47. Subarachnoid haemorrhage 
48. Hypertensive heart disease 
49. Non-rheumatic valvular heart disease, non-rheumatic calcific aortic valvular heart disease, non-

rheumatic degenerative mitral valvular heart disease, and other non-rheumatic valvular heart 
diseases  

50. Cardiomyopathy and myocarditis 
51. Myocarditis 
52. Alcoholic cardiomyopathy 
53. Other cardiomyopathy 
54. Atrial fibrillation and flutter 
55. Aortic aneurysm 
56. Peripheral artery disease 
57. Endocarditis 
58. Other cardiovascular and circulatory diseases 
59. Chronic respiratory diseases 
60. Chronic obstructive pulmonary disease 
61. Pneumoconiosis: silicosis, asbestosis, coal worker’s pneumoconiosis, and other pneumoconiosis  
62. Asthma 
63. Interstitial lung disease and pulmonary sarcoidosis 
64. Other chronic respiratory diseases 
65. Digestive diseases 
66. Cirrhosis and other chronic liver diseases 
67. Upper digestive system diseases 
68. Peptic ulcer disease 
69. Gastritis and duodenitis 
70. Appendicitis 
71. Paralytic ileus and intestinal obstruction 
72. Inguinal, femoral, and abdominal hernia 
73. Inflammatory bowel disease 
74. Vascular intestinal disorders 
75. Gallbladder and biliary diseases 
76. Pancreatitis 
77. Other digestive diseases 
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78. Alzheimer’s disease and other dementias
79. Parkinson disease
80. Idiopathic epilepsy
81. Multiple sclerosis
82. Motor neuron disease
83. Other neurological disorders
84. Eating disorders
85. Anorexia nervosa
86. Bulimia nervosa
87. Alcohol use disorders
88. Drug use disorders
89. Opioid use disorders
90. Cocaine use disorders
91. Amphetamine use disorders
92. Other drug use disorders
93. Diabetes mellitus
94. Chronic kidney disease
95. Acute glomerulonephritis
96. Skin and subcutaneous diseases
97. Bacterial skin diseases
98. Cellulitis
99. Pyoderma
100. Decubitus ulcer 
101. Other skin and subcutaneous diseases 
102. Musculoskeletal disorders 
103. Rheumatoid arthritis 
104. Other musculoskeletal disorders 
105. Congenital birth defects 
106. Urinary diseases and male infertility 
107. Urinary tract infection and interstitial nephritis 
108. Urolithiasis 
109. Other urinary diseases 
110. Gynaecological diseases 
111. Haemoglobinopathies and haemolytic anaemias 
112. Endocrine, metabolic, blood, and immune disorders 
113. Sudden infant death syndrome 
114. Injuries 
115. Fatal discontinuities  
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HIV/AIDS 

Case definition 

Infection with the human immunodeficiency virus (HIV) causes influenza-like symptoms during the acute 
period following infection and can lead to acquired immunodeficiency syndrome (AIDS) if untreated. HIV 
attacks the immune system of its host, leaving infected individuals more susceptible to opportunistic 
infections like tuberculosis. Although there are two different subtypes of HIV, HIV-1 and HIV-2, no 
distinction is made in our estimation process or presentation of results. For HIV, ICD 10 codes are B20-
B24, C46-C469, D84.9; ICD 9 codes are 042-044, 112-118 (after 1980), 130 (after 1980), 136.3-136.8 
(after 1980), 176.0-176.9 (after 1980), 279 (after 1980); and ICD9 BTL codes are B184-B185. 

Input data 

Household seroprevalence surveys 
Geographically representative HIV seroprevalence survey results were used as inputs to the model for 
countries with generalised HIV epidemics where available. 

GBD demographic inputs 
Location-specific population, fertility, migration and HIV-free survival rates from GBD 2019 were used as 
inputs in modelling all locations. 

Data from countries 
The files compiled by UNAIDS for their HIV/AIDS estimation process were our main source of data for 
producing estimates of HIV burden. Spectrum files are often built by within-country experts with the 
support of UNAIDS, which publishes estimates annually on behalf of countries and only shares their 
Spectrum files when permission is granted. The files contain the HIV-specific information which is 
needed to run the Estimation and Projection Package (EPP) model and the Estimation and Projection 
Package Age Sex Model (EPPASM). 
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Spectrum and EPPASM require the following input data: AIDS mortality among people living with HIV 
with and without ART, CD4 progression among people living with HIV not on ART, ART coverage among 
adults and children, cotrimoxazole coverage among children, coverage of breastfeeding among women 
living with HIV, prevention of mother-to-child transmission coverage, and CD4 thresholds for treatment 
eligibility. EPPASM additionally uses HIV prevalence data from surveillance sites and representative 
surveys. In contrast to Spectrum and EPPASM, EPP fits a simpler model to HIV prevalence data from 
surveillance sites and representative surveys only. Antenatal care (ANC), incidence, prevalence, and 
treatment coverage data from UNAIDS were used in modelling for all locations. We extracted all of 
these data from the proprietary format used by UNAIDS. 

We did not have country UNAIDS files for 40 locations, many of them countries with small populations 
and/or low HIV prevalence. In those places, we generated regional averages of all needed inputs. This 
enabled us to run Spectrum for every GBD location. 

Vital registration data 
We used all available sources of vital registration and sample registration data from the GBD Causes of 
Death database after garbage code redistribution and HIV/AIDS mis-coding correction, except in Group 
1A countries as described below.1, 2 There are two different cause of death data sources for HIV/AIDS in 
China: the Disease Surveillance Point (DSP) system and the Notifiable Infectious Disease Reporting 
(NIDR) system. Both systems are administered by the Chinese Center for Disease Control and 
Prevention, but the reported number of deaths due to HIV is significantly lower in DSP. Therefore, we 
have used the provincial-level ratio of deaths due to HIV/AIDS from NIDR to those from DSP, choosing 
the larger ratio between years 2013 and 2014, and scaled the reported deaths in the DSP system, which 
is in turn used in the spatiotemporal Gaussian process regression (ST-GPR). 

On-ART literature data  
Data were identified by using search terms “HIV,” “mortality,” and “antiretroviral therapy” in PubMed 
searches across the literature. To be included, studies must include only HIV-positive people who 
receive antiretroviral therapy (ART) but who were ART-naïve prior to the study. In addition, studies must 
report either a duration-specific (time since initiation of ART) mortality proportion or a hazard ratio 
across age or sex, and must not include children. 

For duration-specific survival data, studies must report uncertainty on mortality estimates or provide 
stratum-specific sample sizes and must include duration-specific data to allow for calculation of 0-6, 7-
12, or 13-24 month conditional mortality. In addition, studies must either report separate mortality and 
loss-to-follow-up (LTFU) curves, be corrected for LTFU using vital registration data or double sampling, 
or be conducted in a high-income setting. Finally, studies must report the percentage of participants 
who are male and the median age of participants.  

Hazard ratio data for ages or sexes can only be used if the hazard ratios are controlled for other 
variables of interest (age, sex, and CD4 category). In GBD 2013, we identified 102 papers for extraction. 
For GBD 2015, we included 13 additional studies informing the duration-specific mortality estimation 
process and 26 studies informing the age and sex hazard ratio estimation process (some studies were 
used and counted in both). We also added one study to our LTFU analysis. For GBD 2016, we included 12 
additional studies informing the duration-specific mortality estimation process and 11 studies informing 
the age and sex hazard ratio estimation process (some studies were used and counted in both). For GBD 
2017, we included 17 additional studies informing the duration-specific mortality estimation process and 
13 studies informing the age and sex hazard ratio estimation process (some studies were used and 
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counted in both). We also included two new studies in our LTFU analysis. For GBD 2019, we did not 
update the systematic review or add cohort studies. 

Off-ART literature data 
In GBD 2013, we systematically reviewed the literature on mortality without ART to characterise 
uncertainty in the progression and death rates. We searched terms related to pre-ART or ART-naive 
survival since seroconversion.3 After screening, we identified 13 cohort studies that included the cohorts 
used by UNAIDS, from which we extracted survival at each one-year point after infection. Screening for 
additional, recently published studies in GBD 2015, GBD 2016 and GBD 2017 identified no new cohort 
studies for inclusion in this analysis. We did not search for new studies in GBD 2019. 

Severity splits and disability weights 
The basis of the GBD disability weight survey assessments are lay descriptions of sequelae highlighting 
major functional consequences and symptoms. The lay descriptions and disability weights for HIV/AIDS 
severity levels are shown below. 

Severity level Lay description DW (95% CI) 

Symptomatic HIV Has weight loss, fatigue, and frequent infections. 0.274 
(0.184–
0.377)

AIDS with antiretroviral 
treatment

Has occasional fevers and infections. The person takes 
daily medication that sometimes causes diarrhoea.

0.078 
(0.052–
0.111)

AIDS without 
antiretroviral treatment

Has severe weight loss, weakness, fatigue, cough and 
fever, and frequent infections, skin rashes, and diarrhoea.

0.582 
(0.406–
0.743)

Modelling strategy 

We continued to estimate on-ART and off-ART mortality by CD4 count as in GBD 2017, which is 
described below. However, in GBD 2019, our burden estimation strategy for HIV incidence, prevalence, 
and mortality diverged from GBD 2017. We continued to use the Spectrum program rewritten in Python 
for GBD 2013 to facilitate faster and more flexible execution necessary for our more intensive 
computational needs for Group 2 countries. For India, we used EPP and Spectrum, as in GBD 2017.  
However, we used EPPASM exclusively for the remaining Group 1 countries. Both EPP and EPPASM are 
open-source computer programmes in R written by Jeffrey Eaton.4,5  

On-ART 
First, we corrected reported probabilities of death for loss to follow-up using an approach developed by 
Verguet and colleagues.6 Verguet and colleagues used tracing and follow-up studies to empirically 
estimate the relationship between death in LTFU and the rate of LTFU. 
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To create estimates of age-specific hazard ratios, we synthesised hazard ratio data in five broad age 
groups: 15-25, 25-35, 35-45, 45-55, 55-100, and modelled the data using DisMod-MR 2.1. 

To create estimates of sex-specific hazard ratios, we use the metan function in Stata to create estimates 
of relative risks separately by region, using female age groups as the reference group.
The age and sex hazard ratios were applied to the study-level mortality rates, accounting for the 
distribution of ages and sexes in the mortality data. We then subtracted HIV-free mortality from the 
model life table process to calculate study-level age-sex HIV-specific mortality. 

We used DisMod-MR 2.1 to synthesise the age-sex-split study-level data into estimates of conditional 
probability of death over initial CD4 count.3 We modelled the data separately by duration, age, sex, and 
region and added a fixed effect on whether the study was conducted prior to 2002. We estimate 
mortality for each region in its own DisMod model based on data from the IeDEA cohort collaboration,7 
and include a covariate for year as mortality among the LFTU has been found to decline in recent years.8 
Finally, we replaced our on-ART mortality rates with those estimated off treatment if they were higher.   

Off-ART 
Following UNAIDS assumptions, no-ART mortality is modelled as shown in the figure below.3 

The death and progression rates between CD4 categories vary by age according to four age groups: 15–
24 years, 25–34 years, 35–44 years, and 45 years or older. We modelled the logit of the conditional 
probability of death between years in these studies using the following formula: 

In the formula, m is conditional probability of death from year t j to t j+1, a i is an indicator variable for age 
group at seroconversion (15–24 years, 25–34 years, 35–44 years, and 45 years or older), t j is an indicator 
variable of year since seroconversion, and uκ is a study-level random effect.  

By sampling the variance-covariance matrix of the regression coefficients and the study-level random 
effect, we generated 1,000 survival curves for each age group that capture the systematic variation in 
survival across the available studies. For each of the 1,000 survival curves, we used a framework 
modelled after the UNAIDS optimisation framework in which we find a set of progression and death 
rates that minimises the sum of the squared errors for the fit to the survival curve.9, 10
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We estimate mortality for each region in its own DisMod model based on data from the IeDEA cohort 
collaboration,9 and include a covariate for year as mortality among the LFTU has been found to decline 
in recent years.10 Finally, in cases where on-ART rates were higher, we replaced our estimated on-ART 
mortality rates by rates off ART to account for progression to lower CD4 categories. This ensured 
individuals would not experience higher mortality when they entered treatment in Spectrum or 
EPPASM.  

GBD 2019 burden estimation overview 

We used three different components to derive year-, age- and sex-specific estimates of HIV incidence, 
prevalence, and mortality depending on locations’ availability of data and extent of HIV burden, as 
described below: 

1. EPPASM was used to estimate incidence, prevalence, and mortality that are consistent with 
serosurveillance data from antenatal care clinics and/or prevalence surveys.   

2. EPP was used to estimate age- and sex-aggregate incidence and prevalence trajectories that are 
consistent with serosurveillance data from antenatal care clinics and/or prevalence surveys in 
India subnational locations. 

3. Spectrum is a compartmental HIV progression model used to generate age-sex-specific 
incidence, prevalence, and death rates from input incidence and prevalence curves and 
assumptions about intervention scale-up and local variation in epidemiology. This model was 
used in conjunction with EPP for India, and for all Group 2 countries. 

Changes for GBD 2019 
EPPASM  

For GBD 2019, we modified the UNAIDS version of EPP-ASM both to improve the fit to data and to 
generate paediatric estimates. We built a paediatric module in EPP-ASM that mirrored the recent 
developments to the paediatric module in Spectrum.11 This child module included CD4 progression and 
CD4-specific mortality rates taken from a model fit to survival data from IeDEA and child initiation of 
ART based on ART distribution data from IeDEA. Perinatal and breastfeeding transmission was calculated 
as a function of prevalence among pregnant women and PMTCT programme data. We were thus able to 
utilise EPP-ASM to produce HIV incidence, prevalence, and mortality estimates for all ages. Additionally, 
we improved fit to prevalence data through allowing flexibility in the age distribution of incidence over 
time. We parameterised the ratio of incidence among ages 15-24:25+ as a constant before year 2000 
and a linear regression thereafter. This allowed for the shifts in the age distribution of incidence 
observed over the course of the HIV epidemic to be reflected in our results. Finally, we utilised GBD 
demographic inputs and substituted in our own assumptions about HIV progression rates and on/off-
ART mortality. 

To incorporate uncertainty in our demographic and progression parameters, we run EPP-ASM with 
separate draws of CD4 progression, on- and off-ART mortality rates, fertility, and HIV-free mortality. This 
process produced 1000 posterior distributions for each of the locations that make up Group 1A. For 
every location in the group, we sampled one draw from each of the sets of EPP-ASM results in order to 
create a final distribution. By sampling one draw from each set, we ensured that the distribution of 
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mortality parameters dictating the relationship between incidence and prevalence aligned with those 
used in the GBD demographics estimates.  

ANC bias adjustment 

For GBD 2019, we also implemented a new approach to address selection bias resulting from temporal 
and geographical variation in ANC reporting. The ANC data which EPPASM uses cannot be assumed as 
representative of HIV prevalence in the full population. This is especially the case when there are 
minimal or no nationally representative prevalence surveys to anchor estimates, as in the early 
epidemic.12  
 
EPPASM has embedded approaches to adjust for the bias associated with using prevalence among ANC-
site-attending pregnant women to estimate prevalence among the both-sexes population. For the bias 
between pregnant women and the national both-sexes population, it makes assumptions around the 
difference in total fertility rate among HIV positive and HIV negative women, and the difference in 
prevalence between men and women. For the bias associated with the data coming from ANC sites, the 
specification of the likelihood of observed ANC data includes random intercepts for each clinic. The 
random intercepts allow each site’s baseline prevalence to vary randomly around the overall mean 
prevalence.  In other words, factors that could drive differences between sites’ HIV prevalence levels are 
“adjusted” for.   
 
However, the embedded approach does not explicitly account for the fact that the location of the clinic 
in space may also drive its HIV prevalence level. For example, we might expect rural sites to be more 
correlated than urban sites. Thus, to further adjust for this bias, we used an offset term that represents 
the difference in the prevalence among the national, both-sexes population and the prevalence among 
the female, pregnant population associated with an ANC site location. The offset term was derived for 
each location as the difference between the adjusted prevalence in a given site-year and the adjusted 
national prevalence in that year. These estimates are adjusted for covariates that are thought to 
influence prevalence, for example, access to health-care facilities, malaria incidence, and male 
circumcision.  
 
Thus, our final strategy for estimating the likelihood of the observed ANC data was: 
 

𝑾𝑾𝒔𝒔𝒔𝒔 =  𝝋𝝋−𝟏𝟏(𝝆𝝆𝒕𝒕) + 𝜗𝜗𝑠𝑠𝑠𝑠 +  𝒖𝒖𝒔𝒔 +  𝒆𝒆𝒔𝒔𝒔𝒔 

𝒆𝒆𝒔𝒔𝒔𝒔 ~ 𝑵𝑵(𝟎𝟎,𝝈𝝈𝒔𝒔𝒔𝒔𝟐𝟐 ) 

𝒖𝒖𝒔𝒔 ~ 𝑵𝑵(𝟎𝟎,𝝈𝝈𝒔𝒔𝟐𝟐) 

Where: 

𝑊𝑊𝑠𝑠𝑠𝑠 = the probit transformed prevalence at site s and time t 
𝜌𝜌𝑡𝑡= The national prevalence adjusted to represent prevalence among pregnant women from the 
model simulation 
𝜗𝜗𝑠𝑠𝑠𝑠 = The offset term representing the difference between the adjusted prevalence in a given site-
year and the adjusted national prevalence in that year 
𝜑𝜑−1 = probit transformation 
𝑒𝑒𝑠𝑠𝑠𝑠  = Site-specific error term 
𝑢𝑢𝑠𝑠 = Site-specific intercept 
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Spectrum 
For GBD 2013, we created an exact replica of Spectrum in Python. This enabled us to run thousands of 
iterations of the model at once on our computing cluster and allowed for more flexible input data 
structures. Additionally, we scaled all input values by a uniformly sampled factor between 0.9 and 1.1 to 
generate estimates with realistic ranges of uncertainty. For example, if treatment retention rates across 
CD4 categories were 0.906, 0.759, 0.787, 0.795, 0.785, 0.756, 0.813, and 0.700, we multiplied each 
number by an array of equivalent size that contained factors ranging from 0.9 to 1.1. At each draw, the 
array would contain different, randomly selected factors in the same range. Further, we previously 
improved our sex-specific modelling strategy in Spectrum by sex-splitting incidence based on a model fit 
to the sex ratio of prevalence observed in countries with representative surveys and updated the 
Spectrum paediatric module to reflect changes made by UNAIDS.11 Our child module was revised to 
include CD4 progression and CD4-specific mortality rates taken from a model fit to survival data from 
IeDEA. Finally, we updated child initiation of ART to include data on ART distribution from IeDEA. These 
changes were retained in GBD 2019.  

ART coverage distribution 
Spectrum determines the number of people initiating ART treatment across each CD4 category based on 
eligibility criteria, and the number of expected deaths and untreated people. In other words, groups 
with a large proportion of people living with HIV and high numbers of expected deaths initiated the 
most individuals into treatment. 
 
We improved the basis for this distribution using survey microdata and country-level wealth 
information. Three relevant surveys were available: Uganda AIS 2011 and Kenya AIS 2007 and 2012. 
These surveys conducted CD4 count measurements and include a question regarding the amount of 
time that an individual receiving ART had been enrolled in treatment. Survey data provide cross-
sectional CD4 count information; however, the Spectrum modelling framework tracks individuals by 
categorical CD4 count at the initiation of treatment. In order to cross-walk the cross-sectional survey 
data into estimates of CD4 count at treatment initiation, we built a model using relevant cohort data 
which tracked changes in CD4 count after initiation of treatment to translate an individual’s current CD4 
count and duration on treatment into CD4 count at initiation of treatment. The functional form for 
changes in CD4 count as a function of duration on treatment was a natural spline on duration with knots 
at 3, 12, 24, and 36 months, and an interaction between initial CD4 count and duration.  
 
After cross-walking, we predicted the probability of being on treatment as a function of individual 
income (measured through an asset-based index), stratified by CD4 count, age, and sex. The results of 
this prediction were translated into country-specific age-sex-year-CD4 count probabilities of coverage 
using a conversion factor between individual income and lag-distributed GDP per capita. We used 
stochastic frontier analysis to constrain the maximum possible coverage for a given degree of income 
and CD4 count.  
 
Predicted probabilities of coverage were input to Spectrum to inform the distribution, and not the 
overall level, of ART treatment by CD4 count. Within Spectrum, the probabilities of coverage are 
converted to counts of expected individuals on treatment in each CD4 count group. These are scaled to 
the distribution across CD4 count groups to match the input data on the number of people on ART 
coming from UNAIDS country files. In cases where the predicted number of individuals initiating 
treatment exceeds the total number of untreated individuals in a CD4 count group, we reallocate 
treatment evenly to other CD4 count groups.  
 
Countries with seroprevalence surveys and antenatal clinic data (Groups 1A and 1B) 
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We identified 50 countries – as well as subnational locations in India, Kenya, Ethiopia, Nigeria and South 
Africa – with at least 0.5% adult HIV prevalence and at least one geographically representative HIV 
seroprevalence survey or available antenatal care clinic (ANC) data. For all locations except India we 
used a version of EPPASM, and for India we used a version of EPP. Both were written in R and C++ by 
Jeffrey Eaton. The version of EPP and EPPASM used in GBD 2019 was updated to incorporate the new 
ANC bias adjustment. Further we added a paediatric module in EPPASM which was a replicate of the 
paediatric model embedded in Spectrum. 
 
EPP and EPPASM rely on the parameter estimation via the IMIS procedure, described in Raftery and 
Bao.13 Two optimisation methods have been introduced. The main algorithm is Broyden–Fletcher–
Goldfarb–Shanno (BFGS) optimisation. If BFGS fails, Nelder-Mead optimum is used instead.14-16 To 
incorporate uncertainty in our mortality and progression parameters, we run EPP with separate draws of 
each of these parameters. Then, for every location, we have 1000 linked draws of adult incidence and 
prevalence and the exact mortality and progression parameters that generated those draws. For EPP 
locations (India), we then ran these results, along with the previously described demographic and HIV-
specific inputs, through Spectrum to produce location-, year-, age-, and sex-specific estimates of HIV 
incidence, prevalence, and mortality.  
 
The HIV/mortality reckoning process is intended as a method of reconciling separate estimates of HIV 
mortality (and its resulting effect on estimates of HIV-free and all-cause mortality) in Group 1 countries 
by averaging estimates of HIV mortality from the model life table process and our modelled estimates. 
Additional details on the reckoning can be found elsewhere.17   
 
Since EPP-ASM produces HIV incidence, prevalence, and deaths that are consistent with one another 
over time, the reckoning process results in death numbers that are no longer consistent with the 
incidence and prevalence produced in Spectrum. In order to recreate this consistency, we recalculated 
incidence for all Group 1 locations using reckoned deaths and prevalence produced by EPP-ASM. The 
updated incidence is calculated by aggregating counts of new infections, HIV deaths from EPP-ASM, and 
HIV deaths after reckoning at the year-sex level. The difference between reckoned HIV deaths and HIV 
deaths from EPP-ASM is added to EPP-ASM incidence, and we calculate the ratio between updated 
incidence and EPP-ASM incidence. Age-specific counts of new infections are then scaled by their 
corresponding sex-year ratios. 

 
Countries with vital registration data (All of Group 2A, 2B and India)     
Vital registration is one of the highest-quality sources of data on HIV burden in many countries, so 
generating estimates that are consistent with these data with necessary adjustment to account for any 
potential underreporting is critical. We identified 121 countries – as well as 632 subnational locations 
from China, Japan, Indonesia, India, Mexico, Sweden, Philippines, Poland, Italy, the United Kingdom, 
Ukraine, Russia, New Zealand, Iran, Norway and the United States – with usable points of vital 
registration data, verbal autopsy (VA) data, or sample registration system (SRS) data. In India, Vietnam 
and Indonesia, we used SRS and VA data, respectively, as input mortality for CIBA. For India we 
extracted the resulting age-sex distribution of incidence but scaled the level to match the adult 
incidence rate estimated from EPP for each state. 
 
We imputed missing years of data to generate a complete time series for HIV from the estimated start 
year of the epidemic using ST-GPR. We analysed mortality trends using ST-GPR starting in 1981, the year 
that HIV was first identified in the USA.18 For ST-GPR, we adjusted the lambda (time weight) and GPR 
scale according to the completeness of vital registration data, with 4- and 5-star quality VR using 
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parameters designed to follow the data more closely. We produced separate splines by country/age 
group, up to the peak year of death rate. We then ran a linear regression with fixed effects on region, 
age, and sex. Following this, we ran space-time residual smoothing, in which time, age, and space 
weights are used to inform smoothing of the residuals between datapoints and the linear regression 
estimate. From this process, we generated space-time estimates with the applied weights, along with 
the median absolute deviation (MAD) of the space-time estimates from the data. The MAD was 
calculated at various levels of the geographical hierarchy (eg, subnational and national), and was added 
into the data variance term. The data variance and space-time estimates were then analysed using 
Gaussian process regression to return a final estimate of mortality along with uncertainty. 
 
Although Spectrum produces HIV mortality estimates that are within the realm of possibility in most 
countries using the incidence curves provided in the UNAIDS country files, it is a deterministic model 
that has not yet been integrated into an optimisable framework. Therefore, in order to “fit” it to vital 
registration data, we need to adjust input incidence. 
 
To improve the fit of this process, in GBD 2015, we restructured Spectrum to track cohorts by year of 
HIV infection. With this version of Spectrum we can output, among many other metrics, HIV deaths by 
year, age, sex, and infection cohort. This enables us to adjust incidence to fit to death much more 
precisely and without making any rigid assumptions about the time from HIV infection to HIV death. 
 
We have incorporated these improvements into a cohort incidence bias adjustment (CIBA) process. 
First, we ran Spectrum normally to produce 1000 draws of incidence, prevalence, and mortality. Then, 
by year, age, and sex, we took the ratio of VR deaths to Spectrum deaths to quantify the amount of bias 
in Spectrum. Using draw-level duration data from the new version of Spectrum, for every year-, age-, 
and sex-specific infection cohort, we calculated the share of all HIV deaths observed over the course of 
the projection period in that cohort that would occur in each year after the year of infection. For 
example, projecting from 1970 through 2019, we identified the cohort of men infected in 1992 at the 
age of 16, calculated the total number of HIV deaths in that cohort in all subsequent years through the 
end of 2019, and divided the annual number of deaths by that total. This showed us the distribution of 
deaths among that cohort over the projection period. In the most extreme case (infections in 2018), we 
could only produce one point of that distribution (2019), so that single value is exactly 1·0; 100% of the 
deaths observed in that cohort occurred in 2019. 
 
We then used these distributions of death to weigh the ratio of VR deaths to Spectrum deaths, meaning 
that ratios in the years where we expect the largest share of deaths were weighed most heavily. We 
then multiplied the initial size of that cohort from the normal run of Spectrum by the sum of the 
combined ratios to get a new estimate of new cases in that year/age/sex combination. We can write this 
method mathematically in the following way: 

𝑟𝑟𝑡𝑡 =
𝑉𝑉𝑅𝑅𝑡𝑡
𝐷𝐷𝑡𝑡

 

𝜌𝜌𝑡𝑡𝑡𝑡−𝑖𝑖 =
𝑑𝑑𝑡𝑡𝑡𝑡−𝑖𝑖

∑ 𝑑𝑑𝑘𝑘𝑡𝑡−𝑖𝑖𝑛𝑛
𝑘𝑘=𝑡𝑡−𝑖𝑖+1

 

𝛼𝛼𝑡𝑡−𝑖𝑖 = � 𝑟𝑟𝑘𝑘

𝑛𝑛

𝑘𝑘=𝑡𝑡−𝑖𝑖+1

∗ 𝜌𝜌𝑘𝑘𝑡𝑡−𝑖𝑖 

𝑛𝑛adjusted𝑡𝑡−𝑖𝑖 = 𝛼𝛼𝑡𝑡−𝑖𝑖 ∗ 𝑛𝑛𝑡𝑡−𝑖𝑖 
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𝑉𝑉𝑅𝑅𝑡𝑡 is the number of HIV/AIDS deaths in year 𝑡𝑡 from ST-GPR, and 𝐷𝐷𝑡𝑡 is the number of HIV/AIDS deaths 
from the first run of Spectrum. In the second equation, 𝑑𝑑𝑡𝑡

𝑡𝑡−𝑖𝑖 is the number of HIV/AIDS deaths among 
members of infection cohort 𝑡𝑡 − 𝑖𝑖 in year 𝑡𝑡, with 𝑖𝑖 ≥ 1, from the new, duration-tracking version of 
Spectrum, and 𝑛𝑛 is final year of the projection. Therefore, 𝜌𝜌𝑡𝑡

𝑡𝑡−𝑖𝑖 is the share of observed deaths in cohort 
𝑡𝑡 − 𝑖𝑖 that we expect to occur in year 𝑡𝑡. It follows that 𝛼𝛼𝑡𝑡−𝑖𝑖 is the weighted adjustment ratio described 
above, which we multiply by the estimated initial size of infection cohort 𝑡𝑡 − 𝑖𝑖 as calculated in the first-
stage Spectrum run to get the adjusted number of new cases, 𝑛𝑛adjusted

𝑡𝑡−𝑖𝑖 . This process is run separately for 
every sex, single age, and draw. 
 
CIBA allows ratios in each year after a given infection year to influence the final adjustment to incidence. 
The size of that influence is determined by the relative importance of that year in the cohort-year’s 
distribution of deaths over time. The result is a new set of 1000 draws of incidence and a set of 1000 
ratios of post-adjustment incidence to pre-adjustment incidence. We perform this adjustment using 
mean durations from the new version of Spectrum in order to try to shift the mean of the regular 
distribution of deaths. 
 
Finally, to produce location-, year-, age-, and sex-specific estimates of HIV incidence, prevalence, and 
mortality, we ran the new estimates of incidence and all previously input data through Spectrum. 
 
Countries without survey data and vital registration data (Group 2C) 
40 countries had neither geographically representative seroprevalence surveys nor reliable vital 
registration systems. To produce estimates of HIV burden in these countries, we assumed that Spectrum 
is similarly biased as in other Group 2 countries within the same super-region. This involved running 
Spectrum, adjusting incidence using 1000 adjustment ratios randomly sampled from CIBA results from 
the same super-region, and rerunning Spectrum using the new draws of adjusted incidence. As above, 
the estimates of incidence, prevalence, and mortality were incorporated into the rest of the machinery 
via the reckoning process. 
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HIV/AIDS – multidrug-resistant tuberculosis without extensive drug resistance, HIV/AIDS – 
extensively drug-resistant tuberculosis, and HIV/AIDS – drug-susceptible tuberculosis 
 

 

 

Input data 
Input data for HIV/AIDS-tuberculosis (HIV-TB) mortality estimation include (i) 438 site-years of vital 
registration data from countries with a four- or five-star rating where cause of death data for directly 
coded HIV-TB and tuberculosis (TB) were available, and (ii) the number of TB cases (new and re-
treatment) recorded as HIV-positive and the number of TB cases (new and re-treatment) with an HIV 
test result recorded in the TB register from the World Health Organization (WHO). We excluded data 
from countries with ten HIV-TB deaths or less. We also excluded data that were largely conflicting with 
the majority of data for other years from the same country.  

Input data for estimation of multidrug-resistant and extensively drug-resistant HIV-TB include: (i) the 
number of drug-resistant cases by type (multidrug-resistant tuberculosis [MDR-TB], extensively drug-
resistant tuberculosis [XDR-TB], all TB cases with a drug sensitivity testing [DST] result for isoniazid and 
rifampicin, and MDR-TB cases with DST for second-line drugs) from routine surveillance and surveys 
reported to WHO. Additional input data include relative risks of mortality in MDR-TB cases compared 
with drug-susceptible TB cases, and relative risks of mortality in XDR-TB cases compared with MDR-TB 
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cases reported by studies identified through our systematic review, and the risk of MDR-TB associated 
with HIV infection from the literature.1   

Prisma Diagram of MDR-TB mortality relative risk in GBD2019 

 

 

Modelling strategy  
To determine TB deaths in HIV-positive individuals, we first computed the fraction of HIV-TB deaths 
among all TB deaths using vital registration data from countries with a four- or five-star rating. We also 
calculated the proportion of TB cases that are HIV-positive (ie, number of TB cases recorded as HIV-
positive/number of TB cases with an HIV test result recorded in the WHO TB register). We used these 
proportions as input data for a mixed effects regression to predict the proportions of HIV-TB cases 
among all TB cases for all locations and years using an adult HIV death rate covariate. We estimated the 
fraction of HIV-TB deaths among all TB deaths in each location and year (𝐷𝐷𝑐𝑐,𝑦𝑦), defined by 
 

𝐷𝐷𝑐𝑐,𝑦𝑦 =
𝑃𝑃𝑐𝑐,𝑦𝑦𝑅𝑅𝑅𝑅

𝑃𝑃𝑐𝑐,𝑦𝑦𝑅𝑅𝑅𝑅 + 1 − 𝑃𝑃𝑐𝑐,𝑦𝑦
 

 
where 𝑃𝑃𝑐𝑐,𝑦𝑦 is the proportion of HIV-TB cases among all TB cases and RR is the relative risk of TB deaths in 
HIV positive individuals, defined by: 
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𝑅𝑅𝑅𝑅 =
𝐷𝐷𝑐𝑐,𝑦𝑦𝑃𝑃𝑐𝑐,𝑦𝑦 − 𝐷𝐷𝑐𝑐,𝑦𝑦

𝐷𝐷𝑐𝑐,𝑦𝑦𝑃𝑃𝑐𝑐,𝑦𝑦 − 𝑃𝑃𝑐𝑐,𝑦𝑦
 

 
We took the median relative risk (RR) from each calculation. We then applied the median RR and the 
predicted proportions of HIV-TB cases among all TB cases to get the fractions of HIV-TB deaths among all 
TB deaths for all locations and years. Location-year-specific HIV-TB deaths were then calculated using 
the following equation:   
 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷ℎ𝑠𝑠𝐻𝐻𝐻𝐻𝐻𝐻−𝑇𝑇𝑇𝑇 =
𝐷𝐷𝑐𝑐,𝑦𝑦

1 − 𝐷𝐷𝑐𝑐,𝑦𝑦
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷ℎ𝑠𝑠𝑇𝑇𝑇𝑇  

 
where 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷ℎ𝑠𝑠𝑇𝑇𝑇𝑇  is location-year specific deaths from the CODEm TB no-HIV model. Finally, we applied 
the age-sex pattern of the HIV mortality estimates to these HIV-TB deaths to generate location-year-age-
sex-specific HIV-TB deaths. As the HIV-TB deaths were estimated based on the fraction of HIV-TB deaths 
among all TB deaths, the total number of HIV-TB deaths could exceed the total number of HIV deaths in 
some locations. To avoid this, we applied a cap of 45% on the fraction of HIV-TB deaths among HIV 
deaths, based on a review by Cox and colleagues, 2010,2 and a systematic review and meta-analysis by 
Ford and colleagues, 2016.3 
 
To split HIV-TB into HIV-MDR-TB and HIV-drug-susceptible-TB, we first calculated the proportion of HIV-
MDR-TB among all HIV-TB cases (𝑃𝑃𝑀𝑀𝑀𝑀𝑀𝑀−𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻,𝑦𝑦,𝑎𝑎,𝑠𝑠) for each location, year, age, and sex using the 
following formula: 
 

𝑃𝑃𝑀𝑀𝑀𝑀𝑀𝑀−𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻,𝑦𝑦,𝑎𝑎,𝑠𝑠 = 𝑃𝑃𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀,𝑦𝑦,𝑎𝑎,𝑠𝑠𝑅𝑅𝑅𝑅𝐻𝐻𝐻𝐻𝐻𝐻 
 
where 𝑃𝑃𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑉𝑉𝑉𝑉,𝑦𝑦,𝑎𝑎,𝑠𝑠 is the estimated proportion of MDR-TB among HIV-negative TB cases for each 
location, year, age, and sex (see MDR-TB modelling strategy for the detail) and 𝑅𝑅𝑅𝑅𝐻𝐻𝐻𝐻𝐻𝐻 is the relative risk 
of MDR-TB associated with HIV infection. 
 
We then computed the fraction of HIV-MDR-TB deaths among all HIV-TB deaths (𝐷𝐷𝑀𝑀𝑀𝑀𝑀𝑀−𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻,𝑦𝑦,𝑎𝑎,𝑠𝑠) using 
the following formula: 
 

𝐷𝐷𝑀𝑀𝑀𝑀𝑀𝑀−𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻,𝑦𝑦,𝑎𝑎,𝑠𝑠 =
𝑃𝑃𝑀𝑀𝑀𝑀𝑀𝑀−𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻,𝑦𝑦,𝑎𝑎,𝑠𝑠𝑅𝑅𝑅𝑅𝑀𝑀𝑀𝑀𝑀𝑀

𝑃𝑃𝑀𝑀𝑀𝑀𝑀𝑀−𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻,𝑦𝑦,𝑎𝑎,𝑠𝑠𝑅𝑅𝑅𝑅𝑀𝑀𝑀𝑀𝑀𝑀 + 1 − 𝑃𝑃𝑀𝑀𝑀𝑀𝑀𝑀−𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻,𝑦𝑦,𝑎𝑎,𝑠𝑠
 

 
where 𝑅𝑅𝑅𝑅𝑀𝑀𝑀𝑀𝑀𝑀 is the pooled relative risk of mortality in MDR-TB cases compared with drug-susceptible 
TB cases. In GBD 2019, the pooled relative risk was derived from a meta-analysis in the meta-regression 
with Bayesian priors, regularization, and trimming (MR-BRT) model. After derivation of the pooled 
relative risk, we then applied the predicted HIV-MDR-TB death fractions to all HIV-TB death estimates to 
generate HIV-MDR-TB deaths by location, year, age, and sex. Next, we subtracted HIV-MDR-TB deaths 
from all HIV-TB deaths at the 1000 draw level to generate drug-susceptible HIV-TB deaths by location, 
year, age, and sex.  
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To separate out HIV-XDR-TB from HIV-MDR-TB, we aggregated the XDR-TB cases and MDR-TB cases 
(with DST for second-line drugs) up to the super-region level and calculated the super-region-level 
proportions of XDR-TB among MDR-TB cases. Next, we computed the super-region-specific fraction of 
XDR-TB deaths among all MDR-TB deaths (𝐷𝐷𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋) using the following formula: 
 

𝐷𝐷𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋 =
𝑃𝑃𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑅𝑅𝑅𝑅𝑋𝑋𝑋𝑋𝑋𝑋

𝑃𝑃𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑅𝑅𝑅𝑅𝑋𝑋𝑋𝑋𝑋𝑋 + 1 − 𝑃𝑃𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋
 

 
 
where 𝑃𝑃𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋 is the proportion of XDR-TB among MDR-TB cases for each super-region, and 𝑅𝑅𝑅𝑅𝑋𝑋𝑋𝑋𝑋𝑋  is 
the pooled relative risk of mortality in XDR-TB cases compared with MDR-TB cases. Similar to the pooled 
relative risk for MDR-TB, the derivation of the pooled relative risk of mortality in XDR-TB was computed 
with a meta-analysis in the MR-BRT model for GBD 2019. The fractions were then applied to MDR-TB 
deaths in corresponding countries within the super-regions to produce XDR-TB deaths by location, age, 
and sex for the most recent year of estimation. We linearly extrapolated XDR-TB mortality rates back, 
assuming the mortality rates were zero in 1992, one year before 1993 when XDR-TB was first recorded 
in USA surveillance data.4 Finally, we subtracted HIV-XDR-TB deaths from HIV-MDR-TB deaths to 
generate HIV-MDR-TB (without extensive drug resistance) deaths by location, year, age, and sex.   
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Sexually Transmitted Infections Excluding HIV 
Total, chlamydia, gonorrhea, syphilis, and other 

 
Flowchart

 

Input Data – Adult STIs 

Total adult deaths due to STI excluding HIV were modeled in aggregate for males and females 10 years 
and older using centrally processed vital registration, verbal autopsy, and surveillance data from the 
cause of death (COD) database. These data included deaths from all geographies and coding systems for 
syphilis, chlamydial infection, gonococcal infection, and other STIs excluding HIV. Data were excluded if 
they violated well-established patterns for age, time or space.  Data were also excluded for locations 
where sparse data, small numbers, and data processing combined to produce implausible cause 
fractions.  

To produce estimates of deaths specifically due to syphilis, chlamydial infection, gonococcal infection 
and other STIs, estimates from the total model were divided according to proportions that were 
estimated from all available cause-specific vital registration data. 

Modelling strategy – Adult STIs 
We completed data-rich (DR) and global CODEm models for ages 10 years and over for males and 
females separately. Ten covariates were entered for possible selection in each CODEm model, including 
1) prevalence of positive syphilis serology; 2) coverage of one antenatal care (ANC) visit; 3) coverage of 
four or more ANC visits; 4) age-specific fertility rate; 5) total fertility rate; 6) maternal care & 
immunization (a covariate based on a principal components analysis of ANC, in-facility delivery, skilled 
birth attendance, and vaccine coverage); 7) health care access and quality index (HAQI), 8) lag-
distributed income (LDI); 9) years of education per capita; and 10) abortion legality (a categorical rating 
of abortion laws that range from 1 (always illegal) to 7 (always legal on demand)).  
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Table 1: Covariates used in STI mortality modelling  

Level Covariate Direction 
1 Syphilis prevalence + 
2 Abortion legality - 

Age-specific fertility rate + 
Education (years per capita) - 
Total fertility rate + 
Maternal Care & Immunization - 
Health care access and quality index - 

3 Antenatal care coverage, 1+ visits -   
Antenatal care coverage, 4+ visits - 
Lag-distributed income - 

 

The CODEm model for STI was split into the sub-causes using vital registration (VR) data from the COD 
database. Trichomoniasis and HSV-2 were assumed not to cause mortality. Chlamydia was further 
assumed not to cause death in males. Therefore, for males the STI CODEm model was split into deaths 
due to syphilis, gonorrhea or other STI. For females, the STI CODEm model was split into deaths due to 
syphilis, gonorrhea, chlamydia, or other STI.  

In GBD 2017, cause-specific VR data were summed by age group and sex, then scaled to the total STI 
death model in order to calculate proportions for each specific infection. These proportions were then 
applied to all locations. In GBD 2019, to account for geographic variation in proportions, cause-specific 
VR data were summed by age group, sex, and super-region, then scaled to the total. Unfortunately, the 
COD database had very sparse data on STI cause of death in sub-Saharan Africa and North Africa & the 
Middle East, which resulted in implausible proportions estimated for these super-regions. As a result, 
the decision was made to calculate cause-specific proportions by age, sex, and two super-region groups. 

Table 2: Super-Region Groups for STI sub-cause proportions 

Super-Region Group Super-Regions Included 
ALMA • Southeast Asia, East Asia & Oceania 

• Latin America & Caribbean 
• North Africa & Middle East 
• South Asia  
• Sub-Saharan Africa 

CECAH • Central Europe, Eastern Europe, and Central 
Asia  

• High-Income 
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Congenital Syphilis 

 

Congenital syphilis arises from the transmission of syphilis from mother to child, in the womb or during 
childbirth. We model deaths due to congenital syphilis for males and females aged 0 to 9 years. Of all 
STIs excluding HIV, only syphilis is regarded as causing deaths in children under 10 years. In GBD 2017, 
congenital syphilis deaths were estimated in all locations with a natural history model. However, we 
found that our natural history model exceeded the number of deaths recorded by countries with high 
quality vital registration (VR) and a record of investment into the eradication of congenital syphilis. To 
produce more plausible estimates based on data considered to be highly complete and reliable, we 
decided that congenital syphilis  deaths in data-rich countries would be estimated in a CODEm model. 
We continue to use the natural history model to produce estimates for countries with no or lesser 
quality VR (data-sparse). Outputs for data-sparse countries produced in the natural history model are 
combined with outputs for data-rich countries produced in the CODem model, then passed on to the 
CodCorrect process as a hybrid model and included in final GBD estimates of mortality due to congenital 
syphilis. In the sections below, the input data and the modelling strategy for each method are described.  

Input data – Congenital Syphilis 
CODEm 
Deaths due to congenital syphilis in data-rich countries were modeled using centrally processed vital 
registration data from the cause of death (COD) database.  
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Natural History 
Five different inputs were used to model the natural history of congenital syphilis. Inputs were drawn 
from both data-rich and data-sparse locations, and the model produced outputs for all location-years. 
Only the outputs for data-sparse location-years were passed on to the hybrid model that went into 
CodCorrect, and subsequently included in final GBD estimates of mortality due to congenital syphilis. 
Our first inputs were estimates of positive syphilis serology in women of reproductive age pulled from 
our nonfatal Dismod model of syphilis seroprevalence. A more detailed description of these estimates 
can be found in the nonfatal methods appendix for STIs.  Our second inputs were age-specific fertility 
rates estimated in the GBD 2019 demographic analyses. Third, we used GBD estimates of the number of 
antenatal care (ANC) visits per pregnant woman. Fourth, we used published data from the Global Health 
Observatory on the proportion of ANC clinics that test for syphilis and the proportion of women testing 
positive who receive treatment. Fifth, we used cohort studies on the risk of fetal loss and neonatal death 
in syphilitic women. In GBD 2017, 11 studies were collected through recommendations from our GBD 
collaborator network. In GBD 2019, we conducted a systematic review of congenital syphilis. The search 
string below was run on April 4th, 2019 through Pubmed. It returned 1,675 articles. After title/abstract 
review, 442 articles remained for full text screening. Of these, 165 were deemed eligible for data 
extraction. 15 of these articles were combined with the 11 studies from GBD 2017 and included in a 
meta-analysis of excess neonatal death and fetal loss. 

(syphilis[tiab] OR "treponema pallidum"[tiab]) AND ((pregnan*[tiab] OR fetal[tiab] OR foetal[tiab] or fetus*[tiab] 
OR foetus*[tiab] OR neonat*[tiab] OR infan*[tiab] OR newborn*[tiab] OR congenital[tiab]) OR ((vertical*[tiab] OR 
maternal[tiab] OR mother[tiab] OR fetomaternal[tiab]) AND transmi*[tiab])) AND (outcomes[tiab] OR 
sequela*[tiab] OR manifestation*[tiab] OR morbidity*[tiab] OR diagnos*[tiab] OR hutchinson*[tiab]) 
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Modelling strategy – Congenital Syphilis 

CODEm 
We completed a data-rich CODEm model for ages 0-9 years for males and females separately. Ten 
covariates were entered for possible selection in each CODEm model, including 1) female age-
standardized prevalence of positive syphilis serology; 2) coverage of one antenatal care (ANC) visit; 3) 
coverage of four or more ANC visits; 4) maternal care & immunization (a covariate based on a principal 
components analysis of ANC, in-facility delivery, skilled birth attendance, and vaccine coverage); 5) 
abortion legality, an index that includes a categorical rating of abortion laws that range from 1 (always 
illegal) to 7 (always legal on demand); 6) age-specific fertility rate (ASFR); 7) total fertility rate (TFR), 8) 
years of education per capita; 9) health care access and quality index (HAQI); and 10) lag-distributed 
income (LDI).  

Table 3: Covariates used in congenital syphilis data-rich CODEm model 

Level Covariate Direction 
1 
 

Syphilis prevalence + 
Antenatal care coverage, 1+ visits - 
Antenatal care coverage, 4+ visits - 
Maternal Care & Immunization - 

2 
 

Abortion Legality - 
Age-specific Fertility Rate + 
Total Fertility Rate + 

3 
 

Years of education  -   
Health care access & quality - 
Lag-distributed income - 

 

Natural History 
Our natural history model for congenital syphilis mortality begins with the estimation of pregnancies 
that are at risk of vertical transmission. To calculate this, we multiply the prevalence of positive syphilis 
serology in women of child-bearing age by age-specific fertility rates. 

Next, we incorporate 5 separate measures that allow us to estimate the number of fetal and neonatal 
deaths in children of infected mothers. These are:  1) the proportion of antenatal (ANC) clinics that both 
test and treat for syphilis, 2) the number of times that a mother visits an ANC clinic during pregnancy, 3) 
the stage of disease in infected mothers, 4) excess risk of stillbirth and neonatal death in syphilitic 
pregnancies by treatment status and stage, and 5) ratios of syphilis death for every age group up to 10 
years of age, relative to neonatal deaths.  

1) ANC testing and treatment data are obtained from 132 countries via the Global Health 
Observatory.  The first of these measures is the proportion of ANC attendees that are tested for 
syphilis at their first visit. The second is the proportion of infected women that receive 
treatment if they test positive for syphilis.  These data are entered into a ST-GPR model to 
estimate these measures for all year-age-location combinations with socio-demographic index 
(SDI) as a covariate.  
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2) The distribution of the number of skilled antenatal care visits during pregnancy are produced by 
internal GBD analyses of maternal health. There are 3 categories: 1 visit, 2-3 visits, and 4+ visits.  

3) Detailed notification data from Japan on the stage of syphilis infection in pregnant women 
diagnosed during antenatal screening.  

4)  The excess risk of stillbirth and neonatal death in syphilitic vs non-syphilitic pregnancies as 
estimated in a meta-analysis described below. 
 
 

5) 4&5 star vital registration data on deaths from congenital syphilis for males and females in every 
age group up to 10 years (early neonatal, late neonatal, post neonatal, 1-4 years, 5-9 years). 
Using this data, we calculate a ratio of deaths for every age-group relative to neonatal deaths.  

 

Measures 1-4 are used to estimate total fetal loss and neonatal death from congenital syphilis. The 
5th measure allows us to disaggregate neonatal deaths into early and late neonatal groups, and 
estimate the number of deaths in infected infants that survive the neonatal stage.  

 

 

Delving into the methods behind measure 4, the excess risk of fetal loss and neonatal death for syphilitic 
mothers relative to non-syphilitic mothers were estimated using a meta-analysis of 26 studies. Risks 
were calculated detailed by treatment status of the mother. The time period that studies were 
conducted in had great variance, so we accounted for the higher risk of adverse pregnancy outcomes in 
the past by subtracting rates of these outcomes among healthy mothers from the rates among syphilitic 
mothers from the same study. Forest plots of the estimated risks are below. Values of mortality from 
women of unknown treatment status were excluded from the analysis. 
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No excess mortality or fetal loss was assumed for adequately treated cases of maternal syphilis. A 
comparison of the neonatal mortality rates between adequately treated women and uninfected women 
showed a smaller proportion of babies from adequately treated women died than babies from 
uninfected women. 

 

To combine these measures and obtain the final numbers of death: 

We adjusted syphilitic pregnancies for the excess risk of stillbirth to estimate the number of stillbirths 
attributable to congenital syphilis. We then subtracted the stillbirths from the pregnancies at risk to 
estimate the number of live births to syphilitic mothers.  

We then multiplied the live births in syphilitic mothers by the proportions of mothers attending 
antenatal clinics at least 1, 2, or 4 times during pregnancy, the probability of attending a clinic that tests 
and treats, and the proportions of early and late syphilis in pregnant women. This gave us the number of 
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live births that stemmed from mothers with untreated status, inadequately treated status, or 
adequately treated status. These three groups are estimated because treatment status impacts the risk 
of fetal loss and neonatal death. The recommendation throughout literature is that individuals with 
early syphilis infection require 1 dose of penicillin to be adequately treated, while those with late 
syphilis infection are recommended 3 doses of penicillin for adequate treatment. We assume that 
women need to attend an ANC clinic at least two times – once to undergo syphilis testing, and a second 
time to receive test results and get treatment. Thus, for those with early infection, 0-1 anc visits indicate 
untreated status, and 2 or more visits indicate adequately treated status. For those with late infection, 
0-1 visits indicate untreated status, 2-3 visits indicate inadequately treated status, and 4+ visits indicate 
adequately treatment status. 

After the number of women in each treatment group is calculated, we multiply each category by the risk 
of fetal loss or neonatal death specific to each treatment category. This produces the number of 
stillbirths in mothers at each treatment stage, and the number of neonatal deaths in infants born alive 
to mothers at each treatment stage.  

Finally, we distribute neonatal deaths across early and late neonatal age groups, and estimate the 
number of deaths for the post-neonatal, 1-4 year & 5-9 year age groups. In GBD 2017, ratios for each 
age group relative to neonatal deaths were calculated using vital registration (VR) data from all location-
years. However, this produced implausible differences between males and females in the estimated 
ratios. To solve this, in GBD 2019, only 4 and 5-star VR data were used to calculate ratios of deaths for 
every age group relative to neonatal deaths. (A further explanation of the star rating system can be 
found in the appendix.) We multiply the ratios calculated from high-quality VR data by our estimated 
number of neonatal deaths.. 
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Subsequently, the sex and age-specific congenital syphilis deaths estimated in the natural history model 
for data-sparse location-years were hybridized with the deaths estimated in the CODEm model for data-
rich locations, and the hybrid model results were uploaded to the causes of death database and entered 
into the CoDCorrect process. 
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Tuberculosis 

 

 
Input data 
Input data for modelling tuberculosis (TB) mortality among HIV-negative individuals include vital 
registration, verbal autopsy, and surveillance data. Vital registration data were adjusted for garbage 
coding (including ill-defined codes and the use of intermediate causes) following GBD algorithms and 
misclassified HIV deaths (ie, HIV deaths being assigned to other underlying causes of death such as 
tuberculosis or diarrhoea because of stigma or misdiagnosis).  

Verbal autopsy data in countries with age-standardised HIV prevalence greater than 5% were removed 
because of a high probability of misclassification, as verbal autopsy studies have poor validity in 
distinguishing HIV deaths from HIV-TB deaths.  

Modelling strategy  
A general CODEm modelling strategy was used. In GBD 2019, we made a small change with regard to the 
alcohol litres per capita covariate where we exchanged it for an all-age and both-sex equivalent that 
aligns better with the covariate framework for CODEm. We continued to use the TB strain prevalence-
weighted transmission risk and cigarettes per capita covariate that were introduced in GBD 2017. Other 
location-level covariates included in the CODEm model were the same as in previous GBD cycles: adult 
underweight proportion, alcohol (litres per capita), diabetes (fasting plasma glucose mmol/L), education 
(years per capita), Healthcare Access and Quality Index, lag-distributed income, indoor air pollution, 
outdoor air pollution, population density, prevalence of active tuberculosis, prevalence of latent 
tuberculosis infection, smoking prevalence, Socio-demographic Index, and a summary exposure variable 
reflecting the average exposure to all of the risk factors.  
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Covariate table 
 

Covariate Direction 

Level 1 TB prevalence 
Latent TB infection prevalence 
SEV scalar  
Litres of alcohol consumed per capita 
Smoking prevalence 
Cigarettes per capita 
Fasting plasma glucose 
TB strain prevalence-weighted transmission risk 

+ 
+ 
+ 
+ 
+ 
+ 
+ 
+ 

Level 2 HAQ Index 
Adult underweight proportion 
Indoor air pollution 
Outdoor air pollution 
Population density 

- 
+ 
+ 
+ 
+ 

Level 3 Log LDI 
Education (years per capita) 
Socio-demographic Index (SDI) 

- 
- 
- 

 

Correcting for a potential misclassification of tuberculosis deaths as pneumonia deaths in 
children 
Since GBD 2017, we have addressed the potential for misclassification of TB deaths as pneumonia 
deaths among children in locations with high TB burden. First, we estimated the proportion of 
tuberculosis among pneumonia cases as a function of age-standardised TB incidence using data from 
eight clinical studies2,3,4,5,6,7,8,9 reporting the proportion of pneumonia cases that had tuberculosis (or the 
data to calculate them) and the age-standardised TB incidence estimates. We used a logarithmic trend 
line to fit these data. In GBD 2019, we applied the estimated proportions to pneumonia deaths reported 
in data among children younger than 15 years to compute the number of deaths diagnosed with both 
pneumonia and TB, which were then added to child TB data. Following this correction in our input data, 
the CODEm model was run to provide location-year-age-sex specific estimates. This is a departure from 
GBD 2017, where the estimated proportions were applied after CODEm. Finally, the CODEm estimates 
were adjusted using CoDCorrect, which ensures that the number of deaths from each cause add up to 
all-cause mortality deaths for a given year. 
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TB strain prevalence-weighted transmission risk covariate 
In GBD 2017, we incorporated a TB covariate that incorporated data on the global distribution of TB 
strains and the relative risk of transmission associated with those strains. We continued the use of this 
covariate in GBD 2019. For this covariate, we defined TB strains according to the seven phylogenetic 
lineages of the Mycobacterium tuberculosis complex (MTBC) identified by S. Gagneaux and colleagues.1 
We determined the global distribution of these strains using a systematic review of human TB molecular 
epidemiology studies from 1990 to 2017 in PubMed and Scopus, as described in greater detail 
elsewhere.2 All studies that used population-based sampling methods or collected isolates from all 
culture-positive TB cases in a given location and time period were included. All genotypes that could be 
converted to phylogenetic lineages were extracted, including genotypes determined by spoligotyping, 
MIRU-VNTR typing, and PCR or whole-genome sequencing. Studies of sub-populations, such as prison 
populations or drug-resistant cases only, were excluded. In total, 206 studies representing 85 countries 
and over 200,000 bacterial isolates were included. In GBD 2019, the systematic review was updated, 
which yielded an additional 18 studies published between 2017 and 2019. A map of these strains 
highlighted the widespread global distribution of Euro-American Lineage 4 strains and East Asian 
Lineage 2 strains, and the geographical restriction of Lineage 5 and 6 strains to West Africa. Thirty of 
these studies also reported transmission chains associated with bacterial genotypes, as defined by 
genetic clustering.3 
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We used spatiotemporal Gaussian process regression (ST-GPR) to model the distribution of each strain 
in each GBD location across all ages and sexes, as described in greater detail elsewhere.4 The covariates 
tested in each model included HIV age-standardised prevalence, population density, and a custom-made 
human movement covariate. The human movement covariate took into account (1) immigration and 
emigration patterns5 and (2) airplane passenger flow6 to and from each country. In the ST-GPR models 
we assumed strong correlation and smoothing over both space and time. We then used a random-
effects meta-analysis to determine the relative risk (RR) of transmission associated with each strain, as 
defined by genetic clustering. We used the most widespread strains, Euro-American Lineage 4 strains, as 
the reference group. We found that East Asian Lineage 2 strains were associated with increased risk of 
transmission overall (relative risk [95% CI] = 1.24 [1.07, 1.45]), while West African Lineage 5 and 6 strains 
were associated with reduced transmission (relative risk [95% CI] = 0.61 [0.43, 0.86]). We used the 
following formula to calculate a TB strain prevalence-weighted risk of transmission based on these 
estimates: 
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Multidrug-resistant tuberculosis, extensively drug-resistant tuberculosis, and drug-
susceptible tuberculosis 
 

 

 

Input data 
Input data include: (i) the number of drug-resistant cases by type (multidrug-resistant tuberculosis 
[MDR-TB], extensively drug-resistant tuberculosis [XDR-TB], all TB cases with a drug-susceptible testing 
[DST] result for isoniazid and rifampicin, and MDR-TB cases with DST for second-line drugs) from routine 
surveillance and surveys reported to the World Health Organization, (ii) data from studies (identified 
through our systematic review) reporting on the relative risk of death in MDR-TB cases compared with 
non-MDR TB (drug-susceptible TB) cases, and the relative risk of death in XDR-TB cases compared with 
MDR-TB cases, and (iii) the risk of MDR-TB associated with HIV infection from the literature.1   
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PRISMA diagram of MDR-TB mortality relative risk in GBD2019 

 

Modelling strategy  
We conducted a systematic review and meta-analysis of studies reporting the relative risk of death in 
MDR-TB cases compared with drug-susceptible TB cases. We ran spatiotemporal Gaussian process 
regressions to predict the proportions of new TB cases with MDR-TB, proportions of retreated TB cases 
with MDR-TB, and proportions of retreated cases among all TB cases for all locations and years. We also 
calculated the proportions of new TB cases among all TB cases. We then computed the weighted 
average of the proportions of new and retreated cases with MDR-TB at the 1000-draw level. We then 
used the weighted average proportions of MDR-TB, along with the HIV-TB and TB no-HIV incidence 
estimates (from our modelling of non-fatal TB), and the relative risk of MDR-TB associated with HIV 
infection from the literature1 to compute the proportions of MDR-TB cases among HIV-negative TB cases 
�𝑃𝑃𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀,𝑦𝑦,𝑎𝑎,𝑠𝑠� by location, year, age, and sex using the following formula: 
 

𝑃𝑃𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀,𝑦𝑦,𝑎𝑎,𝑠𝑠 =
𝑀𝑀𝑀𝑀𝑀𝑀𝑐𝑐,𝑦𝑦

�1 + �𝑅𝑅𝑅𝑅𝐻𝐻𝐻𝐻𝐻𝐻
𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑐𝑐,𝑦𝑦,𝑎𝑎,𝑠𝑠
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑐𝑐,𝑦𝑦,𝑎𝑎,𝑠𝑠

��  𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑐𝑐,𝑦𝑦,𝑎𝑎,𝑠𝑠

 

 
where 𝑀𝑀𝑀𝑀𝑀𝑀𝑐𝑐,𝑦𝑦 is the number of all MDR-TB cases among HIV-positive and HIV-negative individuals by 
location and year, 𝑅𝑅𝑅𝑅𝐻𝐻𝐻𝐻𝐻𝐻 is the relative risk of MDR-TB associated with HIV infection, 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑐𝑐,𝑦𝑦,𝑎𝑎,𝑠𝑠 is the 
number of HIV-TB incident cases by location, year, age, and sex, and 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑐𝑐,𝑦𝑦,𝑎𝑎,𝑠𝑠 is the number of TB 
no-HIV incident cases by location, year, age, and sex. 
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We then computed the fraction of MDR-TB deaths among all HIV-negative TB deaths (𝐷𝐷𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀,𝑦𝑦,𝑎𝑎,𝑠𝑠) 
using the following formula: 

𝐷𝐷𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀,𝑦𝑦,𝑎𝑎,𝑠𝑠 =
𝑃𝑃𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀,𝑦𝑦,𝑎𝑎,𝑠𝑠𝑅𝑅𝑅𝑅𝑀𝑀𝑀𝑀𝑀𝑀

𝑃𝑃𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀,𝑦𝑦,𝑎𝑎,𝑠𝑠𝑅𝑅𝑅𝑅𝑀𝑀𝑀𝑀𝑀𝑀 + 1 − 𝑃𝑃𝑀𝑀𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷,𝑦𝑦,𝑎𝑎,𝑠𝑠
 

 
where 𝑅𝑅𝑅𝑅𝑀𝑀𝑀𝑀𝑀𝑀 is the relative risk of death in MDR-TB cases compared with drug-susceptible TB cases. In 
GBD 2019, the pooled relative risk was derived from a meta-analysis in the meta-regression with 
Bayesian priors, regularization, and trimming (MR-BRT) model. After derivation of the pooled relative 
risk, we then applied the predicted HIV-MDR-TB death fractions to all HIV-TB death estimates to 
generate HIV-MDR-TB deaths by location, year, age, and sex. Next, we subtracted MDR-TB deaths from 
all TB deaths to generate drug-susceptible TB deaths by location, year, age, and sex.  
 
To separate out XDR-TB from MDR-TB, we aggregated the XDR-TB cases and MDR-TB cases (with DST for 
second-line drugs) up to the super-region level and calculated the super-region-level proportions of 
XDR-TB among MDR-TB cases. Next, we computed the super-region-specific fractions of XDR-TB deaths 
among all MDR-TB deaths (𝐷𝐷𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋) using the following formula: 
 

𝐷𝐷𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋 =
𝑃𝑃𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑅𝑅𝑅𝑅𝑋𝑋𝑋𝑋𝑋𝑋

𝑃𝑃𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑅𝑅𝑅𝑅𝑋𝑋𝑋𝑋𝑋𝑋 + 1 − 𝑃𝑃𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋
 

 
 
where 𝑃𝑃𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋 is the proportion of XDR-TB among MDR-TB cases for each super-region, and 𝑅𝑅𝑅𝑅𝑋𝑋𝑋𝑋𝑋𝑋  is 
the pooled relative risk of mortality in XDR-TB cases compared with MDR-TB cases. Similar to the pooled 
relative risk for MDR-TB, the derivation of the pooled relative risk of mortality in XDR-TB was computed 
with a meta-analysis in the MR-BRT model for GBD 2019. These fractions were then applied to MDR-TB 
deaths in corresponding countries within the super-regions to produce XDR-TB deaths by location, age, 
and sex for the most recent year of estimation. We linearly extrapolated XDR-TB mortality rates back, 
assuming the mortality rates were zero in 1992, one year before 1993 when XDR-TB was first recorded 
in USA surveillance data.2 Finally, we subtracted XDR-TB deaths from MDR-TB deaths to generate MDR-
TB (without extensive drug resistance) deaths by location, year, age, and sex.   
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Lower respiratory infections 
 

 

Input data 
Cause of death 
Lower respiratory infection (LRI) mortality was estimated in CODEm. We estimated LRI mortality 
separately for males and females and for children under 5 years and older than 5 years. We used all 
available data from vital registration systems, surveillance systems, and verbal autopsy. We checked for 
and excluded outliers from our data by country or region. We also excluded ICD9-coded mortality data 
in Sri Lanka (1982, 1987–1992), ICD9-coded neonatal mortality data in Guatemala (1980, 1981, 1984, 
2000–2004), and medically coded cause of death data and Civil Registration System data in many Indian 
states (1986–2013).  

Aetiologies 

We updated our systematic review of scientific literature for the proportion of LRI that tested positive 
for influenza and respiratory syncytial virus (RSV) to include all data from GBD 2017 and from studies 
published between August 1, 2018 and February 7, 2019. We performed the search using PubMed and 
the following search string:  

((“lower respiratory”[title] OR pneumonia[title]) AND (2018/08/01[PDat] : 2019/2/7[PDat) AND 
((incidence OR prevalence OR epidemiology) OR (etiolog*[title/abstract] OR influenza[title/abstract] OR 

“respiratory syncytial virus”[title/abstract])) AND Humans[MeSH Terms]) 
NOT(autoimmune[title/abstract] OR COPD [title/abstract] OR “cystic fibrosis”[title/abstract] OR 

Review[ptyp]) 
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Inclusion criteria were studies that had a sample size of at least 100, studies that were at least one year 
in duration, and studies describing lower respiratory infections, pneumonia, or bronchiolitis as the case 
definition. During our literature review we identified 121 studies, of which two met our inclusion criteria 
and were extracted. We excluded studies that described pandemic H1N1 influenza solely and studies 
that used influenza-like illness as the case definition. An age pattern based on age-specific data was 
estimated and then used to split data where the age range was more than 25 years.  

We also conducted a systematic literature review of studies on the Haemophilus influenzae type B (Hib) 
vaccine and pneumococcal conjugate vaccine (PCV) effectiveness studies against x-ray-confirmed 
pneumonia and against pneumococcal and Hib disease until May 2017. This review was not updated for 
GBD 2019. For PCV studies, we extracted, if available, the distribution of pneumococcal pneumonia 
serotypes and the serotypes included in the PCV used in the study. We excluded observational and case-
control studies due to implausibly high vaccine efficacy estimates. Hib trial data were exclusively from 
children under 5 years, so we did not include the effect of Hib on ages over 5 years. PCV trial data are 
also frequently limited to younger populations. To understand the contribution of pneumococcal 
pneumonia in older populations, we also included PCV efficacy studies that used before-after 
approaches. 

Modelling strategy  
Cause of death. LRI fatal modelling occurs using CODEm. Because of starkly different patterns, LRI 
CODEm models include under-5 years and 5–95+ years. Like all models of mortality in GBD, LRI mortality 
models are single-cause, requiring in effect that the sum of all mortality models must be equal to the all-
cause mortality envelope. We correct LRI mortality estimates, and other causes of mortality, by rescaling 
them according to the uncertainty around the cause-specific mortality rate. This process is called 
CoDCorrect and is essential to ensure internal consistency among causes of death.  

Table 1. Covariates used in LRI mortality modelling. Table 1A is for children under 5 and Table 1B 
shows the covariates used for ages 5–95+. The Level is the associated strength of relationship between 
the covariate and LRI mortality, ranked from 1 (proximally related) to 3 (distally related). Direction is the 
direction of the association between the covariate and LRI mortality.  

Table 1A. Covariates used in under 5 years model 

Level Covariate Direction 

1 

Childhood stunting summary exposure value 
(SEV) + 
Childhood underweight SEV  + 
Childhood wasting SEV + 
Indoor air pollution + 
LRI SEV + 
Antibiotics for LRI - 
Hib vaccine coverage - 
PCV coverage - 
Vitamin A deficiency + 

2 

Secondhand smoking prevalence + 
Zinc deficiency + 
DTP3 vaccine coverage - 
Healthcare Access and Quality Index - 
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Ambient particulate matter SEV + 
Household air pollution + 
Outdoor air pollution (PM2.5) + 
Handwashing SEV + 

3 

Sanitation SEV + 
Population density > 1000/km2 + 
Population density < 150/km2 + 
Maternal education  - 
Socio-demographic Index - 

 

Table 1B. Covariates used in 5-95+ years model 

Level Covariate Direction 

1 

Indoor air pollution + 
LRI SEV + 
Outdoor air pollution + 
Secondhand smoking prevalence + 
Smoking prevalence + 

2 

DTP3 vaccine coverage - 
Adult underweight + 
Healthcare Access and Quality Index - 
PCV coverage - 
Handwashing access + 

3 

Education years per capita - 
Lag distributed income per capita - 
Socio-demographic Index - 
Sanitation SEV + 

 

 

Aetiologies  

We estimated LRI aetiologies separately from overall LRI mortality using two distinct counterfactual 
modelling strategies to estimate population attributable fractions (PAFs), described in detail below. The 
PAF represents the relative reduction in LRI mortality if there was no exposure to a given aetiology. As 
LRIs can be caused by multiple pathogens and the pathogens may co-infect, PAFs can overlap and are 
not scaled to sum to 100%. Separate strategies were used for viral (influenza and RSV) and bacterial 
(Streptococcus pneumoniae and Hib) aetiologies. We did not attribute aetiologies to neonatal 
pneumonia deaths due to a dearth of reliable data in this age group. We calculated uncertainty of our 
PAF estimates from 1,000 draws of each parameter using normal distributions in log space.  

Influenza and RSV. We calculated the PAF from the proportion of severe LRI cases positive for influenza 
and RSV. We assumed that hospitalised LRI cases are a proxy of severe cases. We used the following 
formula to estimate the PAF:1 

𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 (𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚) ∗ (1 −
1
𝑂𝑂𝑂𝑂

) 
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Where Proportion is the proportion of LRI cases that test positive for influenza or RSV and OR is the odds 
ratio of LRI given the presence of the pathogen. There are two published estimates of the odds ratios of 
influenza and RSV. One is based on detection in children younger than 5 years and the second is based 
on adults over 65 years. We applied the separate odds ratios for those age groups and log-linearly 
interpolated values between those ages to determine odds ratios for ages between those groups.2, 3

We modelled the proportion data using the meta-regression tool DisMod-MR to estimate the 
proportion of LRI cases that are positive for influenza and RSV, separately, by location/year/age/sex. To 
make disparate data types directly comparable such as the diagnostic technique (detection by PCR 
served as our reference), studies that investigated RSV or influenza exclusively (multi-pathogen studies 
were our reference), and studies from inpatient populations (community-based sample populations was 
our reference), we performed a meta-regression of the ratios of the reference to non-reference 
definitions. These meta-regression results were used to adjust the mean and variance of nonreference 
data. The value for the ratio of community to inpatient LRI was used as a scalar in our final estimate of 
fatal attributable fractions because we assumed that the frequency of influenza or RSV in hospitalised 
episodes of LRI represented the frequency in fatal LRI. 

As the case-fatality of viral causes of pneumonia is lower than for bacterial causes, we adjusted for 
differential case-fatality by determining the aetiological fractions for mortality attributable to RSV and 
influenza (Table 2). We measured the aetiological fractions by applying a relative case-fatality 
adjustment based on in-hospital case-fatality, which we coded to specific pneumonia aetiologies. 
Hospital admissions data of this type were limited to data from Austria, Brazil, Chile, China, Ecuador, 
Italy, Kenya, Mexico, New Zealand, the Philippines, Portugal, and the United States. We generated the 
pooled estimate of the case-fatality differential between bacterial (pneumococcus, Hib) and viral 
aetiologies (RSV, influenza) using DisMod-MR to determine an age pattern for this ratio. Therefore, the 
final attributable fraction for fatal LRI was: 

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ∗ �1 −
1
𝑂𝑂𝑂𝑂

� ∗ 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ∗ 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

Pneumococcal pneumonia and Hib. For Streptococcus pneumoniae (pneumococcal pneumonia) and Hib, 
we calculated the PAF using a vaccine probe design.4,5 The ratio of vaccine effectiveness against 
nonspecific pneumonia to pathogen-specific disease represents the fraction of pneumonia cases 
attributable to each pathogen.  

To estimate the PAF for Hib and pneumococcal pneumonia, we calculated the ratio of vaccine 
effectiveness against nonspecific pneumonia to pathogen-specific pneumonia (equations 1 and 3). We 
estimated a study-level estimate of the PAF from a meta-analysis of these ratios. To estimate the PAF for 
Hib, we only used randomised controlled trials because of implausibly high values of vaccine efficacy in 
case-control studies. To estimate the PAF for pneumococcal pneumonia, we included RCTs and before 
and after vaccine introduction longitudinal studies. 

We adjusted the study-level PAF estimate by vaccine coverage and expected vaccine performance to 
estimate country- and year-specific PAF values. For pneumococcal pneumonia, we adjusted the PAF by 
the final Hib PAF estimate and by vaccine serotype coverage. Finally, we used an age distribution of the 
PAF modelled in DisMod to determine the PAF by age. Because of an absence of data describing vaccine 
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efficacy against Hib in children older than 2 years, we did not attribute Hib to episodes of LRI in ages 5 
years and older. 

We used a vaccine probe design to estimate the PAF for pneumococcal pneumonia and Hib by first 
calculating the ratio of vaccine effectiveness against nonspecific pneumonia to pathogen-specific 
pneumonia at the study level (equations 1 and 2).4–6 We then adjusted this estimate by vaccine coverage 
and expected vaccine performance to estimate country- and year-specific PAF values (equations 3 and 
4). 

1) 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 = 𝑉𝑉𝑉𝑉𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃
𝑉𝑉𝑉𝑉𝐻𝐻𝐻𝐻𝐻𝐻 

 

 

2) 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 =  𝑉𝑉𝑉𝑉𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ∗(1−𝑃𝑃𝑃𝑃𝑃𝑃𝐻𝐻𝐻𝐻𝐻𝐻∗𝑉𝑉𝑉𝑉𝐻𝐻𝐻𝐻𝐻𝐻 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂)
𝑉𝑉𝑉𝑉𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆∗𝐶𝐶𝐶𝐶𝐶𝐶𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

 

 

 

3) 𝑃𝑃𝑃𝑃𝑃𝑃𝐻𝐻𝐻𝐻𝐻𝐻 =  𝑃𝑃𝑃𝑃𝑃𝑃𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 ∗
�1−𝐶𝐶𝐶𝐶𝐶𝐶𝐻𝐻𝐻𝐻𝐻𝐻∗𝑉𝑉𝑉𝑉𝐻𝐻𝐻𝐻𝐻𝐻 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂�

(1−𝑃𝑃𝐴𝐴𝐹𝐹𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵∗𝐶𝐶𝐶𝐶𝐶𝐶𝐻𝐻𝐻𝐻𝐻𝐻∗𝑉𝑉𝑉𝑉𝐻𝐻𝐻𝐻𝐻𝐻 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂)
 

 

4) 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑃𝑃𝑃𝑃𝑃𝑃𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵∗�1−𝐶𝐶𝐶𝐶𝐶𝐶𝑃𝑃𝑃𝑃𝑃𝑃∗𝑉𝑉𝑉𝑉𝑃𝑃𝑃𝑃𝑃𝑃 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂�

�1−𝑃𝑃𝑃𝑃𝑃𝑃𝐻𝐻𝐻𝐻𝐻𝐻∗𝐶𝐶𝐶𝐶𝐶𝐶𝐻𝐻𝐻𝐻𝐻𝐻∗𝑉𝑉𝑉𝑉𝐻𝐻𝐻𝐻𝐻𝐻 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂�∗�1−
𝑃𝑃𝑃𝑃𝑃𝑃𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐶𝐶𝐶𝐶𝐶𝐶𝑃𝑃𝑃𝑃𝑃𝑃∗𝑉𝑉𝑉𝑉𝑃𝑃𝑃𝑃𝑃𝑃 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂

�1−𝑃𝑃𝑃𝑃𝑃𝑃𝐻𝐻𝐻𝐻𝐻𝐻∗𝐶𝐶𝐶𝐶𝐶𝐶𝐻𝐻𝐻𝐻𝐻𝐻∗𝑉𝑉𝑉𝑉𝐻𝐻𝐻𝐻𝐻𝐻 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂�
�
 

 
Where 𝑉𝑉𝑉𝑉𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 is the vaccine efficacy against nonspecific pneumonia, 𝑉𝑉𝑉𝑉𝐻𝐻𝐻𝐻𝐻𝐻 is the vaccine efficacy 
against invasive Hib disease, 𝑉𝑉𝑉𝑉𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 is the vaccine efficacy against serotype-specific 
pneumococcal pneumonia, 𝐶𝐶𝐶𝐶𝐶𝐶𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠  is the serotype-specific vaccine coverage for PCV,7  
𝑉𝑉𝑉𝑉𝐻𝐻𝐻𝐻𝐻𝐻 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂  is the Hib effectiveness in the community (0.8),8  𝑃𝑃𝑃𝑃𝑃𝑃𝐻𝐻𝐻𝐻𝐻𝐻 is the final PAF for Hib, 𝐶𝐶𝐶𝐶𝐶𝐶𝑃𝑃𝑃𝑃𝑃𝑃  is 
the PCV coverage, 𝐶𝐶𝐶𝐶𝐶𝐶𝐻𝐻𝐻𝐻𝐻𝐻 is the Hib coverage by country, and 𝑉𝑉𝑉𝑉𝑃𝑃𝑃𝑃𝑃𝑃 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂  is the vaccine effectiveness 
in the community (0.8).9  

For Hib, we assumed that the vaccine efficacy against invasive Hib disease is the same against Hib 
pneumonia. For pneumococcal pneumonia, a recent study in adults10 found that the vaccine efficacy 
against invasive pneumococcal disease may be significantly higher than against pneumococcal 
pneumonia. We used this ratio to adjust estimates of vaccine efficacy against invasive pneumococcal 
disease from other studies. However, recognising that the study is unique in that it uses a urine antigen 
test among adults, we added uncertainty around our adjustment using a wide uniform distribution 
(median 0.65, 0.3–1.0). This has increased the estimates of pneumococcal pneumonia mortality in a 
meaningful way. 
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Table 2: The median values for the ratio of viral to bacterial pneumonia case-fatality ratio by age is 
shown. These estimates are modelled using hospital-based, ICD-coded admissions and mortality for 
aetiology-specified pneumonia. Values in parentheses represent 95% uncertainty interval. 

Age group Ratio 
Early neonatal 0.59 (0.36–0.84) 
Late neonatal 0.58 (0.37–0.84) 
Post neonatal 0.58 (0.41–0.77) 
1 to 4 0.69 (0.64–0.74) 
5 to 9 0.85 (0.77–0.93) 
10 to 14 0.84 (0.79–0.89) 
15 to 19 0.83 (0.78–0.87) 
20 to 24 0.82 (0.77–0.87) 
25 to 29 0.82 (0.78–0.86) 
30 to 34 0.82 (0.79–0.85) 
35 to 39 0.82 (0.8–0.85) 
40 to 44 0.82 (0.8-0.85) 
45 to 49 0.82 (0.8–0.85) 
50 to 54 0.82 (0.79–0.85) 
55 to 59 0.82 (0.79–0.86) 
60 to 64 0.82 (0.79–0.86) 
65 to 69 0.82 (0.8–0.85) 
70 to 74 0.82 (0.79–0.85) 
75 to 79 0.82 (0.78–0.85) 
80 to 84 0.83 (0.8–0.87) 
85 to 89 0.86 (0.83–0.89) 
90 to 94 0.89 (0.85–0.93) 
95 to 99 0.92 (0.86–0.97) 

 

Changes from GBD 2017 

The main changes from GBD 2017 involved methods used in determining the attributable fractions for 
influenza and RSV. For GBD 2019, we applied a consistent and reproducible approach to estimating the 
ratio of reference to nonreference data. For example, we found the ratio of the proportion of LRI that 
tested positive for RSV among community episodes and divided that by the proportion positive in 
inpatient populations.  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼
 

This value was the input in a meta-regression to find the mean relative difference in those values. This 
scalar was used to adjust all inpatient data to the expected value if it used a community sample instead. 
The approach described here was used to make inpatient, non-PCR, and single etiology studies more 
similar to our reference definitions.  
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The second main change implemented in GBD 2019 was the differential odds ratios by age. Previously, 
we used a single study of the odds ratio of influenza and RSV for children younger than 5 and applied 
that to all ages. With a recently published article on the odds for these pathogens in adults over 65 
years, we were able to have different values by age.  
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Input data and methodological summary for upper respiratory infections 
Input data 
Vital registration and surveillance data from the cause of death (CoD) database were used. Outliers were 
identified by systematic examination of datapoints. Datapoints that violated well-established age or 
time trends, were inconsistent with other country- or region-specific points, or that resulted in 
extremely high or low mortality rates were determined to be outliers. 

Modelling strategy  
A generic CODEm approach was used to estimate mortality due to upper respiratory infections (URI) in 
GBD 2019. In GBD 2016, mortality from URI was modelled using a negative binomial regression. It was 
determined that a negative binomial regression was an appropriate approach for estimating URI due to 
a small number of deaths due to URI in the CoD database. However, due to changes in how we 
redistribute cause of death codes, more deaths were attributed to URI in the CoD database, and thus it 
was determined that a generic CODEm approach was feasible for estimating URI mortality in GBD 2017. 
The covariates used are displayed below.  We have made no substantive changes to the modelling 
strategy in 2019. 

 

Level Covariate Direction 

1 Smoking prevalence + 

2 

Indoor pollution + 

Outdoor pollution (PM2.5) + 

Healthcare Access and Quality 
Index - 

3 

Socio-demographic Index - 
Lag distributed income - 

Education (years per capita) - 
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Otitis media 
Flowchart 

  

 

Input data and methodological summary for otitis media 
Input data 
Vital registration, verbal autopsy, and surveillance data were used. Outliers were identified by 
systematic examination of datapoints. Datapoints that violated well-established age or time trends, 
were inconsistent with other country- or region-specific points, or that resulted in extremely high or 
low mortality rates were determined to be outliers.  

Modelling strategy  
A general CODEm modelling strategy was used. There were no substantive changes from GBD 2017 in 
terms of modelling strategy. The covariates used are displayed below. 

Table 1. Covariates used in otitis media mortality modelling 

Level Covariate Direction 

1 
Otitis summary exposure value 
(SEV) + 

Smoking prevalence + 

2 

Indoor pollution + 
Healthcare Access and Quality 
Index - 

Outdoor pollution (PM2.5) + 

3 

Socio-demographic Index (SDI) - 
Log-transformed lag distributed 
income - 

Education (years per capita) - 
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Diarrhoeal diseases 
Flowchart 

 

Diarrhoeal diseases are a cause of death in GBD. We also estimated the attributable deaths 
from 13 diarrhoeal aetiologies using an independent modelling strategy. These pathways are 
shown in the flowchart above and will both be described in this report. 

Input data 
Cause of death. We used all available data from vital registration systems, surveillance systems, 
and verbal autopsy. Data points that violated well-established age or time trends were 
determined to be outliers. We also excluded early neonatal mortality data in the Philippines 
(1994–1998), India Civil Registration System data, and medically certified cause of death 
(MCCD) data in all states (1986–2013).  

Aetiologies. The second type of data describes diarrhoea aetiologies. There are 13 aetiologies 
in GBD 2019 for diarrhoea: adenovirus, aeromonas, campylobacter, vibrio cholerae, clostridium 
difficile, cryptosporidium, entamoeba histolytica, typical enteropathogenic E. coli (typical EPEC), 
heat-stable toxin producing enterotoxigenic E. coli (ST-ETEC), norovirus, rotavirus, non-
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typhoidal salmonella, and shigella. We extracted data on all aetiologies except C. difficile from 
scientific literature that reported the proportion of diarrhoea cases that tested positive for each 
pathogen. We completed a systematic literature review covering the time period May 2018 to 
February 2019 for diarrhoea prevalence, incidence, and all diarrhoea aetiologies. Inclusion 
criteria included diarrhoea as the case definition, studies with a sample size of at least 100, and 
studies with at least one year of follow up. We excluded studies that reported on diarrhoeal 
outbreaks exclusively and those that used acute gastroenteritis with or without diarrhoea. 

We searched articles using a PubMed search term that combined nonspecific and aetiology-
specific diarrhoea in February 2019 using the following search string:  

(diarrhoea[title/abstract] OR diarrhea[title/abstract]) AND (2018/07/30:2019/2/7[PDat]) AND 
Humans[MeSH Terms] AND (incidence[title/abstract] OR prevalence[title/abstract] OR 

epidemiology[title/abstract] OR salmonella[title/abstract] OR aeromona*[title/abstract] OR 
shigell*[title/abstract] OR enteropathogenic[title/abstract] OR enterotoxigenic[title/abstract] 
OR campylobacter[title/abstract] OR amoebiasis[title/abstract] OR entamoeb*[title/abstract] 
OR cryptosporid*[title/abstract] OR rotavirus[title/abstract] OR norovirus[title/abstract] OR 
adenovirus[title/abstract] OR etiology[title/abstract]) NOT (appendicitis[title/abstract] OR 

esophag*[title/abstract] OR surger*[title/abstract] OR gastritis[title/abstract] OR 
liver[title/abstract] OR case report[title] OR case-report[title] OR therapy[title] OR 
treatment[title] Crohn[title/abstract] OR “inflammatory bowel”[title/abstract] OR 

irritable[title/abstract] OR travel*[title] OR Outbreak[title] OR Review[ptyp] OR 
vomiting[title/abstract). 

We identified 82 studies, of which three met our inclusion criteria. We extracted data for 
location, sex, year, and age.  

We used the Global Enteric Multicenter Study (GEMS), a seven-site, case-control study of 
moderate-to-severe diarrhoea in children under 5 years,1 and the MAL-ED study,2 a multi-site 
birth cohort, to calculate odds ratios for the diarrhoeal pathogens. We analysed raw data for a 
systematic reanalysis, representative of the distribution of cases and controls by age and site 
that were tested for the presence of pathogen using quantitative polymerase chain reaction 
(qPCR).3  

Data that did not use qPCR for detection were adjusted for sensitivity and specificity prior to 
modelling in order to standardize data regardless of detection method. Adjusting these data 
prior to modelling allowed us to adjust only data that did not use qPCR, as well as better control 
for values at extreme bounds, and capture uncertainty in modelling.  

Modelling strategy 
Cause of death. Diarrhoeal disease mortality was estimated in the Cause of Death Ensemble 
modelling platform (CODEm). We estimated diarrhoea mortality separately for males and 
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females and for children under 5 years and older than 5 years. We used country-level covariates 
to inform our CODEm models (Table 1).  

Table 1. The covariates used in diarrhoea mortality modelling. Table 1A shows the covariates 
used in the 0–4 years model, and Table 2B shows the covariates used in the 5–95+ years 
model. The Level represents the strength of the association between the covariate and 
diarrhoea mortality from 1 (proximally related) to 3 (distally related). The Direction indicates 
the positive or negative association between the covariate and diarrhoea mortality.  

Table 1A. The covariates used in the 0–4 years model 

Level Covariate Direction 

       1 

Oral rehydration solution treatment - 
Safe sanitation access - 
Safe water access - 
Rotavirus vaccine - 

2 
Vitamin A deficiency + 
Zinc deficiency + 
Zinc treatment for diarrhoea - 

3 

Handwashing access - 
Lag distributed income (LDI) per capita - 
Maternal education years - 
Healthcare Access and Quality Index - 
Socio-demographic Index (SDI) - 

Table 1B. The covariates used in the 5–95+ years model. 

Level Covariate Direction 

1 

Diarrhoea summary exposure value (SEV) + 
Unsafe sanitation SEV + 
Unsafe water SEV + 
Sanitation access - 
Improved water source access - 

2 
Healthcare Access and Quality Index - 
Rotavirus vaccine coverage - 

3 

Education years per capita - 
LDI per capita - 
Adult underweight + 
SDI - 
Oral rehydration accesss - 
Population density less than 150/km2 + 
Population density greater than 1000/km2 + 

 

Aetiologies. We estimated diarrhoeal disease aetiologies independently from overall diarrhoea 
mortality using a counterfactual strategy for enteric adenovirus, aeromonas, entamoeba 
histolytica (amoebiasis), campylobacter, cryptosporidium, typical EPEC, enterotoxigenic 
Escherichia coli (ETEC), norovirus, non-typhoidal salmonella infections, rotavirus, and shigella. 
Vibrio cholerae and C. difficile were modelled separately.  
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Diarrhoeal aetiologies are attributed to diarrhoeal deaths using a counterfactual approach. We 
calculated a population attributable fraction (PAF) from the proportion of severe diarrhoea 
cases that are positive for each aetiology. The PAF represents the relative reduction in 
diarrhoea mortality if there was no exposure to a given aetiology. As diarrhoea can be caused 
by multiple pathogens and the pathogens may co-infect, PAFs can overlap and are not scaled to 
sum to 100%. We calculated the PAF from the proportion of severe diarrhoea cases that are 
positive for each aetiology. We assumed that hospitalised diarrhoea cases are a proxy of severe 
and fatal cases. We used the following formula to estimate PAF:4 

𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑛𝑛 ∗ (1 −
1
𝑂𝑂𝑂𝑂

) 

Where Proportion is the proportion of diarrhoea cases positive for an aetiology and OR is the 
odds ratio of diarrhoea given the presence of the pathogen. 

We dichotomised the continuous qPCR test result using the value of the cycle threshold (Ct) 
that most accurately discriminated between cases and controls. The Ct values range from 0 to 
35 cycles representing the relative concentration of the target gene in the stool sample. A low 
value indicates a higher concentration of the pathogen while a value of 35 indicates the 
absence of the target in the sample. We used the lower Ct value when we had multiple Ct 
values for the cutpoint. The case definition for each pathogen is a Ct value that is below the 
established cutoff point.  

We used a mixed effects conditional logistic regression model to calculate the odds ratio for 
under 1 year and 1–4 years old for each of our pathogens. The stool samples from cases and 
controls in GEMS were used exclusively to calculate these odds ratios as we assumed that the 
association between pathogens and moderate-to-severe diarrhoea is a proxy for fatal 
outcomes. The odds ratio for 1–4 years was applied to all GBD age groups over 5 years. There 
were three pathogen-age odds ratios that were not statistically significant: aeromonas and 
amoebiasis in under 1 year and campylobacter in 1–4 years. The mean value of the odds ratio 
was above 1 in all three cases, so we transformed the odds ratios for these three exceptions 
only in log space such that exponentiated values could not be below 1. The transformation was: 

Odds ratio = exp(log(OR) – 1)) + 1 

We modelled the proportion data using the Bayesian meta-regression tool DisMod-MR to 
estimate the proportion of positive diarrhoea cases for each separate aetiology by 
location/year/age/sex and to adjust for the covariates. We used the estimated sensitivity and 
specificity of the original laboratory diagnostic test results from the pooled GEMS and MAL-ED 
qPCR stool samples compared to the qPCR test result to adjust our proportion before we 
modelled the proportions:5 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 =
(𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 + 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 − 1)

(𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 + 𝑆𝑆𝑆𝑆𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 − 1)
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We used this correction to account for the fact that the proportions we used are based on a 
new test that is not consistent with the laboratory-based case definition (qPCR versus GEMS 
conventional laboratory testing for pathogens).6 Because differences in the type of PCR used in 
the original (nonreference qPCR diagnostic) between GEMS and MAL-ED in detecting norovirus, 
we combined the sensitivity and specificity results for norovirus such that 50% of the draws 
were coming from GEMS test results exclusively and 50% of the draws were coming from MAL-
ED test results exclusively. Additionally, because the original laboratory diagnostic technique 
used for campylobacter in MAL-ED was one not commonly used, we only used GEMS to 
determine the sensitivity and specificity of bacterial culture compared to qPCR in detecting 
campylobacter.7 

Our literature review extracted the proportion of any EPEC without differentiating between 
typical (tEPEC) and atypical (aEPEC). In order to be consistent with the odds ratios that we 
obtained, we adjusted our proportion estimates of any EPEC to typical EPEC only. This 
adjustment was informed by a subset of our literature review that reported both atypical and 
typical EPEC. We estimated a ratio by super-region of tEPEC to any EPEC and adjusted our 
proportion estimates accordingly. We found that the majority of EPEC diarrhoea cases were 
positive for atypical EPEC, consistent with other published work.8 We applied the same 
approach to differentiate between heat-stable toxin (ST) and heat labile toxin producing (LT) 
ETEC. For the first time, GBD 2019 split these serotypes so that estimates in GBD 2019 
represent the diarrhoeal disease burden attributable to ST-ETEC. This was based on work 
showing that ST-ETEC was much more pathogenic than LT-ETEC. As our proportion data were 
extracted for any ETEC, we determined a proportion of all ETEC that produced ST from the 
GEMS and MAL-ED studies and applied that ratio to our input data so that they represented ST-
ETEC only. We re-estimated the sensitivity and specificity values as well as the odds ratios for 
our new definition of ST-ETEC. 

For vibrio cholerae (cholera), we used the literature review to estimate the expected number of 
cholera cases for each country-year using the incidence of diarrhea (estimated using DisMod-
MR) and the proportion of diarrhoea cases that are positive for cholera. We assigned cholera 
PAF using odds ratios from the qPCR results to estimate a number of cholera-attributable cases. 
We compared this expected number of cholera cases to the number reported to the World 
Health Organization at the country-year level.9 We modelled the underreporting fraction to 
correct the cholera case notification data for all countries using health system access and the 
diarrhoea SEV scalar to predict total cholera cases. We used the age-specific proportion of 
positive cholera samples in DisMod-MR and our incidence estimates to predict the number of 
cholera cases for each age/sex/year/location. Finally, we modelled the case fatality ratio of 
cholera using DisMod-MR and to estimate the number of cholera deaths.  

For C. difficile, we modelled incidence and mortality in DisMod-MR for each age, sex, year, 
location. DisMod-MR is a Bayesian meta-regression tool that uses spatiotemporal information 
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as priors to estimate prevalence, incidence, remission, and mortality for C. difficile infection. 
DisMod-MR uses a compartmental model to relate prevalence, incidence, remission, and 
mortality. We set remission in our model to 1 month.  

For rotavirus, we made a change to the process of estimating attributable fraction to explicitly 
account for rotavirus vaccine efficacy in GBD 2019. The impact of the rotavirus vaccine is 
dependent on modelled vaccine coverage for a location-year and on the rotavirus vaccine 
efficacy (VE). There are numerous studies that demonstrate a difference in VE by location.10 We 
determined that SDI was the best predictor of rotavirus VE, and we used a meta-regression 
with this covariate to predict the rotavirus VE by location where the VE was higher in areas with 
larger SDI values and followed a logit-linear distribution.  

For GBD 2019, we explicitly incorporated the results from our analysis of VE to produce more 
robust estimates of the proportion of diarrhoea that has rotavirus over time and space. We 
assumed that the impact of the vaccine can be represented as one minus the product of the 
estimated vaccine coverage and VE.    

𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 𝑖𝑖𝑚𝑚𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = 1 − 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ∗ 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 

Both of these values vary in time and space but not by age. To avoid discontinuities in our 
model, we adjusted the input proportion data to remove the impact of the rotavirus vaccine by 
dividing the observed proportion by the vaccine impact.  

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

1 − 𝐶𝐶𝐶𝐶𝐶𝐶𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 ∗ 𝑉𝑉𝑉𝑉𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀
 

The result is the modelled proportion of diarrhoea positive for rotavirus in the absence of the 
vaccine. This modelled value is then multiplied by the impact of the rotavirus vaccine to 
determine the estimated proportion of diarrhoea positive for rotavirus in the presence of the 
vaccine. Our modified attributable fraction is then:   

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 (𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷) ∗ �1 −
1
𝑂𝑂𝑂𝑂�

 

The last step is to account for the expected impact of the rotavirus vaccine. We do this using 
the equation below: 

𝑃𝑃𝑃𝑃𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 ∗
(1 − 𝐶𝐶𝐶𝐶𝐶𝐶𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 ∗ 𝑉𝑉𝑉𝑉𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀)

(1 − 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 ∗ 𝐶𝐶𝐶𝐶𝐶𝐶𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 ∗ 𝑉𝑉𝑉𝑉𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀)
 

Where the final attributable fraction for rotavirus is the product of the PAF estimated in 
DisMod-MR and the expected reduction in that PAF given modelled vaccine coverage and 
modelled VE by location-year, and this value is only applied to children 28 days to 5 years old. 
The product of the rotavirus attributable fraction and the number of deaths or cases of 
diarrhoea is the number of deaths and cases caused by rotavirus.    
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Typhoid fever 
 

 

 
Input data  
Our CODEm model used all available data in the cause of death database from data-rich countries. No 
data were outliered for this cause. For the natural history model, our incidence dataset included a 
combination of data from prospective cohort studies and national surveillance systems. Similarly, data 
on proportions due to typhoid and paratyphoid included a combination of prospective cohort studies 
and national surveillance systems. Case fatality data were from national surveillance systems and 
hospital databases.   

Modelling strategy 
We model typhoid deaths using a hybrid modelling strategy with two components: 1) for data-rich 
locations we estimate typhoid mortality using a CODEm model of CoD data; and 2) in all other locations 
(ie, not data-rich) we use a natural history model in which we derive deaths as the product of cases and 
case fatality.   

The CODEm model included six covariates: 

Level Covariate Direction 
1 Sanitation (proportion with access) - 

Improved water source (proportion of the population with access)  - 
Proportion of the population living in the Indian Ocean monsoon belt + 
SEV unsafe water + 
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SEV unsafe sanitation + 
2 Healthcare Access and Quality Index - 

 

For the natural history model, we first model total incidence of typhoid and paratyphoid combined. 
Second, we model the proportion of this total due to typhoid and the proportion due to paratyphoid. 
Third, we estimate case fatality by age and national income category for typhoid and paratyphoid 
combined. Fourth, we use data on the relative fatality of typhoid and paratyphoid to split the joint case 
fatality estimates into typhoid- and paratyphoid-specific case fatality estimates. Finally, we estimate 
cause-specific mortality rates as the product of incidence and case fatality. 

Total incidence was modelled using DisMod-MR 2.1 using the proportion of the population with access 
to clean water, and the proportion of the population living in the Indian Ocean monsoon belt as 
covariates. We performed a crosswalk using a study-level covariate indicating sources that were based 
on passive versus active surveillance, with active surveillance as the reference. This adjusts for 
incomplete case capture by passive surveillance. Incidence data were inflated to account for poor 
diagnostic sensitivity, based on a meta-analysis of the sensitivity of blood culture, the most common 
diagnostic used for typhoid. Similarly, we used two DisMod models to estimate aetiologic proportions: 
one for the proportion of total incidence due to typhoid, and one for the proportion due to paratyphoid.   
 
Case fatality data were too limited to allow for a complete DisMod model, or to allow for varying 
estimates by time and space. We had sufficient data, however, to estimate case fatality by age and by 
three categories of national income. We used DisMod to extract a global age-pattern in case fatality, and 
meta-regression to estimate the mean case fatality by income category. Finally, we estimated the 
relative risk of death from typhoid relative to paratyphoid based on data from Chinese surveillance and 
used that relative risk to estimate case fatality separately for typhoid and paratyphoid, by age and 
income.   
 
Finally, we estimated typhoid mortality as the product of total incidence, the proportion of the total due 
to typhoid, and case fatality for typhoid. We propagated uncertainty through every step of the 
modelling process by pulling 1,000 draws from the distribution of each model component (eg, incidence, 
proportion due to typhoid, overall case fatality, case fatality age pattern, relative fatalness of typhoid 
versus paratyphoid), and performing all calculations at the draw level. 
 
We have made no substantive changes to our natural history modelling strategy between GBD 2017 and 
2019. 
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Paratyphoid fever 
 

 

 
Input data  
Our CODEm model used all available data in the cause of death database from data-rich countries. No 
data were outliered for this cause. For the natural history model, our incidence dataset included a 
combination of data from prospective cohort studies and national surveillance systems. Similarly, data 
on proportions due to typhoid and paratyphoid included a combination of prospective cohort studies 
and national surveillance systems. Case fatality data were from national surveillance systems and 
hospital databases.   

Modelling strategy 
We model paratyphoid deaths using a hybrid modelling strategy with two components: 1) for data-rich 
locations we estimate paratyphoid mortality using a CODEm model of CoD data; and 2) in all other 
locations (ie, not data-rich) we use a natural history model in which we derive deaths as the product of 
cases and case fatality.   

The CODEm model included six covariates: 

Level Covariate Direction 
1 Sanitation (proportion with access) - 

Improved water source (proportion of the population with access)  - 
Proportion of the population living in the Indian Ocean monsoon belt + 
SEV unsafe water + 
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SEV unsafe sanitation + 
2 Healthcare Access and Quality Index - 

 

For the natural history model, we first model total incidence of typhoid and paratyphoid combined. 
Second, we model the proportion of this total due to typhoid and the proportion due to paratyphoid. 
Third, we estimate case fatality by age and national income category for typhoid and paratyphoid 
combined. Fourth, we use data on the relative fatality of typhoid and paratyphoid to split the joint case 
fatality estimates into typhoid- and paratyphoid-specific case fatality estimates. Finally, we estimate 
cause-specific mortality rates as the product of incidence and case fatality. 

Total incidence was modelled using DisMod-MR 2.1, using the proportion of the population with access 
to clean water, and the proportion of the population living in the Indian Ocean monsoon belt as 
covariates. We performed a crosswalk using a study-level covariate indicating sources that were based 
on passive versus active surveillance, with active surveillance as the reference. This adjusts for 
incomplete case capture by passive surveillance. Incidence data were inflated to account for poor 
diagnostic sensitivity, based on a meta-analysis of the sensitivity of blood culture, the most common 
diagnostic used for typhoid and paratyphoid. Similarly, we used two DisMod models to estimate 
aetiologic proportions: one for the proportion of total incidence due to typhoid, and one for the 
proportion due to paratyphoid.   
 
Case fatality data were too limited to allow for a complete DisMod model, or to allow for varying 
estimates by time and space. We had sufficient data, however, to estimate case fatality by age and by 
three categories of national income. We used DisMod to extract a global age-pattern in case fatality, and 
meta-regression to estimate the mean case fatality by income category. Finally, we estimated the 
relative risk of death from typhoid relative to paratyphoid based on data from Chinese surveillance and 
used that relative risk to estimate case fatality separately for typhoid and paratyphoid, by age and 
income.   
 
Finally, we estimated paratyphoid mortality as the product of total incidence, the proportion of the total 
due to paratyphoid, and case fatality for paratyphoid. We propagated uncertainty through every step of 
the modelling process by pulling 1,000 draws from the distribution of each model component (eg, 
incidence, proportion due to paratyphoid, overall case fatality, case fatality age pattern, relative 
fatalness of typhoid versus paratyphoid), and performing all calculations at the draw level. 
 
We have made no substantive changes to our natural history modelling strategy between GBD 2017 and 
2019. 
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Invasive non-typhoidal salmonella (iNTS) 
 

 

Input data  
Our CODEm model used all available data in the cause of death database from data-rich countries. No 
data were outliered for this cause. Incidence estimates for the natural history model are modelled using 
an incidence dataset based principally on prospective cohort studies and facility-based surveillance. 
Similarly, data on case fatality and co-infection come from prospective cohort studies and facility-based 
surveillance. 

Modelling strategy 
We model iNTS deaths using a hybrid modelling strategy with two components: 1) for data-rich locations 
we estimate iNTS mortality using a CODEm model of CoD data; and 2) in all other locations (ie, not data-
rich) we use a natural history model in which we derive deaths as the product of cases and case fatality.   

The CODEm model included three covariates: 

Level Covariate Direction 
1 SEV unsafe water + 

Malaria incidence adjusted for antimalarial coverage and drug effectiveness + 
HIV mortality rate + 
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For the natural history model, we estimate iNTS deaths as the product of cases and case fatality. 
Incidence was modelled with DisMod-MR 2.1, using the HIV mortality rate, malaria incidence adjusted 
for antimalarial coverage and drug effectiveness, and the summary exposure value (SEV), unsafe water, 
as covariates. We estimated the relative risk of iNTS comparing people with HIV to those without using a 
negative binomial model with log-age and log of the summary exposure value (SEV) for water as 
predictors. We used the resulting relative risk estimates and HIV prevalence estimates to calculate the 
proportion of iNTS that was attributable to HIV in each location, year, age, and sex. Using these 
proportions, we divided iNTS cases into those that were attributable to HIV and those that were not. We 
modelled case fatality by age and Socio-demographic Index (SDI) separately for those with and without 
HIV using a generalised additive model, parameterising age with P-splines, and estimated mortality as 
the product of incidence and case fatality. Where iNTS occurs among those with HIV, we assume that 
iNTS is an opportunistic infection and that HIV is therefore the underlying cause of death. We therefore 
estimate deaths with iNTS as the underlying cause as total iNTS deaths times the proportion of cases not 
attributable to HIV.  

The hybrid approach is a new for GBD 2019, as estimates for GBD 2017 were based on a natural history 
model for all locations. For countries that are not data-rich, we have made no substantive changes to 
our natural history modelling strategy between GBD 2017 and 2019. 
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Other intestinal infectious diseases 
 
 

 

Input data 
We modelled other intestinal infectious disease mortality using all available data in the cause of death 
(CoD) database. Data points were outliered if they reported an improbable number of deaths or if their 
inclusion in the model yielded distorted trends. In some cases, multiple data sources for the same 
location differed dramatically both in their quality and reported other intestinal infectious disease 
mortality (eg, a verbal autopsy and vital registration source). In these cases the lower-quality data 
source was outliered. 

 

Modelling strategy 
We modelled other intestinal infectious disease mortality using a custom binomial model of all data in 
the CoD database. The custom model was used because of very small death counts. We used the number of 
cause-specific deaths as the outcome, with the all-cause mortality envelope as the exposure term. We 
included the square root of Socio-demographic Index, age group, and sex as covariates, and included a 
random effect on region. 

 
We have made no substantive changes to the modelling strategy in 2019. 
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Malaria  
 

Flowchart 
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Input data and methodological summary for malaria 
 
Overview 
Variability in the presence of Plasmodium falciparum necessitated distinct approaches for estimating 
malaria mortality. In countries with Plasmodium falciparum, which is responsible for the vast majority of 
malaria deaths and for which there is cause of death evidence available, this species was considered the 
only cause of malaria deaths. For these countries we applied a model that generates a geographically 
heterogeneous case fatality rate (CFR) grid, which we then intersect with untreated incidence to 
determine the number of deaths. Pixel-level death totals are then aggregated to the admin-level to 
produce the GBD estimates.  In countries where the only species present was Plasmodium vivax, a very 
simplistic model was used instead to attribute some nominal number of deaths to malaria. 
 

Input data 
The cause of death (CoD) data included vital registration, verbal autopsy, and surveillance data from the 
GBD database. For the CFR model, we only used CoD data (mostly verbal autopsy) where we have been 
able to successfully geo-reference the site (i.e., find associated geographic coordinates). Systematic 
literature reviews for malaria were not conducted. Our outlier criteria excluded data points that (i) were 
implausibly high or low relative to global or regional patterns, (ii) substantially conflicted with 
established age or temporal patterns, or (iii) significantly conflicted with other data sources conducted 
from the same locations or locations with similar characteristics (i.e., local Socio-demographic Index). 
 

Modelling strategy 
For most GBD causes, epidemiologic measures may be used as covariates in a traditional CODEm 
approach, if at all. To estimate the fatal burden of P. falciparum malaria in Africa, we used 
epidemiological measures in our estimation process directly. The Malaria Atlas Project (MAP) at the 
University of Oxford has generated updated spatiotemporal “cubes” estimating clinical incidence (rates 
and case counts) for each 5x5 km pixel, by year, from 1980 to 2019. MAP has also generated an 
equivalent spatiotemporal prediction of effective treatment with an antimalarial drug (combining 
treatment seeking, the fraction of malaria cases receiving different classes of antimalarial, and the 
estimated country-year-specific efficacy of each antimalarial class though time). This estimated effective 
treatment rate was combined with the incidence rate cube to derive a third cube estimating the 
incidence of untreated cases at the pixel level. 

For each site-year for which CoD malaria cause fraction data were available we (i) estimated a site-year-
specific malaria mortality rate as the product of malaria cause fraction and all-cause mortality rate (with 
the latter drawn from national-level values); (ii) divided the malaria mortality rate by the site-year-
specific estimate of untreated malaria incidence rate (drawn from the MAP cube) to estimate a site-
year-specific case fatality rate (CFR) among untreated malaria cases. These derived site-year-specific CFR 
values were then used in a geostatistical model to estimate pixel-year CFR for each 5x5 km grid cell. The 
response variable for this model was logit all-ages CFR (for untreated cases), and Gaussian likelihood 
was used. The model included a separate intercept for each IHME super-region. Similarly, each 
continent was given its own smooth temporal effect (random walk of order 2). There was no global 
intercept or global temporal term as some continents had many data points while Africa in particular 
had very few. The fixed effect covariates used were travel time to cities, proportion of adults, proportion 
of infants, log country-year all-cause mortality, and sickle cell anemia rate (proportion of heterozygotes). 
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Finally, a sample location random effect was included (and not used in prediction) to account for 
sampling biases between sites. 

Pixel-year predictions of CFR were then multiplied by the untreated incidence rate rasters from the MAP 
cube to yield pixel-year mortality rate estimates, which were then multiplied by pixel-year population to 
derive pixel-year malaria death counts. Pixel-level results were then aggregated to yield the GBD 
national and subnational death estimates. By applying this logic over a set of raster realizations, we 
created a distribution of results from which we obtained measures of uncertainty.  

To age-spilt the deaths we relied on the age-specific death ratios that emerged from a separate CODEm 
modelling strategy.  This strategy was carried out in four parts: males <5 years, males >5 years, females 
<5 years, and females >5 years.  The resulting predicted age-patterns were used to distribute the 
country-year mortality estimates proportionally into the 23 GBD age bins. The covariates used in CODEm 
were: 

Level Covariate Direction 
1 Pf-only incidence 1 
1 Effective antimalarial treatment -1 

 

For countries where the exclusive strain of malaria was P. vivax, deaths were estimated using a zero-
inflated negative binomial mixed model where the outcome is study deaths. The model included as fixed 
effect the logarithm of mortality rate, age, and sex. Locations were included as random effects.  

The results from the P. falciparum and P. vivax models were collated, uploaded in CODEm and marked 
as best model in order to incorporate the estimation in the CodCorrect algorithm. 
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Chagas disease 
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Input data 
We modelled Chagas mortality using all available data in the cause of death database. No data were 
outliered for this cause.  

Modelling strategy  
We modelled Chagas mortality using a CODEm model of all Chagas-endemic countries of Latin America 
using all data in the CoD database. Estimates of Chagas mortality in endemic countries were drawn from 
the CODEm model. Estimates of mortality in countries without known endemic transmission were added 
as imported cases if reported through vital registration systems.  
 
The CODEm models included three covariates: 
 

Level Covariate Direction 
1 Chagas prevalence + 
2 Healthcare Access and Quality Index - 

Socio-demographic Index - 
 

 
We have made no substantive changes in the modelling strategy from GBD 2017 to GBD 2019.  
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Visceral leishmaniasis 
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Visceral leishmaniasis (VL) is the most serious manifestation of disease caused by the Leishmania 
parasite, transmitted through the bite of phlebotomine sandflies. Those infected typically present with 
fever, weight loss, anaemia, leukopenia, thrombocytopenia, and enlargement of the spleen and liver. If 
left untreated, it can be fatal. Transmission varies by geographical region, with a variety of reservoir 
hosts implicated, and different vector species associated, maintaining both zoonotic and anthroponotic 
transmission cycles. The ICD9 code related to visceral leishmaniasis is 085.0, and the ICD10 code is 
B55.0. 
 
Description of general methodology 
 
The fatal estimation process for visceral leishmaniasis is built from incident case notification data 
representative of the GBD geographical location, which is adjusted for underreporting. The upscaled all-
age, both-sex case counts are modelled using spatiotemporal Gaussian process regression (ST-GPR) in 
order to impute for missing location-year combinations as well as to account for further biases and 
inaccuracies in reporting. Datasets that disaggregate VL cases by age and sex are modelled using 
DisMod-MR 2.1 to produce a global age-sex split which is applied to the all-age, both-sex envelope 
estimates resulting from ST-GPR. The mean incidence estimates are compared with estimated death 
counts to generate a case-fatality rate model that is subsequently used to estimate deaths for each age, 
sex, location, year. 
 
Input data – case notification time series 
Current estimation for the all-age, both-sex incidence envelope is based upon location-representative 
information rather than site-specific epidemiological measures due to the absence of global foci maps 
allowing for upscaling of geographically precise information. The primary data resource therefore is the 
case notification time-series reported by National Control Programs and Ministries of Health to the 
World Health Organization. This is supplemented by systematic literature review (last updated for GBD 
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