
1 
 

Global, Regional and National Burden of Cardiovascular 
Diseases and Risk Factors in 204 countries and territories, 
1990-2023 
 

Appendix 2: Cause of death estimation methods  

 

 

 

 

 

 

 

 

 

 

 

 

 

Preamble 

This appendix contains methodological details about the Global Burden of Disease cause of death 

estimation process. Parts of this section have been reproduced from the supplementary appendix of 

“Global burden of 292 causes of death in 204 countries and territories and 660 subnational locations, 

1990–2023: a systematic analysis for the Global Burden of Disease Study 2023,” as cited below:  

 
Naghavi et al. Global burden of 294 causes of death in 204 countries and territories and 660 
subnational locations, 1990–2023: a systematic analysis for the Global Burden of Disease Study 2023. 
Lancet (In press). 
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Preamble  
This appendix provides further methodological detail for “Global, Regional and National Burden of Cardiovascular 

Diseases and Risk Factors in 204 countries and territories, 1990-2023.” This study complies with the Guidelines for 

Accurate and Transparent Health Estimates Reporting (GATHER) recommendations.1 It includes detailed tables and 

information on data in an effort to maximise transparency in our estimation processes and provide a comprehensive 

description of analytical steps.  

 

Portions of this appendix have been reproduced or adapted from appendices for GBD 2021 Causes of Death 

Collaborators,2 and GBD 2021 Demographics Collaborators.3 References are provided for reproduced or adapted 

sections. 
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Section 1: List of appendix tables 
See section 8 for all the appendix tables listed here. 

Appendix tables: 

Appendix Table S1: GBD cause hierarchy with levels. 

Appendix Table S2: Total number of site years by cause and source type for GBD 2023. 
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Section 2: GBD overview 
The Global Burden of Diseases, Injuries, and Risk Factors Study (GBD) is a collaborative research effort aimed at 

estimating morbidity and mortality from a comprehensive set of diseases, injuries, and risk factors. The GBD 

Collaborator Network draws on the expertise of over 14,000 contributors from around the world. 

Section 2.1: Geographical locations of the analysis 
We produced estimates for 204 countries and territories that were grouped into 21 regions and seven super-regions 

(table S1). 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. In GBD 2023 we continue to analyse at subnational levels countries that were added in 

previous cycles including Brazil, China, Ethiopia, India, Indonesia, Iran, Italy, Japan, Kenya, Mexico, New Zealand, 

Nigeria, Norway, Pakistan, Russia, the Philippines, Poland, 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). To meet data use requirements, in this publication we present subnational estimates for 

Brazil, Ethiopia, Indonesia, Iran, Japan, Kenya, Mexico, Norway, Pakistan, South Africa, Sweden, the UK, and the 

USA; given space constraints, these results are presented in Appendix 2 instead of the main text. Additionally, 

subnational estimates for China, India, Nigeria, and Russia are included in maps but are not reported in appendix 

tables. Subnational estimates for other countries will be released in separate publications, although please note that 

we only release estimates for a subset of these countries, per agreements with country partners.  

At the most detailed spatial resolution, we generated estimates for 925 unique locations. As was done in GBD 2021, 

in GBD 2023 we continue to use the set of locations defined 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 2.2: 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 1990–2023; we estimated deaths and years of life lost (YLLs) for 1980–2023.  

Section 2.3: GBD cause list 
The GBD cause and sequelae list for causes of death is organised hierarchically 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 hierarchy into 22 cause 

groupings (eg, neonatal disorders, neurological disorders, and transport injuries). The disaggregation into Levels 3 

and 4 contains the finest level of detail for causes captured in GBD 2023. The greatest detail available for some 

causes, such as anxiety disorders or rheumatoid arthritis, is at Level 3 of the hierarchy, while other specific causes 

are at Level 4 of the hierarchy with an aggregate category at Level 3 (for example, depressive disorders at Level 3, 

which encompasses major depressive disorders and dysthymia at Level 4). Sequelae of diseases and injuries are 

organised at Levels 5 and 6 of the hierarchy. In GBD, sequelae are defined as distinct, mutually exclusive categories 

of health consequences that can be directly attributed to a cause. For example, both neuropathy and blindness due to 

diabetic retinopathy are sequelae of diabetes; stroke and ischaemic heart disease are not, as these consequences 

cannot be categorically ascribed to diabetes in an individual despite good evidence for increased risk of these 

outcomes. The finest detail for all sequelae estimated in GBD is at Level 6 and is aggregated into summary sequelae 

categories (Level 5) for causes with large numbers of sequelae. Examples include the grouping of the infectious 

disease episodes and long-term sequelae of meningitis. For GBD 2023 there are 3499 mutually exclusive and 
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collectively exhaustive sequelae, 2089 cause sequelae, and 1410 injuries sequelae, and thus our YLD estimates at 

each level of the hierarchy sum to the total of the level above. Prevalence and incidence aggregation is estimated at 

the level of individuals who may have more than one sequela or disease and therefore are not additive. 

The GBD cause list continues to evolve to reflect the policy relevance and public health and medical care 

importance of the causes of major losses of health. The cause and sequelae list expanded based on input from the 

Scientific Council and GBD Collaborator Network. For GBD 2023, the causes of death cause list has increased to 

292 causes, from the 286 causes in GBD 2021. The non-fatal cause list has expanded from 364 causes in GBD 2019 

to 365 causes in GBD 2023. The total number of fatal and non-fatal causes combined for GBD 2023 is 371. As in 

GBD 2021, we made no estimates for YLDs for just five causes, either because no disability is possible (as is the 

case with sudden infant death syndrome); because disability may occur rarely but at levels too low for accurate 

estimation given the data (as for aortic aneurysm); or because the disability is captured by the complicating causes 

that led to that cause of death (as for indirect maternal deaths, late maternal deaths, and maternal deaths aggravated 

by HIV/AIDS).  

Section 2.4: Statement of GATHER compliance 
This study complies with the Guidelines for Accurate and Transparent Health Estimates Reporting (GATHER) 

recommendations.1 We have documented the steps in our analytical procedures and detailed the data sources used. 

See appendix 1 for the GATHER checklist relevant to the Global Burden of Cardiovascular Disease paper. The 

GATHER recommendations can be found at the GATHER website under GATHER Statement. 

Section 2.5: Data input sources overview 
GBD 2023 synthesises a large and growing number of data input sources including surveys, censuses, vital statistics, 

and other health-related data sources. The data from these sources are used to estimate morbidity; illness, and injury; 

and attributable risk for 204 countries and territories from 1990 to 2021; cause-specific mortality is estimated from 

1980 to 2023. The input sources are accessible through an interactive citation tool available in the GHDx. 

Citations for specific GBD components, causes and risks, and locations can be found through the GBD Sources Tool 

in the GHDx: http://ghdx.healthdata.org/gbd-2021/sources. This tool allows users to view and access GHDx records 

for input sources and export a comma-separated value (CSV) file that includes metadata, citations, and information 

about where the data were used in GBD, as data use agreements allow. As required by GATHER, additional 

metadata for input sources are available through the citation tool as well.  

Section 2.6: Funding sources 
This publication and the research it presents was funded by the Gates Foundation (OPP1152504); Queensland 

Department of Health, Australia; the National Health and Medical Research Council; the Norwegian Institute of 

Public Health; the New Zealand Ministry of Health, UK Department of Health and Social Care, St. Jude Children’s 

Research Hospital. The funders of the study had no role in study design, data collection, data analysis, data 

interpretation, or writing of the report. All authors had full access to all data in the study and had final responsibility 

for the decision to submit for publication.  

Section 2.7: Abbreviations 
ART  antiretroviral therapy  

BTL  basic tabulation list  

CDC  United States Centers for Disease Control & Prevention  

CHAMPS Child Health and Mortality Prevention Surveillance 

CoD  causes of death  
CODEm  Cause of Death Ensemble modelling  

CRVS   civil registration and vital statistics system 

DALYs  disability-adjusted life-years 

http://gather-statement.org/
http://ghdx.healthdata.org/gbd-2021/sources
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DHS   Demographic and Health Survey 

DisMod-MR disease model-Bayesian meta-regression 

DSP  disease surveillance points 

EMR  excess mortality rate  

EUREG  European Registry 
GATHER Guidelines for Accurate and Transparent Health Estimates Reporting  

GBD  Global Burden of Diseases, Injuries, and Risk Factors Study 

GHDx  Global Health Data Exchange  

GPR   Gaussian process regression 

HDSS  Hierarchical Data Storage System 
ICD  International Classification of Diseases  

IHME  Institute for Health Metrics and Evaluation  

INDEPTH  International Network for the Demographic Evaluation of Populations and their Health 

InterVA   Interpreting Verbal Autopsy 

LMER  linear mixed effects regression 

MCCD  Medical Certification of Causes of Death    

MITS  minimally invasive tissue sample 

MMR  maternal mortality ratio  

NORDCAN  database of cancer statistics for the Nordic countries 

OPRM   other pandemic-related mortality 

PAF  population attributable fraction  

PCVA  Physician-Certified Verbal Autopsy 

PHMRC  Population Health Metrics Research Consortium  

PWC  piecewise continuous 

RSME  root mean square error 

SD  standard deviation  

SRS  Sample Registration System  

ST-GPR  spatiotemporal Gaussian process regression  

UI  uncertainty interval 
UNAIDS Joint United Nations Programme on HIV and AIDS  

UN  United Nations 

USA  United States of America 

USSR  Union of Soviet Socialist Republics  

VA  verbal autopsy  

VR  vital registration  

WHO  World Health Organization  

YLDs  years lived with disability 

YLLs  years of life lost 

  

Section 3: GBD 2023 causes of death database 
All available data on causes of death (CoD) 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 framework. Section 3 of this appendix provides 

details on each step in the development of the CoD database as illustrated in appendix figure 1.  

Section 3.1: CoD data identification2 

Section 3.1.1: Overview of data types 
The CoD database contains eight types of data sources: 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 VR systems with high completeness and low garbage coding, vital registration is often the primary 
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source of data for causes of death, but police data, surveillance data, and open-source databases are also used for 

select causes, such as injuries, violence, and maternal causes of death. Less than half of the world’s population has deaths 

captured in a VR system; therefore, in countries with incomplete VR systems, vital statistics for causes of death may be 

supplemented with other data types (appendix figure 3). 

Section 3.1.2: ICD detail 

A majority of the CoD data are VR data obtained from the World Health Organization (WHO) Mortality Database; a 

compilation of data submitted to WHO by individual countries. VR is also obtained from country‐specific mortality 

databases operated by official offices. Each cause is coded directly to the three- or four-digit ICD-coded cause of 

death, when possible, whereas cause codes in data tabulated by International Classification of Disease (ICD) are coded to 

aggregated cause groups. The CoD database contains 2608 country‐years of detailed data from 1980 to 2018, which 

includes underlying CoD coded with three- to four-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. 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, five‐digit codes, where available, are truncated to four‐digit codes 

to condense the lists. Updates to ICD-detail occur biannually as WHO releases new versions or as country 

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. 

Section 3.1.3: ICD tabulations list 

The ICD tabulation lists include the ICD-8 List A (ICD-8A and ICD-8B), ICD-9 Basic Tabulation List (BTL), ICD-

10 Mortality Tabulation, Russia Tabulation; the former Union of Soviet Socialist Republics (USSR) Tabulation, 

Russia Tabulation from 1989-2001, Russia Tabulation after 2001, and India Medical Certification of Cause of Death 

(MCCD) and China Disease Surveillance Points (DSP) ICD-9 and ICD-10. These data sources make up 1096 

country‐years from 1980 to 2017 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 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.  

Section 3.1.4: 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. For these years of DSP, 

we process using a country-specific cause map. For DSP ICD-9, which contains aggregated causes, we use a 

tabulated cause map. For DSP ICD-10, we disaggregate causes using the ICD code detail in the CDC data. From 
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2018 to 2021, the format of the DSP data changed to aggregated causes and eastern, central, and western regions. 

These four years, we used previous years of formatted DSP data from 2010 to 2017 to split the aggregated causes 

and regions into ICD10 codes and provinces. 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. 

Section 3.1.5: 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. Cause of death in SRS systems is recorded using either the detailed 

ICD-10 coding list, or the INDEPTH ICD-10 short list.2  

Section 3.1.6: 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. 

Section 3.2: Verbal autopsy2 

Section 3.2.1: 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 family members deceased within a year. CoD is assigned based on the answers to the questionnaires 

using a variety of methods, explained in more detailed in section 3.2.2.  

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. 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 standalone assessments or as part of an extended network, such as the International Network for 

the Demographic Evaluation of Populations and their Health (INDEPTH) Network2— a continuous surveillance 

source with several Demographic Surveillance Systems sites that collect data coded to ICD-detail causes. 

Section 3.2.2: Methods of ascertaining cause of death from VA questionnaires 

Verbal autopsy (VA) is one of the most common tools used to obtain data on causes of death in countries that lack a 

functional civil registration and vital statistics (CRVS) system. As such, a wide variety of methods have been 

developed for ascertaining cause of death based on a VA interview. The historical standard and still one of the most 

popular methods is Physician-Certified Verbal Autopsy (PCVA), in which two physicians review the interview 

responses and formulate the most likely cause of death independently. A third physician may arbitrate the result if 

there is disagreement. This method has some important advantages, including incorporating the knowledge and 

expertise of local physicians, but is often expensive and slow, includes the variability inherent to human judgement, 

and has a high opportunity cost in terms of physicians’ time spent delivering health care.  
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In response to these challenges, a variety of automated CoD ascertainment methods have been developed based on 

algorithmic or probabilistic approaches.4,5 Two popular automated methods are Tariff 2.0/SmartVA and Interpreting 

Verbal Autopsy (InterVA). The Tariff method is an algorithm designed and validated by the Population Health 

Metrics Research Consortium (PHMRC) and IHME. It is based on the association between individual signs and 

symptoms and causes of death and is trained on the PHMRC gold standard validation study database, a database of 

VAs collected for deaths that are linked to hospital records in India, the Philippines, Mexico, and Tanzania, where 

the hospital records provide the true cause of death.6 The InterVA (Interpreting Verbal Autopsy) method is a 

Bayesian method, based on the probability of answering yes to a given line item conditional on the true cause of 

death. These conditional probabilities are determined using a mix of expert opinion and reference data.7  

A 2014 study by the PHMRC and IHME found that InterVA showed markedly lower performance in predicting 

causes of death in the PHMRC gold standard validation database when compared to three other automated CoD 

ascertainment methods, including Tariff.8 As a result, InterVA modelled VA data are vetted with special care and 

frequently excluded for causes other than injuries and maternal causes, which are easier for most VA CoD 

ascertainment methods to diagnose. 

Each GBD round, a systematic review of verbal autopsy literature data is conducted to ascertain and include new 

VA studies using PubMed and Google Scholar. The PubMed search typically returns fewer articles, while Google 

Scholar returns more articles but tends to be less precise for capturing raw VA data. For GBD 2023, African 

Journals Online was also included in the literature search with the goal of addressing the dearth of VA sources from 

African regions, with a review of sources in French.  

The search strings for the literature search are below.  

Google Scholar search strings:  

"verbal autopsy" AND ("cause of death" OR "causes of death" OR "reason for death" OR "reasons for death" OR 

"cause-specific mortality"), 2021-2021,2022-2022, 2023-2023 

PubMed search strings: 

("verbal autopsy") AND ("2019/04/24 2021/05/15"[Date - Publication] : "3000"[Date - Publication]) 

AJOL search strings: 

("verbal autopsy") 

Inclusion criteria: 

• Mentions verbal autopsy 

• Mentions causes of death or cause fractions 

• References data collection or raw/crude data 

• Data must provide a viable, non-biased CoD distribution at an acceptable GBD location level: for example, 

we do not use global or regional data. 

 

Exclusion criteria: 

• Studies already included in previous rounds of GBD 

• Non-representative demographics, aka “sub-populations” (eg, HIV-positive people, ICU/NICU patients) 

o This does not include non-representative locations, eg, certain villages, cities, provinces, states, 

etc. within a GBD location 

• Hospital-based sampling 

• Methods/theory papers 

• Review papers 

o We never extract from review papers, but instead trace the underlying studies and extract the 

dataset from those 

• Papers published by the GBD 
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• Protocols 

• Papers that only report on stillbirths 

• Papers that cover exclusively pre-1980 

• VA that uses the InterVA assignment method (except for injury and maternal-related deaths) 

• Small sample sizes (<50 deaths) 

o Some exceptions have been made for studies from data-sparse countries 

• Deaths for one cause without a denominator, for example, only cancer deaths without total deaths 

• National level where we model subnationally (eg, South Africa, India, Indonesia) 

• Locations reported that are higher than country level (eg, results for several countries together cannot be 

used) 

• Adjusted/modelled estimates (ie, not raw counts) – if the numbers have uncertainty intervals, this is a good 

sign that they are actually modelled estimates 

• Studies where the denominator is not “all deaths due to all causes,” eg, datasets where the denominator is 

all tuberculosis deaths 

 

Figure A. PRISMA diagram for systematic review of verbal autopsy data included in GBD 2023 

PRISMA Flow Diagram 

 

 

 

Section 3.2.3: Other data types 

Section: 3.2.3.1: 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 
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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 livebirths and all‐cause mortality deaths.3 The livebirths are used to scale down 

the envelope to match the coverage of the raw data. 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 livebirths. 

The China Maternal and Child Surveillance data are adjusted by scaling data from the strata to the province level (Step 

7). 

Section: 3.2.3.2: 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. One example of 

these surveys is DHS sibling history. In these surveys, females are interviewed regarding their sisters and survival 

status. Further questions are asked regarding the deceased siblings such as whether the sibling was pregnant or was 

within six weeks post-partum at the time of death. From these results, we can discern maternal mortality after 

applying correction factors including the Gakidou-King weights9 and removing incidental HIV deaths. 

Section 3.2.4: 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. Inclusion methods for police data are based on data quality and 

completeness. For countries with high-quality data, with a star rating of 4 or 5, we utilise police records if the death 

counts provided are higher than those in the VR. For countries with lower-quality data, with a star rating of 0–3 

stars, we always include police records. 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.  

Section 3.2.5: Population-based cancer registries 

Section 3.2.5.1: Cancer registries with incidence 

Data on cancer incidence were sought from 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, or through publications. 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 3.2.5.2: Cancer registries with incidence and high-quality mortality data 

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. 

Section 3.3: Standardise input data (step 1)2  
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 ideally, 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 such as VA, sibling history, and 

surveillance data may require careful review to accurately extract scans of hardcover CoD reports into spreadsheets 

that can be transformed and standardised based on the standard process described below. 
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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 CODEm to increase the variance associated with such datapoints. 

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 1 

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. 

Section 3.3.1: Disaggregation (step 1.1) 

Causes of death in tabulated code systems are specified using tabulated codes, which consist of ranges of detailed 

codes from the corresponding detailed code systems. These tabulated codes represent groups of related causes, some 

of which are too general to be mapped directly to estimated GBD causes. 

To correct for this, we use a set of age-, sex-, and super-region-specific proportions during data preparation to split 

tabulated codes into GBD causes and garbage codes that can then be mapped to a GBD cause. These proportions 

were calculated in GBD 2016 based on detailed VR from code systems ICD-10, ICD-9 detail, and ICD-8 detail. The 

target causes and garbage codes for a given tabulated code were determined based on the detailed codes that were 

missing from the tabulated cause list. For any cause and demographic group where we lacked ICD detail, global 

proportions were used. 

As an example, the ICD-10 tabulated list includes a generic tabulated code for “Other intestinal infectious diseases.” 

In order to make this cause coding compatible with standard GBD cause mapping, it requires splitting onto the 

detailed causes it represents. To do this, we first define the list of target causes for which the tabulated code will be 

split. This includes diarrhoea, typhoid fever, and paratyphoid fever in this example. Next, detailed ICD-10 data are 

used to generate the proportions by which the tabulated code will be split across the target causes. Proportions are 

generated using all years of available detailed ICD-10 data by super-region, age, and sex. For example, in ICD-10 

detail data, in Latin America and the Caribbean, for all-age males, 94.5% of deaths within “Other intestinal 

infectious diseases” were coded to diarrhoea. Thus, in ICD-10 tabulation data, 94.5% of the “Other intestinal 

infectious diseases” code were assigned to diarrhoea for countries within this super-region and demographic group. 

Section 3.3.2: 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 areas,10 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 2014.11 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. 

Section 3.3.3: 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, livebirths and all‐cause mortality estimates can be used to calculate 

deaths, which is the same method used in sibling history data. Many studies report maternal deaths as the MMR. 
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MMR is the number of maternal deaths per 100 000 livebirths 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 livebirths; if 

livebirths were missing, we substituted livebirth estimates and used the following equation: 

𝑀𝑎𝑡𝑒𝑟𝑛𝑎𝑙 𝑑𝑒𝑎𝑡ℎ𝑠 =  
𝑀𝑀𝑅

100,000
× 𝐿𝑖𝑣𝑒 𝑏𝑖𝑟𝑡ℎ𝑠 

 

If a study was non‐representative, we extracted sample size and livebirths from that study. After maternal deaths were 

calculated, we used the difference from all‐cause mortality estimates to determine non‐maternal deaths. 

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 livebirths in the study, we adjusted the 

coverage. 

𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒 =
𝐿𝑖𝑣𝑒 𝑏𝑖𝑟𝑡ℎ𝑠

𝐺𝐵𝐷 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝑙𝑖𝑣𝑒 𝑏𝑖𝑟𝑡ℎ𝑠
 

 

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. 

𝑀𝑎𝑡𝑒𝑟𝑛𝑎𝑙 𝑒𝑛𝑣𝑒𝑙𝑜𝑝𝑒 𝑤𝑖𝑡ℎ 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒 = 𝑀𝑎𝑡𝑒𝑟𝑛𝑎𝑙 𝑒𝑛𝑣𝑒𝑙𝑜𝑝𝑒 × 𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒 
 

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. 

Section 3.4: Map to GBD cause list (step 2)2  
In GBD 2023, we used 439 maps to translate causes found in the input data to the GBD 2023 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 three- to four-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, by mapping all ICD codes to the mutually exclusive and 

collectively exhaustive list of GBD causes. 

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. Additionally, any codes not specific enough to assign to a detailed cause of death is 

considered a garbage code, such as unspecified infectious disease or unspecified injury. 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 Class 1–4 of the GBD cause 

list according to the following criteria:  

Class 1 includes all garbage codes for which a Level 1 GBD causes (communicable, maternal, neonatal, and 

nutritional diseases; injuries; and non-communicable diseases) 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 
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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.  

Class 2 includes all garbage codes that can be assigned to one Level 1 cause in the GBD cause list. This would 

include deaths coded to “unspecified injuries” (X59), which are redistributed onto all injuries.  

Class 3 includes all garbage codes for which we know the Level 2 CoD and can redistribute onto one Level 3 cause. 

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”.  

Class 4 includes all garbage codes for underlying causes of death that can be redistributed within a Level 4 cause. 

This includes garbage codes such as “unspecified stroke” or “unspecified road injuries.”  

Section 3.5: Age-sex splitting (step 3)2  
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. While the 

proportions informing this mapping were updated in GBD 2023, the approach to undertake this mapping was the 

same as in the prior GBD studies (GBD 2021, GBD 2019, 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 six age categories for infants and children under 5: early neonatal (0–6 days), late neonatal (7–27 days), 

1–5 months, 6–11 months, 12–23 months, and 2–4 years, and 19 age categories for those over 5: 5–9 years, 10–14 

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: 

𝐷𝑎 = 𝑅𝑎𝑁𝑎(
𝐷𝑎

𝑎+𝑥

∑ (𝑅𝑎𝑁𝑎)𝑎+𝑥
𝑎

) 

Where: 

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

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

𝑁𝑎= the country-year-sex-specific population in age group a  

𝐷𝑎
𝑎+𝑥= 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 
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into specific deaths for each age group within the aggregate interval. 

 

𝐷𝑎𝑠 = 𝑅𝑎𝑠𝑁𝑎𝑠(
𝐷𝑎𝑠

𝑎+𝑥,𝑠

∑ (𝑅𝑎𝑠𝑁𝑎𝑠)𝑎+𝑥
𝑎

) 

Where: 

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

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

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

𝐷𝑎,𝑠
𝑎+𝑥,𝑠

= 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 retained any observation coded to 

either cause Level 3 or a most detailed cause. Cause aggregation was then performed to ensure accurate death 

totals at all levels of the cause hierarchy. Thus, age distributions were generated for most detailed causes, as well 

as all Level 1, 2, and 3 causes. In the event that a cause does not have a distribution, it will be split using the 

distribution of its nearest parent cause. 

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. 

 

Section 3.5.1: Remap unmodelled age-sex combinations 

Occasionally, data sources include deaths by a cause for which consensus exists that death is rare for the sex and/or 

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 list of age‐sex-cause combinations we do not model. Some 

sex/cause combinations cannot be modelled because the input data for causes of death is limited to binary male and 

female sex groups and thus constrains the combinations of cause and gender that can be modelled for the GBD. 

Because of these limitations to our input data, when we encounter a death in an unmodelled age-sex-cause 

combination, cause/sex combinations occur, we reassign them to a related cause or garbage package. For example, 

IBD may be remapped to other digestive disorders.  

Section 3.6: Correction for miscoding of Alzheimer’s and other dementias, Parkinson’s 

disease, and atrial fibrillation and flutter (step 4)3  

Section 3.6.1: Objective 
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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,12–20 Parkinson’s disease,21,22 and atrial fibrillation and 

flutter, these disparities can largely be attributed to death certification practices which lead to under-coding or over-

coding in many country-years. 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 diseases3,10,11,17 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. 

Section 3.6.2: Correction process 

Changes in coding practices for Alzheimer’s diseases and other dementias, Parkinson’s disease, and atrial 

fibrillation and flutter result in spatiotemporal mortality trends that are incompatible with prevalence and case-

fatality trends.23 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 4.2.3), 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. 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 death certificates 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 country-years of data where we believe coding practices to be relatively 

stable. For dementia, this “gold standard” dataset features USA 2010–2015; for Parkinson’s, USA 2005–2015; and 

for atrial fibrillation and flutter, USA 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 identified in this manner, we search the entire time series of USA 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 cause deaths in the gold standard years by chain 

based on that alternative underlying cause distributions from the full time series. 

Upon iterating through all unique chains, we are left with a counterfactual dataset excluding under-coded causes of 

death. Each remaining cause can be subdivided into correctly coded deaths and deaths that have been recoded from 
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an under-coded cause by the process described (although not all causes are necessarily targeted by the recoding 

algorithm). We then calculate the ratio of recoded deaths to total deaths by cause, age, and sex in our counterfactual 

dataset. This ratio represents the proportion of each cause that we believe to be miscoded Parkinson’s disease, 

Alzheimer’s disease and other dementia, or atrial fibrillation and flutter in a counterfactual scenario of 100% under-

reporting for these causes. 

We multiply the ratios derived from the multiple cause data by the cause-specific deaths in each VR dataset to 

determine the local pattern of miscoding. In this way, the method is sensitive to the observed epidemiology of a 

given country and year. 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 for a given under-coded cause 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 deaths 

that were plausibly 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. Finally, while we assumed that Parkinson’s 

disease and atrial fibrillation and flutter are strictly under-coded in the VR, we assumed that Alzheimer’s disease 

and other dementias can be under- or over-coded. Anywhere where our expected cause fraction for Alzheimer’s 

disease and other dementia was lower than the observed, we removed deaths from this cause and redistributed them 

as non-specific garbage. 

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 3.16 for an explanation of the star data quality rating 

system). Then, we determine the 95th percentile of the proportion of deaths moved to an under-coded cause 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 for all other VR data. 

Section 3.7: Redistribute (Step 5)2  

A crucial aspect of enhancing the comparability of data for CoD is to deal with uninformative, so‐called garbage 

codes. Garbage codes, ie, codes that are not specific enough, are an immediate or intermediate CoD, or impossible 

CoD, 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 are outlined in detail in Johnson et al,24 and the primary algorithm for redistributing deaths assigned to these 

codes has not changed since GBD 2013.  

Section 3.7.1: 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. 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. 

Section 3.7.2: 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: 

𝑇𝐺𝑐𝑟𝑡 = 𝛼 +  𝛽1𝐺𝑎𝑟𝑐𝑟𝑡 + 𝛽2𝐴𝑔𝑒𝑐𝑟𝑡𝐺𝑎𝑟𝑐𝑟𝑡 +  𝜃𝑟𝐺𝑎𝑟𝑐𝑟𝑡 + 𝛾𝑟 + 𝜀𝑐𝑡 
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Where: 

𝑇𝐺𝑐𝑟𝑡  = percentage of deaths within the given garbage code’s universe that were coded to a given target 

group, by country 

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

garbage codes 

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

𝛼 = constant 

𝛽1 = slope coefficient describing the association between 𝐺𝑎𝑟𝑐𝑟𝑡 and 𝑇𝐺𝑐𝑟𝑡  

𝛽2 = slope coefficient describing the association between the interaction 𝐴𝑔𝑒𝑐𝑟𝑡𝐺𝑎𝑟𝑐𝑟𝑡 and 𝐺𝑐𝑟𝑡 

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

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

𝜀𝑐𝑡 = 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 “self-harm” 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.  

Section 3.7.3: 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.  

As of GBD 2019, this method has been 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, Canada, New Zealand, Austria, South 
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Africa, 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 2023 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, and GBD cause. These fractions were used to redistribute the intermediate-cause-related 

deaths to a GBD cause. An example is given below for sepsis, where 𝑎, 𝑠, 𝑙, 𝑦, 𝑐 denotes a given age group, sex, 

location, year, and underlying cause of death: 

1. 𝑠𝑒𝑝𝑠𝑖𝑠 𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛 = 𝛽𝐻𝐴𝑄 𝐼𝑛𝑑𝑒𝑥 + 𝛽𝑎𝑔𝑒 𝑔𝑟𝑜𝑢𝑝 + 𝛽𝑠𝑒𝑥 + 𝑌𝑐𝑎𝑢𝑠𝑒 + 𝜀 

2. 𝑠𝑒𝑝𝑠𝑖𝑠 𝑑𝑒𝑎𝑡ℎ𝑠𝑎,𝑠,𝑙,𝑦,𝑐 = 𝑠𝑒𝑝𝑠𝑖𝑠 𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑎,𝑠,𝑙,𝑦,𝑐 ∗ 𝐺𝐵𝐷 𝑑𝑒𝑎𝑡ℎ𝑠𝑎,𝑠,𝑙,𝑦,𝑐 

3. 𝑡𝑜𝑡𝑎𝑙 𝑠𝑒𝑝𝑠𝑖𝑠 𝑑𝑒𝑎𝑡ℎ𝑠𝑎,𝑠,𝑙,𝑦 = ∑ 𝑠𝑒𝑝𝑠𝑖𝑠 𝑑𝑒𝑎𝑡ℎ𝑠𝑎,𝑠,𝑙,𝑦,𝑐𝑐  

4. 𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛 𝑜𝑓 𝑠𝑒𝑝𝑠𝑖𝑠 𝑡𝑜 𝑟𝑒𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑎,𝑠,𝑙,𝑦 =
𝑠𝑒𝑝𝑠𝑖𝑠 𝑑𝑒𝑎𝑡ℎ𝑠𝑎,𝑠,𝑙,𝑦,𝑐

𝑡𝑜𝑡𝑎𝑙 𝑠𝑒𝑝𝑠𝑖𝑠 𝑑𝑒𝑎𝑡ℎ𝑠𝑎,𝑠,𝑙,𝑦
 

 

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. 𝑃(𝑝𝑎𝑡𝑡𝑒𝑟𝑛𝑗|𝑈𝐶𝑜𝐷 𝑋59) =  
# 𝑜𝑓 𝑝𝑎𝑡𝑡𝑒𝑟𝑛𝑗 𝑑𝑒𝑎𝑡ℎ𝑠 | 𝑈𝐶𝑜𝐷 𝑋59

∑ (# 𝑜𝑓 𝑝𝑎𝑡𝑡𝑒𝑟𝑛𝑗 𝑑𝑒𝑎𝑡ℎ𝑠 |𝑈𝐶𝑜𝐷 𝑋59)𝑚
𝑗=0

 

6. 𝑃(𝐺𝐵𝐷 𝑖𝑛𝑗𝑢𝑟𝑖𝑒𝑠 𝑐𝑎𝑢𝑠𝑒𝑖|𝑝𝑎𝑡𝑡𝑒𝑟𝑛𝑗) =  
# 𝑜𝑓 𝑈𝐶𝑜𝐷 𝐺𝐵𝐷 𝑖𝑛𝑗𝑢𝑟𝑖𝑒𝑠 𝑐𝑎𝑢𝑠𝑒𝑖  𝑑𝑒𝑎𝑡ℎ𝑠 | 𝑝𝑎𝑡𝑡𝑒𝑟𝑛𝑗

∑ (# 𝑜𝑓 𝑈𝐶𝑜𝐷 𝐺𝐵𝐷 𝑖𝑛𝑗𝑢𝑟𝑖𝑒𝑠 𝑐𝑎𝑢𝑠𝑒𝑖  𝑑𝑒𝑎𝑡ℎ𝑠 |𝑝𝑎𝑡𝑡𝑒𝑟𝑛𝑗)𝑛
𝑖=0

 

7.  𝑟𝑒𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 𝑝𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛𝐺𝐵𝐷 𝑖𝑛𝑗𝑢𝑟𝑖𝑒𝑠 𝑐𝑎𝑢𝑠𝑒𝑖
= ∑ (𝑃(𝑝𝑎𝑡𝑡𝑒𝑟𝑛𝑗|𝑈𝐶𝑜𝐷𝑋59) ∗𝑚

𝑗=0

𝑃(𝐺𝐵𝐷 𝑖𝑛𝑗𝑢𝑟𝑖𝑒𝑠 𝑐𝑎𝑢𝑠𝑒𝑖|𝑝𝑎𝑡𝑡𝑒𝑟𝑛𝑗))  

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 2023 

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 overdoses 
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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 from 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.25,26 Other substances, like 

cocaine, methamphetamine, and alcohol in combination with cannabis are less likely to be dominant in fatality.27  

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 codes  T40.8, T40.9, F16.0, F16.1, F16.2, F16.3, F16.4, 

F16.5, F16.6, F16.7, F16.8, F16.9 

Alcohol codes T51.0, T51.1, T51.2, T51.3, T51.8, T51.9, 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 

Cannabis Opioids Cannabis Cocaine Amphetamines Alcohol 
Psychoactive and 

psychedelic drugs 

Cocaine Opioids Cocaine Cocaine 
Amphetamines 

+ cocaine 

Cocaine + 

alcohol 
Cocaine 
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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. 

Section 3.7.4: 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 2023. The proportions were country‐year‐age‐sex-

specific. 

Section 3.7.5: Calculate redistribution uncertainty (step 5.4) 

We categorised garbage codes into four levels in order of increasing specificity (see Section 3.4). 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 datapoint 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 overestimating 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 reclassified as a 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 percentage garbage by location, year, age, sex, and 

cause, where percentage garbage is determined by the equation: 

𝑝𝑐𝑡𝑔𝑎𝑟𝑏𝑎𝑔𝑒 =
𝑑𝑒𝑎𝑡ℎ𝑠𝑟𝑒𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑑 − 𝑑𝑒𝑎𝑡ℎ𝑠𝑟𝑎𝑤

𝑑𝑒𝑎𝑡ℎ𝑠𝑟𝑒𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑑
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A mixed-effect linear regression model was then fit to predict the logit percentage of deaths from redistribution by 

age-standardised relative rate of major garbage codes. 

𝑙𝑜𝑔𝑖𝑡 (𝑝𝑐𝑡𝑔𝑎𝑟𝑏𝑎𝑔𝑒𝑖𝑗
)

=  𝛽0 + 𝛽1 ∗ log (𝐴𝑆𝑅𝑚𝑎𝑗𝑜𝑟𝑔𝑎𝑟𝑏𝑎𝑔𝑒 𝑖𝑗
) + 𝛽2 ∗ 15𝑦𝑒𝑎𝑟𝑎𝑔𝑒𝑖𝑗 + 𝛾1𝑗 ∗ log (𝐴𝑆𝑅𝑚𝑎𝑗𝑜𝑟𝑔𝑎𝑟𝑏𝑎𝑔𝑒𝑖𝑗

) + 𝑢𝑗

+ 𝑒𝑖𝑗 ,   𝜃{𝑖}~𝑁(0, 𝜎2) 

Where: 

 𝑖 indexes dataset-location-year-age-sex-cause datapoints nested within 𝑗 groups by GBD region 

 𝐴𝑆𝑅𝑚𝑎𝑗𝑜𝑟𝑔𝑎𝑟𝑏𝑎𝑔𝑒𝑖𝑗
 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 datapoint in the CoD database. 

First, we calculated the percentage garbage of each datapoint by treating all deaths that could not be directly mapped 

to a GBD cause as garbage, including Level 4 garbage codes. Percentage garbage was calculated as 

𝑝𝑐𝑡𝑔𝑎𝑟𝑏𝑎𝑔𝑒 =
𝑑𝑒𝑎𝑡ℎ𝑠𝑟𝑒𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑑 − 𝑑𝑒𝑎𝑡ℎ𝑠𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑

𝑑𝑒𝑎𝑡ℎ𝑠𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑

 

Where: 

𝑑𝑒𝑎𝑡ℎ𝑠𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑: deaths post misdiagnosis correction (Section 3.6) 

𝑑𝑒𝑎𝑡ℎ𝑠𝑟𝑒𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑑 : deaths post redistribution (Section 3.7) 

 

Residual variance was matched to each datapoint, 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 percentage 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: 

𝑑𝑒𝑎𝑡ℎ𝑠 =
𝑑𝑒𝑎𝑡ℎ𝑠𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑

1 − 𝑝𝑐𝑡_𝑔𝑎𝑟𝑏𝑎𝑔𝑒
 

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.  

Section 3.8: Correction for Misclassification of COVID-19 deaths 
In GBD 2023, we received 83 Country years of data in 2020, 67 in 2021, and 38 in 2022. During these years, there 

is evidence that COVID-19 deaths were misclassified as other causes of death.28,29 These misclassified COVID-19 

deaths then manifest as spikes in the other causes of death that they are miscoded to. For identifying miscoded 

deaths we looked at 3 age bands, under 15, 15 to 54, and 55+ as well as limiting our analysis to the country level and 

level 3 causes. To systematically identify these spikes caused by misscoded COVID-19 in other causes, we 

developed a Support Vector Machine (SVM) that identified deviations from established time trends in the years 

2020-2022. This SVM model looked at the data available from 2015 to 2019 for a given time series and provided a 

classification for the target year. Normalized features were created to inform the SVM about the nature of the data. 
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These features included the target year compared to every other year, the standard deviation of the data from 2015-

2019, and whether the target year was the highest observed year.  

After identifying spikes in mortality during the pandemic years through the use of the SVM, we had to determine if 

a given spike is miscoded COVID-19 or if it is a true increase in the cause. To do this, we first used a similar 

strategy that excess mortality estimates used where we generated a counterfactual estimate to represent a COVID-19 

free world. In this analysis, the counterfactual consists of a linear regression based on the data available from 2015 

to 2019. Using the counterfactual estimates, we ran a regression for each cause-location-age band where we 

compared the excess numbers of deaths against the observed known COVID-19 deaths to return a Pearson 

correlation coefficient as well as a p-value. This regression shows the relationship of how much of the spike 

occurred along with the presence of COVID-19. If a location-cause-age band has a positive Pearson correlation as 

well as a P value of under .05 then we believe that there is miscoded COVID-19, and the observation is eligible for 

correction. 

Once a country, cause, year, sex, age band combination with excess mortality has been identified through the SVM 

and regressions, we then calculate an estimate for the portion of excess attributable to the misassignment of COVID-

19. It is important to note that while the identification step is done using national aggregates and the age bands 

mentioned above, the calculation of excess deaths attributable to COVID-19 is done at the most granular level – 

detailed GBD age groups and subnational locations where possible. To calculate the amount of excess mortality 

attributable to COVID-19, we first create an estimate of expected deaths absent of any pandemic effects using a 

combination of two counterfactuals. Total excess is then scaled to determine the amount of total excess that is 

attributable to COVID-19. The details of these steps are below.  

The first of the two counterfactual estimates is determined by a linear regression of pre-pandemic data. For each 

location, age, sex, cause combination identified, a linear regression between year and observed deaths is ran for the 

five years prior to the pandemic (2015 to 2019). The resulting linear equation is then used to predict forward an 

estimated death total independent of COVID-19 or any excess mortality for the years 2020, 2021, and 2022.  

The second of the two counterfactuals is determined using a global relative rates approach, adapted from a similar 

method used in the correction of misclassified HIV.30 This approach involves generating relative rates, which are 

simply ratios between observed mortality rates in a given age group and the mortality rate in age groups believed to 

be relatively free of COVID-19. For the years 2020, 2021, and 2022, we can generate expected death totals by 

comparing these ratios to those observed in pre-pandemic data. The details of this process are as followed:  

1. From the five years prior to the pandemic (2015 to 2019), compute global, all year, cause specific death 

rates by age and sex.  

2. Compute death rates for each location, year, age, sex, cause observation identified to contain excess 

mortality in 2020, 2021, and 2022.  

3. Compute two sets of “reference death rates”, for both the global data from step 1, and the granular data 

from step 2. Reference death rates are calculated as the average death rate from age groups relatively absent 

of COVID-19. The reference age groups are 5-9, 10-14, and 15-19. 

 

𝐺𝑙𝑜𝑏𝑎𝑙𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝐷𝑅𝑠,𝑐 = 𝐴𝑣𝑒𝑟𝑎𝑔𝑒(𝐷𝑅5−9,𝑠,𝑐  ;  𝐷𝑅10−14,𝑠,𝑐 ;  𝐷𝑅15−19,𝑠,𝑐) 

𝑂𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝐷𝑅𝑙,𝑦,𝑠,𝑐 = 𝐴𝑣𝑒𝑟𝑎𝑔𝑒(𝐷𝑅5−9,𝑙,𝑦,𝑠,𝑐 ;  𝐷𝑅10−14,𝑙,𝑦,𝑠,𝑐  ;  𝐷𝑅15−19,𝑙,𝑦,𝑠,𝑐) 

4. For the global rates calculated in step 1, use their respective reference death rates to calculate a “relative 

death rate” for each age, sex, cause combination. This is simply the ratio between the age specific rate and 

the reference death rate calculated in step 3.   

𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒𝐷𝑅𝑎,𝑠,𝑐 =
𝐷𝑅𝑎,𝑠,𝑐

𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝐷𝑅𝑠,𝑐

 

5. Finally, generate a counterfactual estimate such that the relative death rate of the observation would be 

equivalent to the global, COVID-19 free relative death rate. This can be done by multiplying the reference 

death rate of the observation by population, and then scaling to the global relative death rate.  

𝐶𝑜𝑢𝑛𝑡𝑒𝑟𝑓𝑎𝑐𝑡𝑢𝑎𝑙𝑙,𝑦,𝑎,𝑠,𝑐 = (𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝐷𝑅𝑙,𝑦,𝑠,𝑐 ∗ 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑙,𝑦,𝑎,𝑠) ∗ 𝐺𝑙𝑜𝑏𝑎𝑙𝑅𝑅𝑎,𝑠,𝑐 
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The final estimate for expected deaths is then calculated as the mean of the individual counterfactuals. Total excess 

mortality can then be estimated by subtracting the expected death total from the observed death total. The final step 

of the correction is then to determine what portion of the excess mortality should be attributed to COVID-19 

misclassification. To do this, we use the regression coefficient from the linear regression ran during the 

identification step. This coefficient describes for a one unit increase in COVID-19, the associated increase in excess 

mortality. Thus, we can then multiply total excess by this coefficient to estimate the amount of total excess 

attributable to miscoded COVID-19. This total is then subtracted from the cause of interest and re-assigned to 

COVID-19. 

Section 3.9: HIV/AIDS misclassification correction (step 6)2  

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% in 2010 by using the following equation: 

𝑅𝑅𝑎𝑠𝑐 =
𝑅𝑎𝑠𝑐

𝑥̅(𝑅65𝑠𝑐, 𝑅70𝑠𝑐, 𝑅75𝑠𝑐)
 

Where: 

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

𝑅𝑎𝑠𝑐 is the rate for that age group 

 𝑥̅(𝑅65𝑠𝑐, 𝑅70𝑠𝑐 , 𝑅75𝑠𝑐) 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: 

𝐸𝐷𝑙𝑦𝑎𝑠𝑐 = 𝑥̅(𝑅𝑙𝑦65𝑠𝑐 , 𝑅𝑙𝑦70𝑠𝑐, 𝑅𝑙𝑦75𝑠𝑐) × 𝑝𝑙𝑦𝑎𝑠 × 𝑅𝑅𝑎𝑠𝑐 

Where: 

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

𝑥̅(𝑅𝑙65𝑠𝑐 , 𝑅𝑙70𝑠𝑐 , 𝑅𝑙75𝑠𝑐) is the mean of the rates for ages 65–69, 60–74, and 75–79 for that location-year-

sex-cause; 

𝑝𝑙𝑦𝑎𝑠 is the population for that location-year-age-sex 

𝑅𝑅𝑎𝑠𝑐 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. 

Section 3.9: Scale strata to province (step 7)2  

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. 
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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 stratum 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 stratum 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.2  

Section 3.10: Restrictions post‐redistribution (step 8)2  

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 respiratory infection in ICD-9 BTL. 

Section 3.11: Drop VR country-years or mark as non‐representative (step 9)2
  

Lozano and colleagues31 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 levels 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]. 

Section 3.12: Cause aggregation (step 10)2  

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 
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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.  

Section 3.13: Remove shocks and HIV/AIDS maternal adjustments (step 11)2  

Prior to GBD 2023, CODEm models used an HIV/AIDS- and shock-free envelope. To be comparable, cause 

fractions in the causes of death data were also made to be HIV/AIDS- and shock-free. New to GBD2023, CODEm 

models now use an envelope inclusive of HIV/AIDS, but still free of shocks. 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 

“conflict and terrorism” and “exposure to forces of nature” were removed. 

Section 3.13.1: Remove shocks from denominator where cause list includes shocks (step 11.1) 

The first step to generate shock‐free cause fractions was to remove any deaths from the sample that were directly 

coded to “conflict and terrorism”, or “exposure to forces of nature”. The cause fraction uploaded to the database can 

be calculated by a simple equation: 

𝐶𝐹𝑙,𝑡,𝑎,𝑥,𝑐 =
𝐷𝑙,𝑡,𝑎,𝑥,𝑐

𝐷𝑙,𝑡,𝑎,𝑥 − 𝐷𝑙,𝑡,𝑎,𝑥,𝑤𝑎𝑟 − 𝐷𝑙,𝑡,𝑎,𝑥,𝑑𝑖𝑠𝑎𝑠𝑡𝑒𝑟
 

 Where: 

𝐶𝐹𝑙,𝑡,𝑎,𝑥,𝑐 is the cause fraction for a location l, year t, age a, sex x, and cause c 

𝐷𝑙,𝑡,𝑎,𝑥,𝑐 is the number of deaths observed for cause c in location l, year t, age a, and sex x 

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

𝐷𝑙,𝑡,𝑎,𝑥,𝑤𝑎𝑟 , and 𝐷𝑙,𝑡,𝑎,𝑥,𝑑𝑖𝑠𝑎𝑠𝑡𝑒𝑟  are the numbers of deaths observed in location l, year t, age a, and sex x for 

causes “conflict and terrorism”, and “exposure to forces of nature”, respectively 

Cause fractions for shock causes were also uploaded to the database for use in separate estimation processes 

described by Wang et al.32 In this case, cause fractions followed the standard equation, with variables following the 

same explanation. 

𝐶𝐹𝑙,𝑡,𝑎,𝑥,𝑐 =
𝐷𝑙,𝑡,𝑎,𝑥,𝑐

𝐷𝑙,𝑡,𝑎,𝑥
 

𝐶𝐹𝑙,𝑡,𝑎,𝑥,𝑚𝑎𝑡 =
𝐷𝑙,𝑡,𝑎,𝑥,𝑚𝑎𝑡𝑒𝑟𝑛𝑎𝑙

𝐷𝑙,𝑡,𝑎,𝑥,𝑚𝑎𝑡𝑒𝑟𝑛𝑎𝑙+
𝐸[𝐷𝑙,𝑡,𝑎,𝑥,ℎ𝑖𝑣_𝑠ℎ𝑜𝑐𝑘_𝑓𝑟𝑒𝑒]

𝐸[𝐷𝑙,𝑡,𝑎,𝑥]
𝐷𝑙,𝑡,𝑎,𝑥,𝑛𝑜𝑛−𝑚𝑎𝑡𝑒𝑟𝑛𝑎𝑙

 

𝐶𝐹𝑙,𝑡,𝑎,𝑥,𝑚𝑎𝑡   

𝐷𝑙,𝑡,𝑎,𝑥,𝑚𝑎𝑡  

𝐷𝑙,𝑡,𝑎,𝑥,𝑛𝑜𝑛−𝑚𝑎𝑡𝑒𝑟𝑛𝑎𝑙 

𝐸[𝐷𝑙,𝑡,𝑎,𝑥]  
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𝐸[𝐷𝑙,𝑡,𝑎,𝑥,ℎ𝑖𝑣_𝑠ℎ𝑜𝑐𝑘_𝑓𝑟𝑒𝑒] 

 

Section 3.13.2: 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. 

𝑃𝐴𝐹 =
𝑃(𝑅𝑅 − 1)

1 + 𝑃(𝑅𝑅 − 1)
 

Where: 

𝑃𝐴𝐹 is the population attributable fraction 

 𝑃 denotes the prevalence of HIV in pregnancy 

𝑅𝑅 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 Ronsmans33 to identify sources 

that could inform Step 1 of our HIV‐correction analysis. We independently reviewed each of 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.34 was excluded for not including any postpartum deaths at all.  

2) In the case of Ryder et al.35 and Zvandasara et al.,36 we excluded those deaths that occurred more than 

12 months after delivery.  

3) We excluded the results from Chilongozi et al.37 from the site that did not include any HIV‐ patients.  

4) Leroy et al.38 was not in the bibliography. We could not locate it for review, so it was excluded.  

5) Kourtis et al.39 was extracted with adjustment of the denominator based on the average number of 

hospitalisations per delivery in each group.  

6) Ticconi et al.40 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.41 We performed DerSimonian‐Laird random effects meta‐analysis to derive a pooled estimate of 𝑅𝑅 of 

death during pregnancy given HIV positivity.42 The pooled effect size was 6∙40 (95% uncertainty interval [UI] 3∙98–

10∙29), which was then used to calculate an HIV 𝑃𝐴𝐹 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 



30 
 

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).43,44  

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] ) ) 

Prevalence of HIV in pregnant women was calculated by using the Joint United Nations Programme on HIV and AIDS 

(UNAIDS) Spectrum model,45 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 𝑃𝐴𝐹 to maternal mortality input data prior to modelling in CODEm. 

This ensured that both the numerator and denominator of all 𝐶𝐹 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: 

𝐶𝐹𝑙,𝑡,𝑎,𝑥,𝑚𝑎𝑡𝑎𝑑𝑗
= 𝐶𝐹𝑙,𝑡,𝑎,𝑥,𝑚𝑎𝑡 × (1 − 𝑃𝑟𝑜𝑃ℎ𝑖𝑣𝑙,𝑡,𝑎,𝑥

) 

𝑃𝑟𝑜𝑃ℎ𝑖𝑣𝑙,𝑡,𝑎,𝑥
=  𝑃𝐴𝐹𝑙,𝑡,𝑎,𝑥,ℎ𝑖𝑣𝑝𝑜𝑠 × (1 − 𝑟𝑟𝑚𝑎𝑡) 

𝐶𝐹𝑙,𝑡,𝑎,𝑥,𝑚𝑎𝑡ℎ𝑖𝑣
= 𝐶𝐹𝑙,𝑡,𝑎,𝑥,𝑚𝑎𝑡 × 𝑃𝑟𝑜𝑃𝑚𝑎𝑡𝑒𝑟𝑛𝑎𝑙ℎ𝑖𝑣𝑙,𝑡,𝑎,𝑥

 

𝑃𝑟𝑜𝑃𝑚𝑎𝑡𝑒𝑟𝑛𝑎𝑙ℎ𝑖𝑣𝑙,𝑡,𝑎,𝑥
= 𝑃𝐴𝐹𝑙,𝑡,𝑎,𝑥,ℎ𝑖𝑣𝑝𝑜𝑠 × 𝑟𝑟𝑚𝑎𝑡 

Where: 

𝐶𝐹𝑙,𝑡,𝑎,𝑥,𝑚𝑎𝑡  = The proportion of deaths due to all maternal causes before HIV/AIDS correction for the 

location, year, age, and sex. 

𝐶𝐹𝑙,𝑡,𝑎,𝑥,𝑚𝑎𝑡𝑎𝑑𝑗
= The proportion of deaths due to maternal causes after the adjustment for the location, 

year, age, and sex. 

𝐶𝐹𝑙,𝑡,𝑎,𝑥,𝑚𝑎𝑡ℎ𝑖𝑣
 = The proportion of deaths due to maternal deaths aggravated by HIV/AIDS after the 

adjustment for the location, year, age, and sex. 

𝑃𝐴𝐹𝑙,𝑡,𝑎,𝑥,ℎ𝑖𝑣𝑝𝑜𝑠 = The PAF that describes the percentage of all maternal deaths that were HIV‐related for 

the location, year, age, and sex. 
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𝑃𝑟𝑜𝑃ℎ𝑖𝑣𝑙,𝑡,𝑎,𝑥
 = 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. 

𝑃𝑟𝑜𝑃𝑚𝑎𝑡𝑒𝑟𝑛𝑎𝑙ℎ𝑖𝑣𝑙,𝑡,𝑎,𝑥
 =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. 

𝑟𝑟𝑚𝑎𝑡  = 0.13/1.13 = The proportion of HIV/AIDS deaths during pregnancy that were exacerbated by the 

pregnancy. 

 

Section 3.13.3: 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: 

𝐶𝐹𝑙,𝑡,𝑎,𝑥,𝑚𝑎𝑡ℎ𝑖𝑣
= 𝐶𝐹𝑙,𝑡,𝑎,𝑥,𝑚𝑎𝑡 × 𝑃𝑟𝑜𝑃𝑚𝑎𝑡𝑒𝑟𝑛𝑎𝑙ℎ𝑖𝑣𝑙,𝑡,𝑎,𝑥

 

𝑃𝑟𝑜𝑃𝑚𝑎𝑡𝑒𝑟𝑛𝑎𝑙ℎ𝑖𝑣𝑙,𝑡,𝑎,𝑥
=

𝑃𝐴𝐹𝑙,𝑡,𝑎,𝑥,ℎ𝑖𝑣𝑝𝑜𝑠 × 𝑟𝑟𝑚𝑎𝑡

1 − 𝑃𝐴𝐹𝑙,𝑡,𝑎,𝑥,ℎ𝑖𝑣𝑝𝑜𝑠 × 𝑟𝑟𝑚𝑎𝑡

 

Section 3.13.4: Crosswalk by code system 

Over time, the International Classification of Diseases (ICD) is continually updated to support more detailed and 

accurate record keeping. When a new ICD version is released, it is not always directly compatible with the previous 

version. During this time of adoption, disjoints within the time series may develop due to the incompatibility. 

(source on challenges of ICD versions). For example, when ICD10 is adopted, many of the deaths that would be 

considered garbage codes in ICD9 are now mapped directly to an ICD code that maps to a real underlying GBD 

cause. This creates a disjoint at the year of adoption in both the target cause as well as related causes. In these 

scenarios, we trust ICD10 over ICD9 unless there is evidence supporting ICD9’s performance. We also believe that 

ICD9 captures the trend over time of a given cause even if it has not accurately captured all the deaths. To correct 

for this disjoint between code-systems and utilize an older ICD’s time trend we developed an adjustment factor 

using a method called a crosswalk,46 by code-system where we compare the first 3 years of the more trusted code-

system and the last 3 years of the code-system we want to adjust. This comparison produces a factor that we can 

apply to the entire code system we want to adjust that brings the average of the last 3 years to be equal to the 

average of the first 3 years of the trusted code-system. 

𝐶𝑆𝑂̅̅ ̅̅ ̅̅
𝑙,𝑎,𝑠,𝑐 ∗ 𝑓𝑎𝑐𝑡𝑜𝑟 = 𝐶𝑆𝑇̅̅ ̅̅

𝑙̅,𝑎,𝑠,𝑐 

Where: 

𝐶𝑆𝑂̅̅ ̅̅ ̅̅ = 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑑𝑒𝑎𝑡ℎ𝑠 𝑜𝑓 𝑡ℎ𝑒 𝑙𝑎𝑠𝑡 3 𝑦𝑒𝑎𝑟𝑠 𝑜𝑓 𝑡ℎ𝑒 𝑜𝑙𝑑 𝑐𝑜𝑑𝑒 𝑠𝑦𝑠𝑡𝑒𝑚  

𝐶𝑆𝑇̅̅ ̅̅ ̅ = 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑑𝑒𝑎𝑡ℎ𝑠 𝑜𝑓 𝑡ℎ𝑒 𝑓𝑖𝑟𝑠𝑡 3 𝑦𝑒𝑎𝑟𝑠 𝑜𝑓 𝑡ℎ𝑒 𝑡𝑟𝑢𝑠𝑡𝑒𝑑 𝑐𝑜𝑑𝑒 𝑠𝑦𝑠𝑡𝑒𝑚  

𝑙, 𝑎, 𝑠, 𝑐 = 𝐿𝑜𝑐𝑎𝑡𝑖𝑜𝑛, 𝐴𝑔𝑒, 𝑆𝑒𝑥, 𝐶𝑎𝑢𝑠𝑒 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐 

 

This adjustment is done for specific location, age, sex, level 2 causes and produces a continuous time trend through 

the year of ICD adoption that conserves the pattern within the adjusted code system. 

https://www.cdc.gov/nchs/hus/sources-definitions/icd.htm#:~:text=Since%201900%2C%20ICD%20has%20been,with%20advances%20in%20medical%20science.
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This correction to a target cause requires deaths to be added or removed from other related causes. After the initial 

correction has been applied to a target level 3 cause, deaths are proportionally balanced between all level 3 causes 

within the related level 2 parent. This ensures that no deaths are added or lost during the correction and that deaths 

are only being moved from causes we believe are affected by the change in code-system. We applied this correction 

to time series that were identified to have disjoints at the year of code-system adoption. Corrections were only kept 

if they did not introduce disjoints within other level 3 causes during the balancing process. In general, we did not 

perform crosswalk by code systems if a country-cause’s level 2 cause has a disjoint present. If there is a disjoint at 

the level 2 cause then balancing will move the disjoint from the target cause to a child cause.  

Location Level 2 Cause Years Adjusted 
Bulgaria Cardiovascular diseases 1990-2004 
Canada Cardiovascular diseases 1986-1999 
Spain Cardiovascular diseases 1980-1998 
France Cardiovascular diseases 1980-1999 
United Kingdom Cardiovascular diseases 1980-1999  
Croatia Cardiovascular diseases 1985-1994 
Hungary Cardiovascular diseases 1980-1995 
Italy Cardiovascular diseases 1980-2002 
Mexico Cardiovascular diseases 1980-1997 
Mauritius Cardiovascular diseases 1980-2004 
United States of America Cardiovascular diseases 1980-1998 
Japan  Diabetes and kidney diseases 1980-1994  
Mauritius Diabetes and kidney diseases 1980-2004 
New Zealand Diabetes and kidney diseases 1980-1999 

Section 3.14: Noise reduction (step 12)2  

To deal with problems of zero counts and stochastic variation in VR, VA, MITS diagnosed data, and maternal 

surveys, censuses, surveillance, and sibling histories, we use a Bayesian noise-reduction algorithm. We estimate a 

prior for a given 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 country, age, and year. With several notable exceptions (detailed below), 

these regressions are sex-, cause-, and GBD region‐specific, so borrowing strength over age, year, and country is only 

within a given data type, GBD region, cause, and sex. The posterior estimate for each data is a weighted average between 

the prior and data: 

𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 𝑐𝑎𝑢𝑠𝑒 𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛 = 𝑋 × 𝑤𝑒𝑖𝑔ℎ𝑡 + 𝜇 × (1 − 𝑤𝑒𝑖𝑔ℎ𝑡) 

Where: 

X is the mean of the data in units of cause fractions 

µ is the mean of the prior in units of cause fractions 

The weight is determined by a function of the mean deaths per year in a given location-age-sex-cause for vital 

registration data: 

𝑉𝑅 𝑤𝑒𝑖𝑔ℎ𝑡𝑙,𝑎,𝑠,𝑐 = 1 −
𝑎

𝑏 × 𝑚𝑒𝑎𝑛𝑦(𝑑𝑒𝑎𝑡ℎ𝑠𝑙,𝑦,𝑎,𝑠,𝑐) + 1
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In this equation, 𝑎 and 𝑏 are hyper-parameters set to 0.99 and 0.1, respectively. This value of 𝑎 was chosen to give 

the data only 1% weight when data are extremely sparse and therefore average approximately zero deaths per year 

for a given location, age, sex, and cause. This value of 𝑏 was chosen based on a grid search to determine the 

optimal value of 𝑏 that gives as much weight to the data as possible while still resulting in optimal smoothing of 

small numbers. 

 

For non-VR, the weight is instead based on the variance of the prior, τ2, and the variance of the data, 𝜎2. 𝜏2 is 

estimated from the Poisson regression, taking into account the variance‐covariance matrix of the regression 

coefficients. For the data variance, σ2, we use the Wilson approximation which provides an estimate of σ2 even in 

cases with a zero count of cause‐specific deaths. The weight used for non-VR is: 

𝑛𝑜𝑛 − 𝑉𝑅 𝑤𝑒𝑖𝑔ℎ𝑡 =
𝜏2

𝜏2 + 𝜎2
 

This approach to noise reduction adjusts zero counts to non-zero values, mitigating the problem that zero counts in a 

log rate model or a logit cause fraction CODEm must be dropped from the regression, leading to upward bias in the 

estimates. This is particularly important in three settings: small high-income countries with low death counts overall; rare 

causes with small numbers of cause‐specific deaths; and the analysis of sibling history, verbal autopsy, and survey data with 

small samples. For example, in sibling history data, 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. 

There are several important exceptions to the data pooling and regression specifications outlined above. First, for 

country-series of VR from subnationally estimated countries, regressions are run on data from only that country with 

a fixed effect on subnational unit. Third, for VA data, all VA data for a given super‐region are pooled together and a 

random effect on study-location is added to the regressions, allowing for different studies and surveillance sites to 

borrow strength from one another within a super‐region. Unless the data are part of a time series (ie, the Matlab 

Health and Demographic Surveillance System and India Sample Registration System), the regression has no year 

component. Fourth, for VA data on malaria specifically, data are pooled into regional groups defined by the 

endemicity of malaria, as defined by the Plasmodium falciparum parasitaemia rate (PFPR). We include groups for 

hyper- (PFPR ≥0.4), meso- (PFPR 0.05 – <0.04), and hypo- (PFPR <0.05) endemic regions, separately for India; 

sub-Saharan Africa not including South Africa, Cabo Verde, and Mauritius, and including Yemen; and all remaining 

locations. Fifth, we run a separate regression for each cause in MITS diagnosed data from the Child Health and 

Mortality Prevention Surveillance (CHAMPS) study with fixed effects on age group and sex and a random effect on 

study-location. We include data from both sexes in one model and borrow strength across sex in order to combat 

data sparsity, and because CHAMPS includes only children under 5, an age demographic where sex differences are 

less extreme. Sixth, several individual VA studies are excepted from the above data pooling rules and regressed in 

their own separate models due to sample sizes that are too large and therefore dominate super-region-level models: 

Indonesia Sample Registration System (SRS), India verbal autopsy studies, and the Nepal Burden of Disease VA 

Study. Seventh, several VA study groups are excepted from the above regression specifications and run with 

individualised specifications: malaria-specific VA data from SSA are regressed with fixed effects on age group and 

study-location-year; VA data from the southeast Asia, east Asia, and Oceania super-region are regressed with fixed 

effects on age group and study-location; Matlab HDSS data are regressed with fixed effects on age group and year; 

and India SRS data are regressed with fixed effects on age group, year, and subnational location. 

We also employ several strategies to combat data sparsity and failure to converge in noise reduction models. First, 

for models run on GBD regions of VR data, if a given year has only one country of data in that region, we bin this 

year with the preceding year in the Poisson regression. Second, for VA data, if a given cause/super-region/sex group 

has six or fewer observations or zero non-zero observations, we include all VA globally available for that cause/sex 

in a regression with fixed effects on age group and study-location and use the predictions from this global model as 

the prior for that cause/super-region/sex group. Third, for VA and CHAMPS data, if a model that includes random 

effects fails to converge, we rerun the model with the corresponding fixed effects. Fourth, after this, for all noise 
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reduction models, if the model fails to converge, we use a weighted average of the observed cause fractions within 

age groups in the model input data as the prior in noise reduction. This is essentially pooling information across 

study, location, and year within a grouping of data with similar data type and geography. 

During noise reduction, all datapoints with cause fractions of zero are raised to a non-zero value through the 

Bayesian average with a non-zero prior. However, some of these values can be extremely small in magnitude (eg, on 

the order of 10-50 or smaller), to the point that they would be unobservable in the raw data. Cause fractions of this 

magnitude would become extremely large in absolute value when log- or logit-transformed during the CODEm 

process, leading to poor model fit in other ranges of the input data. However, these datapoints must remain non-zero 

in order to include them in a log- or logit-transformed model at all and avoid upwardly biasing estimates. To address 

this problem, we enforce a set of non-zero cause-, age- and sex-specific minimums, known as the “non-zero floor,” 

on all cause fractions in the cause of death database. These floor values are chosen to be high enough to be relatively 

close to the bulk of the remaining data in log- or logit-space, but low enough to avoid significantly upwardly biasing 

the distribution of the data. 

Floor values are determined based on VR data for cause/age/sex groups where we have enough data to do so 

accurately. We first consider VR data from all countries with greater than 50 million person-years represented in the 

database, after cause mapping and age-sex splitting but before any further processing. We calculate all-year cause 

fractions for each country, cause, age, and sex in this dataset. If the minimum cause fraction across country for a 

given cause/age/sex is non-zero, then we consider this cause/age/sex group to have sufficient data to determine a 

data-driven floor value. Otherwise, we consider this cause/age/sex to be too rare to have sufficient data to determine 

a minimum observable non-zero rate.  

For cause/age/sex groups that have sufficient data, we set floor values based on all national-level noise-reduced VR 

datapoints in the CoD database that are non-zero before noise reduction. The floor value for a given cause/age/sex 

(𝑐, 𝑎, 𝑠) is the minimum cause fraction across country-years (𝑙, 𝑦) in this non-zero subset: 

𝑓𝑙𝑜𝑜𝑟𝑐,𝑎,𝑠 = min
𝑙,𝑦

(𝑝𝑜𝑠𝑡 𝑁𝑅 𝑉𝑅 𝑐𝑎𝑢𝑠𝑒 𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑐,𝑎,𝑠,𝑙,𝑦),      

where 𝑐𝑎𝑢𝑠𝑒 𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑐,𝑎,𝑠,𝑙𝑦 ≠ 0 𝑏𝑒𝑓𝑜𝑟𝑒 𝑁𝑅 

 

For all other cause/age/sex groups, which have insufficient data to inform the above calculation, we set a 𝑓𝑙𝑜𝑜𝑟𝑐,𝑎,𝑠 

value such that: (a) all floor values for a given cause add up to one death globally per year and (b) the age/sex 

distribution of the floor values in each cause follows the age/sex distribution of the global cause-specific mortality 

rates calculated in Section 2.6 for the purposes of age/sex splitting: 

𝑓𝑙𝑜𝑜𝑟𝑐,𝑎,𝑠 × 𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦 𝑒𝑛𝑣𝑒𝑙𝑜𝑝𝑒𝑎,𝑠 =
𝑅𝑐,𝑎,𝑠 × 𝑝𝑜𝑝𝑎,𝑠

∑ 𝑅𝑐,𝑎,𝑠 × 𝑝𝑜𝑝𝑎,𝑠𝑎,𝑠

 

𝑓𝑙𝑜𝑜𝑟𝑐,𝑎,𝑠= floor value for cause 𝑐, age group a, sex s 

𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦 𝑒𝑛𝑣𝑒𝑙𝑜𝑝𝑒𝑎,𝑠= total estimated global deaths in 2018 for age group a, sex s 

𝑝𝑜𝑝𝑎,𝑠= total estimated global population in 2018 for age group a, sex s 

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

This ensures that we add at most one death in the world per cause per year for causes where we have insufficient 

data to determine a plausible minimum observable cause fraction from the data. 
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Section 3.15: Cause of death database and outlier identification (step 13)2  

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 datapoints 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 datapoint(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 datapoint(s) as outlier(s). The selection of datapoints 

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 datapoints 

in each age‐sex‐geography‐year are very sparse, extreme datapoints can have a bad effect on regional estimation. In 

these situations, we investigate the study’s methods and consider lower‐quality datapoints 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. 

Section 3.16: Causes of death data star-rating calculation2 

GBD estimates are most accurate when computed with a full time series of complete VR with a low percentage of 

garbage codes. We have 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 aggregated causes (figures 5a and 5b). 

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 (percentage of total deaths 

captured by the death registration). These two values were used to create a “percentage well-certified” value 

between 0 and 1, determined as: 

𝑝𝑐𝑡𝑤𝑒𝑙𝑙𝑐𝑒𝑟𝑡𝑖𝑓𝑖𝑒𝑑  = Completeness × (1 – 𝑝𝑐𝑡𝑚𝑎𝑗𝑔𝑎𝑟𝑏𝑎𝑔𝑒) 

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

 0 star: 0% = 𝑝𝑐𝑡𝑤𝑒𝑙𝑙𝑐𝑒𝑟𝑡𝑖𝑓𝑖𝑒𝑑  

 1 star: 0% <  𝑝𝑐𝑡𝑤𝑒𝑙𝑙𝑐𝑒𝑟𝑡𝑖𝑓𝑖𝑒𝑑  < 10% 

2 star: 10% <=  𝑝𝑐𝑡𝑤𝑒𝑙𝑙𝑐𝑒𝑟𝑡𝑖𝑓𝑖𝑒𝑑  < 35% 

3 star: 35% <=  𝑝𝑐𝑡𝑤𝑒𝑙𝑙𝑐𝑒𝑟𝑡𝑖𝑓𝑖𝑒𝑑  < 65% 

4 star: 65% <=  𝑝𝑐𝑡𝑤𝑒𝑙𝑙𝑐𝑒𝑟𝑡𝑖𝑓𝑖𝑒𝑑  < 85% 

5 star: 𝑝𝑐𝑡𝑤𝑒𝑙𝑙𝑐𝑒𝑟𝑡𝑖𝑓𝑖𝑒𝑑  ≥ 85% 
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While stars are calculated for each five-year time interval as well as the full time series from 1980 to 2020, 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, percentage well-certified is: 

𝑝𝑐𝑡𝑤𝑒𝑙𝑙𝑐𝑒𝑟𝑡𝑖𝑓𝑖𝑒𝑑 =  𝑉𝑒𝑟𝑏𝑎𝑙𝐴𝑢𝑡𝑜𝑝𝑠𝑦𝐴𝑑𝑗𝑢𝑠𝑡𝑚𝑒𝑛𝑡 × (1 − 𝑝𝑐𝑡𝑚𝑎𝑗𝑔𝑎𝑟𝑏𝑎𝑔𝑒) 

Where: 

𝑉𝑒𝑟𝑏𝑎𝑙𝐴𝑢𝑡𝑜𝑝𝑠𝑦𝐴𝑑𝑗𝑢𝑠𝑡𝑚𝑒𝑛𝑡 =  𝑆𝑢𝑏𝐴𝑑𝑗 × 𝑅𝑒𝑔𝐴𝑑𝑗 × 𝐴𝑔𝑒𝑆𝑒𝑥𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒 

 

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.47  

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 percentage 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 1980–2020. For each five-year 

time interval, we take the maximum percentage well-certified. Then for 1980–2020, 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 percentage 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: 

𝐶𝐹𝐺 =  
𝐷𝐺

𝐷
 

Where: 

𝐶𝐹𝐺 represents the cause fraction of percentage garbage  

𝐷𝐺  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. 
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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: 

𝑊𝑎 =  
𝐷𝑎

𝐷
 

Where:  

𝑊𝑎 is the weight for given age group “a” 

𝐷𝑎 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. 

In the case of percentage garbage for a given location-year, the formula to calculate percentage garbage would be 

given as the sum of the weighted age-specific cause fractions across all age groups “a”: 

𝐶𝐹𝐺 =  Σ𝑎(
𝐺𝑎

𝐷𝑎
× 𝑊𝑎) 

Where:  

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

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

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

In GBD 2023, a buffer system was implemented to prevent frequent star rating changes due to small fluctuations in 

completeness and percentage of garbage round over round. If a location-year decreases in star rating, as long as its 

PWC value remains within 3% of the cut-off for its former star rating, it will retain the former star rating. 

Section 4: Causes of death modelling methods 

Section 4.1: CODEm2 

Section 4.1.1: Overview of methods 

Cause of death ensemble modelling (CODEm) is the framework used to model most cause-specific death rates in the 

GBD.48 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 estimation48 and in more general prediction applications.49,50  

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. 



38 
 

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 is not driving changes in estimates, we run a global model 

that excludes data from non-standard locations; the resulting covariate 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. 

Section 4.1.2: 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).48 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.48  

Section 4.1.3: Data variance and uncertainty estimation 

The families of models that go through ST-GPR described in Section 4.1.2 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 datapoint. These inputs are described in detail in Foreman et al.48 For GBD 2019, we 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.48 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 datapoint as closely. 

Section 4.1.4: 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. 30% of the data are randomly excluded from the initial model fits. 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.48 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.  

Section 4.1.5: Ensemble development and testing 
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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.48 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 4.1.4 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. 

Section 4.1.6 Final estimation 

Once a weighting scheme has been chosen, 250 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. 

To reduce computing power and time, we reduced the number of draws (or computations) per process to 250, from 

500 in GBD 2021. Based on simulation testing, we determined that a change in the number of draws did not impact 

final mean estimates, nor lead to inappropriately narrow uncertainty estimates. 

A simple R simulation illustrates how the estimated UI is only weakly dependent on the number of draws (500 or 

250). Correctly using draws gives intervals of about the same width, and which interval is wider depends on random 

variation (as it should). Some code to illustrate this is given below. Running the example below (which simulates 

250 draws and 500 draws around a simple normal distribution) provides an uncertainty width estimated from 250 

draws and 500 draws. Because of the random nature of this code (and because we are not setting a seed), the values 

will change and are random each time. Running this repeatedly, the reader will see the widths remain similar 

depending on whether there are 250 draws or 500 draws, and the option that leads to the narrower UI width changes 

each time it is run.    

 

# Sample 250 draws from N(0,1)   

sample_250 <- rnorm(250, mean = 0, sd = 1)   

ci_250 <- quantile(sample_250, probs = c(0.025, 0.975))   

width_250 <- diff(ci_250)   

   

# Sample 500 draws from N(0,1)   

sample_500 <- rnorm(500, mean = 0, sd = 1)   

ci_500 <- quantile(sample_500, probs = c(0.025, 0.975))   

width_500 <- diff(ci_500)   

   

# Create a simple table with the widths   

ci_widths <- data.frame(Sample_Size = c(250, 500), CI_Width = c(width_250, width_500))   

# Print the table   
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print(ci_widths)   

Other notes 

Section 4.1.7: Selection of causes for which CODEm is used 

CODEm is used to model 235 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. 

Section 4.1.8: 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. 

Section 4.2: Causes modelled outside of CODEm2 

Section 4.2.1: 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. 

For GBD 2023, we used alternative modelling approaches for these causes, including negative binomial models, 

natural history models, sub-cause proportion models, and prevalence-based models. 

Section 4.2.2: Negative binomial models 

 "For 78 rare causes of death, too few observed deaths were included in the CoD database to produce stable 

estimates. For these causes, we estimated mortality by fitting count models - either negative binomial or Poisson - to 

available CoD data. Descriptions of the modelling process for each of these causes follows in the next sections. 

Section 4.2.3: 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.51 For GBD 2015, the computational engine (DisMod-MR 

2.1) remained substantively unchanged, but we rewrote 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 
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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 2023, we generated fits for the years 1990, 1995, 2000, 2005, 2010, 2015, 

2020, 2022, 2023, and 2024. 

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.  

Beginning in GBD 2017, the DisMod-MR 2.1 tool was used. 

Section 4.2.4: 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: 

−𝑙𝑜𝑔[𝑝(𝑦𝑗|𝛷)] = log(√2𝜋) + log(𝛿𝑗 + 𝑠𝑗) +
1

2
(

log(𝑎𝑗 + 𝜂𝑗) − log(𝑚𝑗 + 𝜂𝑗)

𝛿𝑗 + 𝑠𝑗

)

2

 

Where: 

𝑦𝑗  is a measurement value (ie, datapoint) 

𝛷 denotes all model random variables 

𝜂𝑗 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) 

𝑎𝑗 is the adjusted measurement for datapoint 𝑗, defined by: 

𝑎𝑗 = 𝑒(−𝑢𝑗−𝑐𝑗)𝑦𝑗 

Where: 

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

region, and country)  
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𝑐𝑗 is the total covariate effect (ie, the mean combined fixed effects for sex, study-level, and country-level 

covariates), defined by: 

𝑐𝑗 = ∑ β𝐼(𝑗),𝑘𝑋̂𝑘,𝑗

𝐾[𝐼(𝑗)]−1

𝑘=0

 

with standard deviation (SD) 

𝑠𝑗 = ∑ ζ𝐼(𝑗),𝑙𝑍̂𝑘,𝑗

𝐿[𝐼(𝑗)]−1

𝑙=0

 

Where: 

𝑘 denotes the mean value of each datapoint in relation to a covariate (also called x-covariate) 

𝐼(𝑗) denotes a datapoint for a particular integrand, 𝑗 

𝛽𝐼(𝑗),𝑘 is the multiplier of the 𝑘th x-covariate for the 𝑖th integrand  

𝑋̂𝑘,𝑗 is the covariate value corresponding to the datapoint 𝑗 for covariate 𝑘 

𝑙 denotes the SD of each datapoint in relation to a covariate (also called z-covariate) 

𝜁𝐼(𝑗),𝑘 is the multiplier of the 𝑙th z-covariate for the 𝑖th integrand 

δj is the SD for adjusted measurement 𝑗, defined by 

𝛿𝑗 = 𝑙𝑜𝑔[𝑦𝑗 + 𝑒(−𝑢𝑗−𝑐𝑗)𝜂𝑗 + 𝑐𝑗] − 𝑙𝑜𝑔[𝑦𝑗 + 𝑒(−𝑢𝑗−𝑐𝑗)𝜂𝑗] 

Where 𝑚𝑗 denotes the model for the 𝑗th measurement, not counting effects or measurement noise and defined by: 

𝑚𝑗 =
1

𝐵(𝑗)−𝐴(𝑗)
∫ 𝐼𝑗

𝐵(𝑗)

𝐴(𝑗)
(a) da 

Where: 

𝐴(𝑗) is the lower bound of the age range for a datapoint 𝑗 

𝐵(𝑗) is the upper bound of the age range for a datapoint 𝑗 

𝐼(𝑗) denotes the function of age corresponding to the integrand for datapoint 𝑗 

 

The source code for DisMod-MR 2.1 as well as the wrapper code is available at https://github.com/ihmeuw/ihme-

modelling/tree/master/gbd_2017/shared_code/central_comp/nonfatal/dismod.  

Section 4.2.5: Natural history models 

For some causes for which CoD data may be systematically biased either owing to misclassification or because the 

disease exists in focal communities without VR or VA studies, we have developed natural history models. In natural 

https://github.com/ihmeuw/ihme-modeling/tree/master/gbd_2017/shared_code/central_comp/nonfatal/dismod
https://github.com/ihmeuw/ihme-modeling/tree/master/gbd_2017/shared_code/central_comp/nonfatal/dismod
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history models, incidence and case-fatality ratios are modelled separately and then combined to produce estimates of 

cause-specific mortality.   

Section 4.2.6: Prevalence-based models 

The modelling strategies for atrial fibrillation and flutter are distinct from those used for other causes modelled as 

natural history models. These models use prevalence estimates and excess mortality rates (EMR) generated through 

DisMod-MR 2.1 rather than incidence and case-fatality rates. This approach allows us to adjust estimates to more 

accurately reflect the number of deaths for which atrial fibrillation was the true underlying cause of death. Further 

details are provided in the CoD cause-specific modelling description for atrial fibrillation and flutter.  

Section 4.2.7: Sub-cause proportion models 

For certain sub-causes for which accurate diagnoses are known to be very difficult, we first modelled the parent 

cause in the GBD hierarchy with CODEm and then allocated deaths to specific causes by using proportions of the 

parent cause for each age-sex-location-year for each sub-cause. For these causes, we identified no significant 

predictors in negative binomial regressions. This approach was taken because the available data on these specific 

causes may come from sources other than VR, such as end-stage renal disease registries, or may come from too few 

places to model the death rates directly. Details for each cluster of causes analysed in this way follow. 

 

Section 5: COVID-19 estimation 
In GBD 2021, COVID-19 deaths were treated as shock deaths, and thus were not part of the HIV/AIDS- and shock-

free envelope or the cause fractions used in CODEm. Like HIV/AIDS, COVID-19 was included in the shock-free 

envelope for GBD 2023. Modelling of COVID-19 mortality was done using a tool developed at IHME called 

OneMod, described in detail in Appendix 3. 

 

Three types of data were used in the model. Corrected vital registration data, as described in Section 3.8, was 

included where available. For select countries (Bulgaria, Czechia, Denmark, Philippines, Türkiye, USA), we also 

identified recent provisional releases of vital registration data that were not complete enough for inclusion in the 

cause of death database but did include counts of COVID-19 deaths. Lastly, we included surveillance data that was 

reported during the COVID-19 pandemic (through 2022 for most countries, into 2023 for China) for location-years 

not covered by these prior sources. Country totals by year can be found in the table below. 

 

  2020 2021 2022 2023 

Corrected VR 75 64 36 1 

Provisional VR 1 1 4 3 

Surveillance 104 114 123 1 

 

 

The provisional VR and surveillance data were not age- and sex-specific, so we first ran OneMod using only the 

corrected VR and used the out-of-sample predictions for each location-year to split these data by age and sex, based 

on the below formula, where the age- and sex- specific rate of the data, 𝑑𝑙,𝑦,𝑎,𝑠, was equal to the all age rate, 𝑑𝑙,𝑦 , 

multiplied by the proportion of all deaths predicted by the model – the model rate, 𝑚𝑙,𝑦,𝑎,𝑠, multiplied by the 

population, 𝑝𝑙,𝑦,𝑎,𝑠 – in each age and sex. All models were fit using the binomial likelihood. 

 

𝑑𝑙,𝑦,𝑎,𝑠 = 𝑑𝑙,𝑦

𝑚𝑙,𝑦,𝑎,𝑠𝑝𝑙,𝑦,𝑎,𝑠

∑ ∑ 𝑚𝑙,𝑦,𝑎,𝑠𝑝𝑙,𝑦,𝑎,𝑠
2
𝑠=1

𝐴
𝑎=0 

 

 

The covariate pool provided to Rover is listed in table below. COVID-19 infection rate, variant prevalence, 

vaccination rate, and infection-detection rate (IDR) were all estimated by the IHME COVID-19 Forecasting Team.52 

The value of IDR for all corrected VR data was set to 100%. All of these except for vaccination rate were included 

as fixed covariates, meaning they were automatically selected. Other covariates (risk factors, comorbidities, and 

Healthcare Access and Quality [HAQ]) were estimated as part of the Global Burden of Disease study. Covariates 
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were selected by the Rover module based on an absolute t-statistic inclusion threshold of 0.5. Covariate effect sizes 

were estimated at the global level. 

 

  
Selected for males Selected for females 

Coefficient directional 

constraint 

Chronic kidney disease X - Positive 

Cardiovascular disease X X Positive 

Diabetes - X Positive 

Healthcare Access and 

Quality 
X X Negative 

Obesity X X Positive 

Smoking - - Positive 

Cancer - - Positive 

Chronic obstructive 

pulmonary disease 
- - Positive 

Total COVID-19 

infections 
X X Positive 

Prevalence of alpha, 

beta, gamma, and delta 

variants 

X X - 

Prevalence of omicron 

and BA5 variants 
X X - 

Infection-detection rate 

(IDR; natural log) 
X X Positive 

 

 

After estimating effect sizes in SpXMod, we then modified the data and predictions before running KReg. First, we 

calculated an empirical effect size for IDR in countries with corrected VR early in the pandemic and surveillance 

data based on the overlapping years, weighted by the total VR deaths in each year: 

 

𝛽𝑙,𝑎,𝑠 = ∑
𝑑𝑙,𝑦

𝑉𝑅

𝑑𝑙
𝑉𝑅

𝑙𝑜𝑔𝑖𝑡(𝑟𝑙,𝑦,𝑎,𝑠
𝑉𝑅 ) − 𝑙𝑜𝑔𝑖𝑡(𝑟𝑙,𝑦,𝑎,𝑠

𝑠𝑢𝑟𝑣 )

− ln(𝐼𝐷𝑅𝑙,𝑦)

𝑌

𝑦=2020

 

 

Where r is the rate and d represents deaths (because the covariate was in natural log space, ln(𝐼𝐷𝑅𝑚𝑎𝑥) ==
ln (1) == 0),. Using this empirical effect size for countries with corrected VR and the modelled global effect size 

everywhere else, we then removed the IDR effect from rates in both the predictions and the data before running 

KReg, making a counterfactual as if the IDR was 100% in all location-years (this would not affect the corrected VR, 

as the IDR in those observations was already 100%): 

 

𝑙𝑜𝑔𝑖𝑡(𝑟𝑙,𝑦,𝑎,𝑠
𝑐𝑜𝑢𝑡𝑒𝑟𝑓𝑎𝑐𝑡𝑢𝑎𝑙

) = 𝑙𝑜𝑔𝑖𝑡(𝑟𝑙,𝑦,𝑎,𝑠
𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙

) − 𝛽𝑙,𝑎,𝑠 ln(𝐼𝐷𝑅𝑙,𝑦) 

 

We generated draws from KReg and, in an effort to eliminate extreme outlier draws, resampled the 2.5% lowest and 

highest draws by location (as defined by cumulative all-age, both-sexes deaths over all years). We then raked the 

draws for subnational locations for which we only had parent-level data: New Zealand, Iran, India urban/rural, 

Indonesia, Ethiopia, Kenya, and Nigeria. 

 

Two of the above-described pipelines were run on the full age- and sex-split dataset – one fitting age and time 

effects (by sex) at each level of the hierarchy (global, super region, region, and country), and one fitting only global- 

and then country-level effects. All countries in regions featuring at least one location with corrected VR used the full 

location hierarchy model, while countries in regions without any corrected VR used the model with only global and 

country effects (the latter group is comprised of South Asia, East Asia, and all regions in sub-Saharan Africa). This 

was due to the fact that, while the super region and region effects captured important contextual variation in groups 

of locations with sufficient differentiability in the covariates, in the absence of any corrected data the IDR effect was 

absorbed by the location effects for these regions (most of which have estimated IDRs below 1%), leading to 
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implausibly low counterfactual estimates. Were VR to become available in all super regions, we would explore 

using a single model that refit the IDR effect at a level below global. Because covariate selection was done at the 

global level (by sex), that process was the same for both model runs. The lambdas (on both the intercept and the 

spline) for each location level were as follows: global 1.0, super region 2.5, region 5.0, location 10.0. The spline was 

linear with knots at each year. 

 

Section 6: Central computation2 

Section 6.1: 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, some diseases are transmitted only in certain regions of the world. For those diseases, we 

restricted our models to only endemic locations, excluding non-endemic countries from the analysis. In some cases, 

however, deaths for these geographically restricted diseases may occur in non-endemic countries. For example, 

individuals may become infected with a disease while travelling or residing in an endemic location. Through travel 

or migration, however, they may move to a non-endemic location prior to dying from that disease. Imported cases 

account 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 datapoint by using the 

sample size of the VR for that datapoint and upload these draws as a custom CoD model. This model is then used as 

an input to CoDCorrect. 

Section 6.2: CoDCorrect 
Section 6.2.1: 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 6.2.2: Algorithm and levels 

The core algorithm remains the same as it did in GBD 2013. The equation can be written as follows: 

𝐶𝐷𝑙𝑦𝑎𝑠𝑗𝑑 = 𝐷𝑙𝑦𝑎𝑠𝑗𝑑(
𝑃𝐷𝑙𝑦𝑎𝑠𝑗𝑑

∑ 𝐷𝑙𝑦𝑎𝑠𝑗𝑑
𝑗=𝑘
𝑗=1

) 

Where: 

𝐶𝐷𝑙𝑦𝑎𝑠𝑗𝑑  is the corrected number of deaths for a location 𝑙, year 𝑦, age 𝑎, sex 𝑠, cause 𝑗, and draw 𝑑 

𝑃𝐷𝑙𝑦𝑎𝑠𝑗𝑑  is the parent CoD for a location 𝑙, year 𝑦, age 𝑎, sex 𝑠, cause 𝑗, and draw 𝑑  

𝐷𝑙𝑦𝑎𝑠𝑗𝑑  is the uncorrected number of deaths estimated from a cause-specific model for a 𝑙, year 𝑦, age 𝑎, 

sex 𝑠, cause 𝑗, and draw 𝑑  
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The CoDCorrect process starts by rescaling the Level 1 causes to match the all-cause mortality estimates (used for 

𝑃𝐷𝑙𝑦𝑎𝑠𝑗𝑑  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 S2. 

 

Section 6.2.3: Diagnostic results of CoDCorrect by cause and location 

Section 6.3: Years of life lost calculation 
Years of life lost (YLLs) owing to premature mortality were computed for 925locations and 45 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 the most recent year of estimation to establish a theoretical minimum risk 

reference life table. By convention, we also exclude years before 2010 with the reasoning that the previous decade 

has the lowest overall mortality than any other point in history. Additionally, years 2020-2021 were excluded from 

consideration for the TMRLT due to the COVID-19 pandemic. 

The YLL is a metric that is computed by multiplying the number of estimated deaths by the predicted life 

expectancy by age, sex, location, and year. 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 predicted life expectancy is calculated with two main components, a global, sex-agnostic, all-

time theoretical “best” life expectancy (assuming that males and females in all countries in the world could 

theoretically have this life expectancy) and the average age of death from with-shock life tables for each location, 

sex, age group, and year.3  

Section 6.4: 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.55 For GBD 2023, we have continued to use this method using 

GBD 2023 population estimates.3  
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Section 9: CoD cause-specific modelling descriptions 
 

PLEASE NOTE:   
For the manuscript, “Global, Regional and National Burden of Cardiovascular Diseases and Risk 
Factors in 204 countries and territories, 1990-2023,” we have only included modelling methods 
descriptions for the cardiovascular diseases included in our analysis. 
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