
A subnational analysis of burden of disease in South Africa:
mortality levels, causes of death and their forecasts.

William Tinashe Msemburi

A dissertation
submitted in partial fulfillment of the

requirements for the degree of

Doctor of Philosophy

University of Washington

2020

Reading Committee:

Eric Vos, Chair

Laura Dwyer-Lindgren

Aleksandr Aravkin

Debbie Bradshaw

Program Authorized to Offer Degree:
Global Health



©Copyright 2020

William Tinashe Msemburi



University of Washington

Abstract

A subnational analysis of burden of disease in South Africa:
mortality levels, causes of death and their forecasts.

William Tinashe Msemburi

Chair of the Supervisory Committee:
Professor Eric Vos

Global Health

Empirical and model based approaches have provided estimates of South Africa’s national

and provincial mortality. However, little is known about district-level mortality patterns

and differentials. The purpose of this research is to provide reliable estimates of these

over three aims. Firstly, district-specific all-cause deaths for each age, sex and year are

estimated by adjusting observed vital registration (VR) death numbers using a Bayesian

regression model that concurrently addresses under-reporting of deaths and the random

noise which typifies small-area samples. For the second aim, district-specific cause-

of-death proportions for selected causes are determined using a Dirichlet-Multinomial

regression model that leverages the South Africa province cause-of-death estimates from

the 2017 Global Burden of Disease study to correct the district cause-of-death numbers

from VR. In the final aim, the results from the previous aims are forecasted within a

compositional data framework (CoDa) by first applying Singular Value Decompositions

(SVDs) to the estimated all-cause and multiple decrement life table death matrices for all

district-years. Next, estimated time-varying parameters from the resultant low-rank matrix

approximations are forecasted using additive models that assume first order autoregressive

residuals. Finally, full life table death matrices are reconstructed by combining these

forecasts with the non-varying principal components estimated using the SVD-CoDa.
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Chapter 1

INTRODUCTION

The endeavour to improve global health is contingent on accurate and detailed mortality

data. The most appropriate actions to improve the health of populations result from

granular specifications of place, age, sex, timing and cause of death. Obtaining the relevant

data hinges on vital registration systems that can cover the affected and record these

identifiers. In the absence of good quality data, indirect analytical tools are required

to derive the desired information at sufficient levels of detail to insure that data needs

are met. Ideally, appropriate data driven responses will in turn lead to improved health

outcomes. In addition to responding based on retrospective data, correctly predicting

future health trends and proactively preparing for them has the potential to increase

health gains even further. Mortality forecasts play an important role in providing such

predictions, informing on expected mortality levels if trends follow certain trajectories

into the future. Benchmarking mortality projections against predefined optimal targets

e.g. the sustainable development goals [1], highlights where health improvements are

needed or where targets are unlikely to be reached.

Low- and middle-income countries have lagged behind in the development of strong vital

registration systems that could be used to monitor health trends and provide good quality

mortality data [2]. The Global Burden of Disease (GBD) [3] study has taken great strides

to respond to this measurement need, producing detailed estimates of condition-specific

mortality and morbidity for all countries of the world at national and for some, even at

state, province or county level [4]. However, the level of specification of derived estimates
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is conditional on how specific the data that are available for the location are. Countries

range widely on the development spectrum and correspondingly, in the quality of the

empirical data that are available for them. A large number of low- and middle-income

countries are on a development journey which will see them having improved data over

time; data that can be used to produce health estimates at higher spatial resolutions. One

country which is well on its way in this journey, and can be seen as something of a burden

of disease template for other low- and middle-income countries, is South Africa.

South Africa is made up of 52 metropolitan and district municipalities requiring infor-

mation on the numbers and causal compositions of those deceased and estimates of the

populations exposed - crucial information for monitoring health status, assessing how

effective health-related programmes are, and identifying emerging health issues [5]. South

Africa also has a turbulent history to overcome. The health sector of South Africa has

the monumental task of undoing the health related legacy of apartheid. Laws such as

the controversial Group Areas Act of 1950 forced people to only own or occupy homes in

designated towns based on legally-defined racial groups with the objective of establishing

completely segregated areas [6]. Apartheid’s systematic discrimination is foundational to

current extreme income inequalities, large variations in educational attainment, excessive

violence, migrant labour and the proliferation of HIV/AIDS infection and mortality [7].

Post-apartheid South Africa inherited a health care system in which 60% of the resources

were used by the private sector, serving only about 20% of the population [8]. This has led

to sustained differential health access and wide variations in quality of care, both contribut-

ing to the vast differences in health outcomes across South Africa’s socio-demographic

spectrum. To address this, the National Health Act of 2004 decentralised health care

through the establishment of a district health system to optimise quality and access across

all districts. Subsequently, the day to day responsibilities for redressing the health in-

equities of the past and meeting the current health needs of all South Africans have been

shifted to district health management teams [9].
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The problem is obtaining complete and accurate health data for all districts. Although some

information can be gleaned from population censuses, vital registration and the community

surveys, the information that these data sources provide is currently not suitable for health

monitoring at the district level [10, 11, 12]. Each of these data sources has potential

weaknesses and there currently isn’t a process that synthesizes the information they

contain to produce estimates in a format that can help district level decision making.

Considering the 1996, 2001 and 2011 censuses, self-reported data are available at the

district level to inform on the numbers in the population. Answers to questions on the

survival of relatives can be used to estimate both adult and child mortality using indirect

demographic techniques [13, 14]. Summary birth histories are recorded for all women

aged 15–49 counting the number of live-births for each woman and the number still

alive. This allows for a measure of fertility and the reported age-specific proportions of

children who have died can help to estimate under-5 mortality by demographic methods

[15]. However, census results can suffer from recall bias as the data are retrospective in

nature [16, 17]. Other issues affecting response validity are under-coverage and selection

bias. Bias can be introduced due to household collapse or mother’s death, inaccurate age

reporting, inaccurate responses from respondents, misunderstanding of the questions or

incorrect capture by interviewers, and incorrect coding structures by coders. Finally, for

South Africa the censuses do not provide a continuous time-trend but have a 5-yearly

collection (although better than many other countries that conduct censuses every 10

years) [18, 19].

The vital registration system (VR) captures mortality information for the years 1997 to

2015 through death notification forms which are administrated by the national depart-

ment of home affairs (DHA). These forms are processed by the national statistics agency,

Statistics South Africa (Stats-SA), to capture cause-of-death information and selected socio-

demographic and health data [20]. The captured information is coded according to the

tenth revision of the International Statistical Classification of Diseases and Related Health
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Problems (ICD-10) [21]. These data are available for the years 1997-2015 by age, sex, race,

province and district. South African VR data are not immune to the quality issues that

plague other low- and middle-income countries [22]. These include inaccurate coding of

causes of death and under-reporting of deaths [2].

The community Surveys of 2007 and 2016 were large-scale nationally representative

inter-census household surveys. Sampling was at the municipality level aggregated to

provide district level information [23, 24]. The community surveys effectively provide

much of the same information as in the census albeit using a smaller sample size and thus

with greater uncertainty for smaller areas like districts. The community surveys also have

similar limitations as described for the census.

The unadjusted mortality estimates derived using these data sources do not give a compre-

hensive picture of district-specific health burden. For most districts, little is known of the

relative ranking of the mortality causes to note those accounting for the highest burden

[25]. For many years and areas, VR data are known to be incomplete [5]. The magnitude of

the impact of incompleteness on the estimates of mortality is generally larger for smaller

areas as the missing deaths may not be missing completely at random and could be a

significant proportion of specific districts. Also, little is known about the risk factors that

would drive burden of disease levels and trends at the small area level [26].

Due to these data deficits, the delivery of particular services such as those necessary

to intervene in a geographically clustered cause, age or sex-specific mortality scenario,

may not match the true needs [27]. South Africa is experiencing a quadruple burden of

disease comprising of HIV/AIDS, high rates of injury, other infectious diseases excluding

HIV/AIDS and a burgeoning tide of non-communicable diseases [28, 29]. It becomes

increasingly necessary to fill any knowledge gaps that impede on the district health

system’s ability to respond adequately and appropriately.
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The GBD has produced detailed national mortality estimates for South Africa and the

recent 2017 publication provides province level results as well, but not the district [4].

This is an opportunity to build on the GBD to produce estimates of particular relevance to

the health district of South Africa. In this dissertation, I have completed three research

aims. Aims 1 and 2 respectively outline methodology that can be used to disaggregate

all-cause and cause-of-death GBD estimates to subnational and derive such estimates for

South Africa’s 52 health districts for the period 1997–2015. Aim 3 describes how the

estimates can be forecasted to 2030 in a coherent way. Specifically:

Aim 1: Estimate South Africa all-cause mortality by district (1997–2015)

� True all-cause death numbers are estimated for each district by age, sex and year

for the period 1997–2015. District-specific VR data by sex and year are adjusted

through a Bayesian regression model that smooths the observed age-specific mortality

rates using the corresponding parent province’s log-mortality age-pattern and age-

specific offsets determined using a spline function. Together with the smoothing, the

model simultaneously quantifies the level and uncertainty of completeness of death

registration for each district based on the observed district VR, the district-specific

completeness of child deaths and the completeness of reporting at older ages that is

estimated in GBD2017 for the province the district lies within.

Aim 2: Estimate South Africa cause-specific mortality by district (1997–2015)

� Estimates of all-cause death numbers by year, age, sex and district are disaggregated

to expected true causes through a Dirichlet-Multinomial compound model that

predicts the GBD2017 provincial cause-specific results by year, age and sex using

the observed province-specific VR cause-of-death numbers. The model determines

the most likely posterior distributions for the district true causes given the observed

district-specific VR as well as the age, sex, year and province of death.
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Aim 3: Derive South Africa mortality forecasts by district (2016–2030)

� The third aim of this study is to forecast district, province and national mortality

profiles from 2016 to 2030. The forecasting approach is according to a Compositional

Data Analysis (CoDa) framework applied to district specific life table deaths. The

dimensions of the deaths matrix are reduced using a Singular Value Decomposition

(SVD) to determine principle components and time-varying parameters which are

then forecasted using generalized additive models (GAMS) that assume first order

autoregressive residuals. These parameters are used to reconstruct the life table

death matrix for both the observed and forecasted period. The single-decrement life

table formulation and a multiple-decrement variant are used to forecast the Aims 1

and 2 estimates, respectively. Finally, the forecasted cause-specific mortality rates

are scaled to sum to the forecasted all-cause rates for the corresponding location, age,

year and sex, maintaining coherence.

The next three chapters expand on these three aims. They outline the methods and studies

that have produced estimates of all-cause and cause-specific mortality for the provinces of

South Africa, as well as nationally, before detailing the methods used to generate district

level estimates in this research. Summary results of key measures such as death-numbers

and rates, probabilities of death and life-expectancy at birth for Aims 1 and 3, and leading

causes-of-death and cause-patterns for Aims 2 and 3, are provided in the relevant chapters.

More detailed results are then provided in the attached supplementary appendices.
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Chapter 2

SOUTH AFRICA ALL-CAUSE MORTALITY BY DISTRICT (1997–2015)

2.1 Introduction

Estimates of South Africa’s true national and provincial all-cause mortality have been

provided through approaches that utilize statistical models as well as others based on

more empirical methods, most notably in the Global Burden of Disease (GBD) [1] and the

2nd National Burden of Disease (NBD) [2] studies. However, no study has generated the

same for South Africa’s 52 health districts and this research aims to fill this gap. The next

few sections explore the current state of knowledge, reviewing the methods that have been

used to estimate provincial and national mortality and describing these studies that have

used them. Following which, the estimation approach used in this research is discussed in

more detail.

2.2 Review of national and provincial all-cause mortality estimation

Estimates of all-cause mortality are crucial for assessing district health status and evaluat-

ing the performance of the district health sector. They define the mortality envelope which

can be used in the derivation and/or validation of cause-specific estimates. Ideally, these

estimates should come from complete VR; a data source that is potentially all-inclusive

regardless of socio-economic status, death location, age and sex. Even incomplete VR data

can still be used in research depending on the extent of under-reporting, whether or not

the incompleteness biases the data randomly or systematically, and most importantly, if

the bias can be quantified and corrected.
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In the absence of usable VR data or to correct it using population trends, census or survey

data can be used to estimate key mortality metrics, in particular 5q0 and 45q15, which are

measures of child and adult mortality, respectively. The nqx give the probability that a

person aged x will die within n years if mortality rates remain constant and they can be

related to model life tables to generate age-specific estimates. As estimation requires a

number of assumptions to be made which can lead to biased results, the final age-specific

numbers generated are less accurate than those based on a complete VR time series.

A third option is the use of statistical models applying mathematical relationships to derive

estimates of all-cause mortality. The demographic balancing equation takes the numbers

in a population at the beginning and end of a period of t years, P1 and P2, respectively, and

connects them according to the following equation:

P2 = P1 +B−D +M

where births are represented by B, deaths by D and net-migration by M. By making

assumptions about P1, P2, B and M, it is possible to solve for D. What we currently know

about South Africa mortality comes from studies that typically utilise combinations of

the three options above. Broadly speaking, these studies can either be classified as being

empirical or model based.

2.2.1 Empirical methods

There have not been many empirical studies that provide subnational or even national

mortality estimates because of the historically poor quality of reported data and the

time-lag between year of death and Stats-SA dissemination of collated reported deaths.

The most comprehensive of the empirical studies has been the NBD study [2].The NBD

aimed to analyse cause of death data for the 1997–2012 period and to develop national,

population group, and provincial estimates of the levels and causes of mortality. The
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study used underlying cause of death data from death notification forms covering this

period and obtained from Stats-SA. The national reported adult deaths were adjusted for

under-reporting using death distribution methods i.e. the generalized growth balance

(GGB) and synthetic extinct generations (SEG) methods [3, 4]. For the completeness of

the province, deaths reported by households from the 2001 and 2011 censuses and 2007

community survey were used to generate mortality rate values for those aged 15 and older

for specific years, and the ASSA2008 model [5] was used to set the mortality rate value for

1996. ASSA2008 is an MS Excel AIDS and demographic model developed by the Actuarial

Society of South Africa. It is calibrated to child mortality and adult mortality based on

surveys, census and vital statistics as well as antenatal HIV seroprevalence survey data.

The ASSA2008 model was then used to derive a trend through these four point estimates

with the ratio of the derived to observed rates providing base estimates of completeness

which were then scaled so that the sum of the adjusted would match that calculated

using the DDMs for the national [6]. There are multiple sources of uncertainty in this

approach from the reference result from the DDM to the province estimates derived using

the census/surveys as well as the initial estimate and the trend derived using ASSA2008.

The child mortality estimates generated from VR were adjusted for incomplete reporting

using estimates generated by applying an indirect demographic method originally devel-

oped by Brass [7, 8] to census and community survey summary birth history responses.

The method uses the ratio of children ever born to children dying to estimate 5q0. For the

NBD, the Ward and Zaba [9] correction was further applied to the child mortality estimate

to correct for the non-response due to high HIV/AIDS mortality [10].

Death distribution methods to estimate completeness of reporting of adult deaths and

this standard indirect approach to estimating child mortality play a significant role in

providing mortality estimates for countries like South Africa that have imperfect albeit

functional VR and that utilize population census and surveys to estimate child mortality.

As such, these indirect demographic methods are discussed in greater detail below.
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2.2.1.1 Death distribution methods for adult mortality

There are three main classes of mortality estimation methods that have been used by

demographers for countries with incomplete vital registration and those lacking regular

and accurate censuses [11, 12]. These are death distribution methods (DDMs), intercensal

survival methods and indirect methods based on sibling survival. Hill [11] found that

specific DDMs, namely the Generalized Growth Balance (GGB) and the Synthetic Extinct

Generations (SEG) method, gave superior results by virtue of their generating period- and

age-specific mortality rate estimates.

The Generalized Growth Balance (GGB) Method:

Based on the Growth Balance method which was developed by Brass et al. [13], Hill [14]

proposed the Generalized Growth Balance (GGB) method to estimate the completeness of

reporting of deaths. The method uses the census to derive a mortality rate for those aged

x and older and compares it to that derived using the reported deaths. According to the

demographic balancing equation for a closed population, the population numbers at the

end of the period are the result of deaths being subtracted from and births being added to

the population at the beginning of the period. Mathematically, this can be expressed as

∞P0(t2) =∞ P0(t1) +N0 −∞D0 =⇒ N0 +∞ P0(t1)−∞ P0(t2) =∞ D0 (2.1)

where ∞P0(t1) and ∞P0(t2) are the numbers of people aged 0 and older at time points t1

and t2, respectively, ∞D0 are the deaths aged 0 and older occurring in the period t1 to

t2, and N0 are the number reaching age 0 over the period. For any age x and older, this

relationship can be generalized to:

Nx −
(
∞
Px(t2)−∞ Px(t1)

)
=∞ Dx (2.2)
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The GGB method is based on equation 2.2. We let ∞YLx(t1, t2) represent the number of

person-years aged x and over lived between t1 and t2, which can be estimated using the

geometric mean [15]:

∞YLx(t1, t2) = (t2 − t1)×
√
∞Px(t1)∞Px(t2)

Dividing equation 2.2 through by ∞YLx(t1, t2) gives

n(x)− r(x+) = d(x+) (2.3)

where the death, birth and growth rates are respectively

d(x+) = ∞Dx
∞YLx(t1, t2)

n(x) =
Nx

∞YLx(t1, t2)

r(x+) = ∞
Px(t2)−∞ Px(t1)

∞YLx(t1, t2)

(2.4)

Equation 2.3 gives terms that are functions of true, not reported, quantities. Letting k1

and k2 represent the census coverage at time points t1 and t2 and c the completeness of

reporting of deaths, then the reported quantities defined as:

∞P
r
x (t1) = k1 ×∞ Px(t1)

∞P
r
x (t2) = k2 ×∞ Px(t2)

∞D
r
x = c ×∞Dx

(2.5)

where r represents the reported quantity calculated in place of the true ones given in

preceding equations. Additional approximations and assumptions are made to estimate

death, birth and growth rates:
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• Equation 2.6 is used to approximate the true numbers reaching age x between times

t1 and t2. Numbers are aggregated by 5 yearly age-groups to work quinquennially

following standard convention to approximate:

Nx ≈ (t2 − t1)

√
5Px−5(t1)5Px(t2)

5
(2.6)

N r
x ≈ 0.2(t2 − t1)

√
5P

r
x−5(t1)5P

r
x (t2) is used to generate

n(x) =
Nx

∞YLx(t1, t2)
=

N r
x

∞YL
r
x(t1, t2)

= nr(x) (2.7)

where ∞YLrx(t1, t2) = (t2 − t1)×
√
∞P

r
x (t1)∞P

r
x (t2).

• The population numbers are used to approximate the observed growth rates rr(x+)

and true growth rates r(x+) according to equation 2.8:

r(x+) ≈
ln

(
∞Px(t2)
∞Px(t1)

)
t2 − t1

rr(x+) ≈
ln

(
∞P

r
x (t2)

∞P
r
x (t1)

)
t2 − t1

=
ln

(
k2×∞Px(t2)
k1×∞Px(t1)

)
t2 − t1

=
ln

(
∞Px(t2)
∞Px(t1)

)
− ln

(
k1
k2

)
t2 − t1

=⇒ r(x+) = rr(x+) +
ln

(
k1
k2

)
t2 − t1

(2.8)

• The observed death rates dr(x+) and true death rates d(x+) are estimated according

to equation 2.9:

d(x+) = ∞Dx

(t2 − t1)×
√
∞Px(t1)∞Px(t2)

dr(x+) = ∞D
r
x

(t2 − t1)×
√
∞P

r
x (t1)∞P

r
x (t2)

=
c ×∞Dx

(t2 − t1)×
√
k1 ×∞ Px(t1)k2 ×∞ Px(t2)

=⇒ d(x+) =
√
k1k2

c
dr(x+)

(2.9)
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Equation 2.3 is rewritten using these three approximations of true values which are based

on reported to give:

nr(x)− rr(x+)−
ln

(
k1
k2

)
t2 − t1

=
√
k1k2

c
dr(x+) (2.10)

The elements of equation 2.10 can also be expressed in terms of an equation of a straight

line:

nr(x)− rr(x+)︸          ︷︷          ︸
Dependent variable

=
1

t2 − t1
ln

(
k1

k2

)
︸          ︷︷          ︸

Intercept term

+
1
c

√
k1k2︸   ︷︷   ︸

Slope term

× dr(x+)︸ ︷︷ ︸
Independent variable

(2.11)

The method assumes the coverage of the more recent census to be 1, assuming it is better

enumerated, such that the relative coverage of censuses, k1 and k2, as well as coverage of

reported deaths, c, are estimated using the line of best fit. The GGB method is found to be

most vulnerable to errors in the reported age [14].

The Synthetic Extinct Generations (SEG) method:

As with the GGB, the SEG method estimates the completeness of death reporting using

the death numbers implied by censuses. The method is based on Vincent’s 1951 extinct

generations method [16] which used the death numbers from members of a cohort aged

a at time t, from time t till the final death of the entire cohort, to estimate the original

number of people in the cohort at the initial time point t i.e.

1Pa(t) =1 Da(t) +1Da+1(t + 1) +1Da+2(t + 2) + . . .+1Da+ω−a(t +ω − a) (2.12)

where 1Pa(t) and 1Da(t) are the population and death numbers of age ∈ [a,a+ 1) at time t

and ω is the age at which the last cohort member dies. This method was generalized to a

stable population relationship by Preston et al [16] under assumptions of discrete time
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and age. Under the stable population assumption,

1Da(t + y) =1 Da(t)e
ry

where r is the population growth rate independent of age. 1Pa(t) can be rewritten

1Pa(t) =
ω−a∑
y=0

1Da+y(t)ery (2.13)

which can be generalized for continuous age and time for ages a at time t to

1Pa(t) =
∫ ω−a

0
1Da+y(t)erydy =

∫ ω

a
1Dx(t)e

r(x−a)dx (2.14)

for the transformation y = x − a. Bennett and Horiuchi [16] derived the SEG method based

on equation 2.14 to correct the reported deaths between two censuses for incompleteness by

determining the levels of coverage. The underlying assumption for the SEG method is that

if relative to census enumeration, death reporting was complete, the population numbers

derived using the deaths would be the same as the population numbers derived using

the censuses. Conversely, if death reporting is incomplete with completeness assumed

constant by age, then the levels of incompleteness can be estimated using the ratio of the

population number according to the census relative to the population number derived

using the reported deaths.

The SEG method works quinquennially and requires:

• 5Px(t1) and 5Px(t2) : census counts by age at time points t1 and t2.

• 5Dx: reported deaths by age for the same population over the intercensal period.

Assuming age x with bounds [0,A) where A is the open interval lower bound, the method

also requires the population and death numbers at the open interval age A, represented by
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∞PA(t1), ∞PA(t2) and ∞DA, respectively.

The observed growth rates by age 5rx can be estimated from the census using:

5rx ≈
ln

(
5Px(t2)
5Px(t1)

)
t2 − t1

(2.15)

The estimate of the population aged x based on the reported deaths, 5P̄x, is first estimated

for the open interval ∞P̄A according to:

∞P̄A =∞ DA

[
exp

(
∞rAeA

)
−
(
∞rAeA

)2/6
]

(2.16)

where eA is the life expectancy at the open interval lower bound and ∞rA is growth rate

for the open interval. The population is then estimated for all other ages below the open

interval iteratively downwards:

5P̄x−5 =5 P̄xexp
[
55rx−5

]
+5Dx−5exp

[
2.55rx−5

]
(2.17)

The number attaining age x between time points t1 and t2 according to the census data is

estimated:

5Px =
(t2 − t1)×

√
5Px(t1)5Px+5(t2)

5
(2.18)

and then overall completeness, c, is derived from the c(x) age-specific estimates where

each compares the census based population number to that derived using the reported VR

for each age-group [x,x+ 5):

c(x) = 5P̄x
5Px

(2.19)

Assuming differential completeness by age with lower coverage for the youngest and
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oldest age-groups an age-independent estimate of completeness c is required. The median

or mean of the c(x) is generally chosen for this purpose, also taking a subset of the

available age-range to minimize the effect of extreme fluctuations while retaining as much

information about the level of completeness as possible. After c is calculated, the reported

deaths are corrected for under-reporting using:

5D
∗
x = 5Dx

c
(2.20)

with D∗(x) being the true death number after correcting for any under-count. Adjusted

death-rates 5mx can be calculated using the adjusted death numbers according to:

5mx ≈5 Mx = 5D
∗
x

(t2 − t1)
√

5Px(t1)5Px(t2)
(2.21)

and key probabilities of death can be generated using standard approximations e.g.

5qx =
55mx

1 + 2.55mx
(2.22)

An estimate of adult mortality, 45q15, can be calculated using the 5mx by assuming that the

mortality rates estimate hazard rates represented by µx+2.5. Assuming T (x) represents the

still to be experienced lifetime of an individual aged x, then its survival function of T (x)

can be defined

ST (x)(t) = P r(T (x) > t) ,t px

and the force of mortality is

µx = − d
dt
lnST (x)(t)
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Assuming a constant force of mortality between x and x+ t, the hazards are estimated:

tpx =
S(x+ t)
S(x)

= exp
[
−
∫ x+t

x
µydy

]
=⇒ 5px ≈ exp

[
− 5µx+2.5

]
and so

45q15 = 1− exp
[
− 5

55∑
x=15[5]

5mx

]
(2.23)

Bennett and Horiuchi [16] propose allowing for differential census coverage using an

adaptation the describe in end note number 10 i.e. determining a level c(x) series by

finding an optimal value of a constant δ to add to the growth rates,

5r̂x =5 rx + δ, (2.24)

where 5P̄x+5, 5Dx and 5rx are used to determine 5P̄x as described above. The value of δ,

which van be determined through optimization, quantifies the difference in coverage

between the two censuses, that is

k1/k2 = exp(δ[t2 − t1]) (2.25)

where k1 and k2 represent the completeness of censuses 1 and 2, respectively, with the

larger assumed to be 100% complete.

DDMs assume closed populations in terms of migration, levels of death registration are

uniform by age, coverage of census enumeration by age is uniform across censuses, accurate

reporting of ages in the deaths and census, and for the SEG, that the coverage of the two

censuses is the same. Various researchers have looked at the impact of violations of these

assumptions on the performance of these methods. Hill et al. [17] used the West model

life table for females to simulate a population with predefined mortality. Hill et al. [17]

assumed the population was non-stable and specified age-specific growth rates to impose a
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fertility decline to it. In addition, two censuses occurring five years and 25 error scenarios

were applied to the simulated population to replicate collection and data quality issues for

real life data. The error scenarios fell into four broad categories:

1. Age misreporting for reported deaths and in censuses,

2. Differences in census coverage (aggregate and age-specific),

3. Age-specific differences in the completeness of reporting of deaths (decreasing/increasing

by age),

4. Non-zero net-migration.

Hill et al. [17] compared the GGB, SEG, a combined GGB+SEG variant and the extended

SEG+δ by assessing the error in the estimated 45q15 after applying these methods to the

simulated data. The results showed that DDMs accurately correct the errors for which

they are designed but are each vulnerable to specific assumption violations. For the GGB

it is age misreporting whereas for the SEG it is differential census coverage and migration.

The SEG+δ was most accurate in 80% of scenarios and the GGB+SEG was best for the

remainder.

Dorrington et al. [18] performed a similar exercise with the same scenarios to validate the

results by Hill et al. [17] but also included male and female African datasets of populations

with a high prevalence of HIV. Dorrington et al. [18] confirmed that the SEG+δ performed

the best for many of the scenarios applied by Hill et al. [17] albeit for a smaller number

with the African datasets that were not included previously.

Murray et al. [19] also assessed these various DDMs using simulations and the same

approach of applying errors to data with known mortality. Error patterns were first derived

empirically and were then used to simulate errors in vital registration completeness,

coverage of censuses and reporting of age in both. Murray et al. [19] used four population

types:
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• Static - constant mortality, constant fertility and no migration

• Closed - declining mortality, declining fertility and no migration

• Immigrant - declining mortality, declining fertility and a positive net migration rate

per population citizen

• Emigrant - declining mortality, declining fertility and a negative net migration rate

per population citizen

As was done by Hill et al. [17], the DDMs were assessed using the estimated 45q15 error

for each scenario and population. The study reiterated the findings by Hill et al. [17]

and Dorrington et al. [18], highlighting the vulnerability of DDMs to migration, although

the GGB was found to be less so. The GGB was found to have higher error variance for

scenarios with age misreporting whereas the SEG had higher variance under differential

coverage of censuses. The SEG also had a higher variance when all the errors were applied

simultaneously. Uniquely, Murray et al. [19] observed a significant correlation between the

bias and the choice of ages used to summarise completeness. DDMs produce estimates of

completeness by age which in turn need to be summarized to provide a single measure of

adult completeness using the mean or the median for a selected age-range. Generally, the

selection of the age-range or the age-trim has been according to qualitative criteria viewed

as part of the art that is demography with selection not formalized by set rules but at the

discretion of the demographer.

In other research, Murray et al. [20] propose more formal criteria for deciding on the

optimal DDM versions to apply. In their research, optimization is carried out by varying

the age-trim option to select the calibration that leads to the most accurate results in the

simulated datasets previously described [19]. Despite observing that on average these

age-trims lead to the most accurate estimates of completeness, Murray et al. [20] emphasize

that these results should not be interpreted without caution as the uncertainty around

them is likely to be at least 20% of the estimated level. These optimal DDM versions have
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been used in adjusting specific country VR for the Global Burden of Disease (GBD) studies

[21] and more details are provided about them in subsection 2.2.2 that describes mortality

estimation in the GBD.

2.2.1.2 Birth history methods for child mortality

The South African census includes a summary birth history (SBH) module which provides

the data the NBD has used to estimate completeness of child mortality in the VR. In

SBH, mothers are asked a key question - the number of children they have given birth to

versus the number of them that have died by the time of survey. As there is no additional

information on age or timing of death, an indirect demographic method must be used to

estimate child mortality. Over the next section, the standard indirect method originally

developed by Brass [8] is described. The NBD applied this method with some adjustments

to account for the violation of assumptions due to the impact of HIV on the mortality

pattern of the country. This adjustment is described as well.

Standard approach using SBH data

The method requires information on the numbers of women W (i) in five-year age groups i

aged 15-49 obtained from census/survey, the numbers of children ever born to them by

age of mother, and the numbers of child survivors to the time of the census/survey. If we

denote the number of children ever born to the women in age group i by CEB(i) and those

children who died by CD(i), this gives the proportion of children dead D(i) = CD(i)
CEB(i) . The

proportions dead are converted into zq0 which denote the probability of dying between

birth and age z according to the equation,

zq0 = k(i)D(i)

where k(i) are correction factors corresponding to age i and are related to the patterns

of fertility. Trussell [22] derived a robust set of these correction factors, making use of
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parities P1, P2 and P3 for women aged 15-19, 20-24 and 25-29, respectively, such that:

k(i) = a(i) + b(i)
P1

P2
+ c(i)

P2

P3
(2.26)

where the a(i), b(i) and c(i) were calculated by Trussell [22] using regression and simulation

for each Princeton model life table . The underlying assumptions behind this model are

that (1) the fertility patterns for the population have not changed in the recent 15 years

(2) the chosen model life table and population are the same (3) child mortality risk is

independent of the age of the mother, and (4) the coverage of reporting of the children

ever born is independent of the age of mother. The estimates generated using this method

are mapped to specific time-points in the recent past derived using a similar approach to

equation 2.26 but with different multipliers.

The method links the age distribution of the mothers to the timing of deaths to generate a

time trend of mortality estimates. One weakness resulting from this is that the method

should not be used to estimate child mortality within 3-6 years of the census/survey as

that timing would be biased towards the mortality experience of the youngest mothers.

For this age-group of women, the estimate is based on smaller numbers of them who have

given birth and as such is prone to sampling bias [23], and will typically be higher than

average as many of them are first time mothers with pregnancies at high risk [24].

Ward and Zaba adjustment for HIV mortality

Certain base assumptions for the CEB/CD method are violated under a high HIV mortality

pattern such as that resultant from South Africa’s generalized epidemic. In this setting,

HIV prevalence, transmission rates and consequently child mortality risk, are dependent

on the age of the mother. The age pattern of mortality is selective for the duration of

infection which results in higher mortality risk associated with increasing age. When

sampling from such a population there is potential of surveys missing the births and/or
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deaths of children born to women who have died due to HIV with this bias being related

to age. There is potential underestimation of mortality rates due to the increased mortality

of HIV infected women and their children [25].

Ward and Zaba [9] simulated a stable population model in an HIV population and used it

to assess the extent of biases in the estimates produced by the CEB/CD technique - deriving

correction factors in the process. For a simulated population with a known HIV/AIDS

prevalence and a known true level of child mortality zq0, data for an SBH module based on

a simulated survey was also generated. The CEB/CD was then used to estimate the child

mortality estimates according to the simulated survey, represented by zq
∗
0. Using the true

child mortality zq0, the estimated child mortality zq
∗
0 and the known levels for prevalence,

Ward and Zaba derived some correction factors using the OLS regression model:

zq0 −z q∗0 = α(P REV ) + β(P REV 2) +γ(P REV 15) + ε

where ε ∼ N (0,σ2), P REV is the prevalence at the time of the survey for women of

childbearing age, expressed as a proportion, P REV 15 is the prevalence in women aged

15-19 years (set to 0 if unknown) and α, β and γ are regression coefficients. For any given

estimates of child mortality based on the CEB/CD method and corresponding prevalence,

these coefficients can be used to be estimate the adjusted for HIV/AIDS “true” estimate.

This correction assumes a stable population with stable HIV prevalence [26].

2.2.2 Statistical and demographic models

Model based approaches have played an important role in providing South Africa mortality

levels and trends, particularly to help guide policy priorities related to child survival and

HIV treatment. For instance, the Spectrum model, designed to examine the impact of HIV

interventions on health outcomes [27, 28], together with the Estimation and Projection

Package (EPP) module for estimating HIV incidence based on antenatal prevalence [29],
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has been used to estimate mortality for South Africa [30, 31]. The Spectrum/EPP suite can

be calibrated to run at the provincial level but requires as an input the HIV-free mortality

in order to generate estimates of all-cause mortality, HIV incidence and AIDS mortality.

The Actuarial Society of South Africa’s (ASSA) models have also been widely used to

estimate all-cause and AIDS deaths nationally and provincially using a cohort component

projection approach linked to assumptions about HIV free mortality and HIV infected

transmission and survival [5]. The THEMBISA model developed by the Centre for In-

fectious Disease Epidemiology and Research at the University of Cape Town (UCT) is a

demographic and epidemiological model that has been used to simulate paediatric HIV

transmission and survival and concurrently estimate child mortality by province [32].

The United Nations Population Division (UNPOP) in its production of national estimates

of mortality by country, generates mortality estimates for South Africa [33]. Although

complete VR is the gold standard, in the absence of reliable VR, UNPOP child mortality

estimates are derived from direct or indirect questions in surveys or censuses. Estimates

of child mortality for the 2017 revision are based on collaboration with the UNICEF led

United Nations Inter-agency Group for Mortality Estimation (UN-IGME) which uses a

statistical model to predict child mortality [34]. UNPOP adult mortality estimates are

also derived based on the available data. For countries with complete death registration,

estimates are derived using the reported deaths by age and sex. In the case of incomplete

registration; estimates are derived from questions on household deaths by age and sex,

usually for a 12-month period before a census or survey; or from questions on the survival

of the siblings of respondents in demographic surveys. In other cases, where available

data on adult mortality are too sparse or inconsistent, life expectancy at birth is derived by

using recent information about infant and child mortality together with model life tables.

Furthermore, in countries with high levels of HIV prevalence, the demographic impact of

the AIDS epidemic is accounted for using the Spectrum/EPP model [28].
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The estimation methods vary across these different models with national all-cause mortality

estimates comparable for adult mortality but varying widely for child mortality [35]. These

modelling approaches do not produce district level estimates.

The Global Burden of Disease (GBD) Study uses a statistical modelling approach that

makes use of a wide range of data sources including country-specific VR, survey and

census data as well as regional and global data to estimate burden of disease. Estimating

South Africa all-cause mortality was done by age, sex and province for GBD2015 [21],

GBD2016 [36] and most recently GBD2017 [1]. These most recent iterations of the GBD

built on the methodologies of GBD2010 [37] and GBD2013 [38] and with each iteration

new data were added and methodologies were refined. Separate approaches were used to

estimate child and adult mortality:

2.2.2.1 Estimating child mortality in the GBD

For South Africa, the GBD makes use of the same census, community survey and VR data

used by the NBD. However, the study adjusts the biased VR and does not use the standard

indirect method for analysing summary birth histories i.e. Brass’s CEB/CD approach but

rather improved methods developed and validated by Rajaratnam et al. [39]. An overview

of the GBD child mortality estimation approach is provided below.

Estimates from summary birth history data

Rajaratnam et al. [39] point out three limitations to the standard indirect method that

motivated their research. Firstly, the overestimation of child mortality for the most recent

time period, a consequence of the higher risk profile of the youngest mothers, leads to the

corresponding estimates being routinely discarded. Secondly, the standard method does

not generate estimates of uncertainty in child mortality measures which limits their utility

for accurately quantifying changes over time. Thirdly, the method has not been validated

against VR or complete birth histories in a wide set of countries.
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Rajaratnam et al. [39] used a large number of DHS complete birth history (CBH) datasets

to extract observed mortality with child-level data on date of birth, survival status and

age at death. Likewise, they extracted corresponding CEB/CD numbers by age of mother

from summary birth history data (SBH). They used these data to develop four new child

mortality estimation methods - the maternal-age-cohort (MAC), the maternal-age-period

(MAP), the time-since-first-birth-cohort (TFBC) and time-since-first-birth-period (TFBP)

derived methods:

• Maternal-Age-Cohort Derived Method (MAC): In the standard indirect method

previously described (equation 2.26), Di = CDi
CEBi

gives the proportion of children

dead to mothers aged i. ki correction factors related to parities P1, P2 and P3 for

women aged 15-19, 20-24 and 25-29, respectively, are estimated according to the

relationship:

ki = ai + bi
P1

P2
+ ci

P2

P3

and used to convert the Di into death probabilities according to the equation,

qz = kiDi .

The qz for z ∈ [1 : 4] are mapped to q5 = 5q0 using model life tables. The MAC

approach builds on this to predict reference times (R̂T ) and child mortality esti-

mates ( ˆ5q0) for each i using regression coefficients denoted by β̂.i and estimated by

Rajaratnam et al. [39] using the SBH and CBH data i.e.

R̂T i = β̂0i + β̂1iDi + β̂2iCEBi + β̂3i
P1

P2
+ β̂4i

P2

P3

logit ( ˆ5q0)i = β̂0i + Ûij + β̂1ilogit (Di) + β̂2iCEBi + β̂3i
P1

P2
+ β̂4i

P2

P3

where Ûij are age- and country-level random effects. The β̂.i relate to the 5q0 directly

and so there is no need to use model life tables.
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To improve estimation, the GBD version of this SBH method also includes region-

level random effects and fits separate models for surveys that interview all women as

compared to just ever-married women.

• Time since First Birth Cohort derived Method (TFBC) : The TFBC approach uses

the same equations as the MAC but instead of i representing aggregation according

to the mothers’ age-group, aggregation is according to the time since first birth - a

question included in some surveys such as the MICS-3.

• Maternal Age Period-Derived Method (MAP): The MAP approach estimates a CD/CEB

ratio for each year prior to the survey by estimating the time distribution of births

and deaths for mothers of a given age who have had a specific number of children.

This allows for the derivation of the most recent estimates of under-five mortality

using the experiences of all mothers rather than just the youngest as would be the

case with the standard indirect approach.

Although the MAC also corrects this, it is still vulnerable to the smaller sample size

observed for the youngest cohort, something the MAP accounts for. Parameters β̂.t

were derived for each period t and are used to predict child mortality according to

the equation

logit ( ˆ5q0)t = β̂0t + Ûtj + β̂1tlogit (Dt)

• Time since First Birth Period derived Method (TFBP): As with the connection between

the TFBC and MAC approaches, the TFBP approach uses the same equations as

the MAP but instead of pooling estimates across age groups, estimates are pooled

according to the time since first birth.
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Estimates from VR data

Estimates of child mortality are also derived using bias-adjusted VR data. A Loess regres-

sion is applied to the non-VR 5q0 estimates generated using the demographic techniques

described above and this gives a set of estimates by year. The bias is estimated as the mean

of the difference between the Loess predicted and the VR derived log10(5q0) summarized

over the five-year period adjacent to the VR year. The VR estimates of 5q0 are the corrected

using the bias correction as shown in the equation:

5q
corr.
0 =5 q

obs.
0 × 10

ˆbias

where 5q
corr.
0 is the corrected estimate of 5q0, 5q

obs.
0 is the 5q0 estimate observed in VR and

10 ˆbias is the bias estimate described above.

Estimates of child mortality are thus derived using these improved demographic methods

on the empirical data reported from censuses as well as from the adjusted VR. This

estimation process results in numerous estimates by year which need to be summarized or

“synthesized” for reporting, this is performed via a three stage process.

The first stage involves running hierarchical models to improve the estimates by making

use of their association with lagged distributed income per person, maternal education

and the under-5 HIV/AIDS death rate. In the second stage, the difference between the

hierarchical model input and predicted estimates, are smoothed using spatio-temporal

regression. In the third stage, the results from this smoothing of the residuals are used as

priors in a Gaussian process regression (GPR). The GPR produces national and provincial

child mortality estimates with 95% uncertainty intervals. However it does not produce

estimates at the South Africa district level.
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2.2.2.2 Estimating adult mortality in the GBD

As with the child mortality estimation, the GBD uses the same census, survey and VR data

as used for the NBD but with a different strategy for correcting bias. As mentioned in the

DDM review, optimal versions of DDMs are used to assess the completeness of VR [20].

A summary estimate of completeness is estimated using the median of the SEG with a

55-80 age-trim, the GGB with a 40-70 age-trim and the GGB+SEG with a 50-70 age-trim.

Synthesis of the completeness estimates is a two stage process. The first stage predicts

completeness based on the following mixed effects model:

log10

(
cadulti,s,t

)
= α+β1log10

(
cchildi,s,t

)
+γSR1 +γSR2 log10

(
cchildi,s,t

)
+γR1 +γR2 log10

(
cchildi,s,t

)
+ηi,s+εi,s,t

where for country i, source s, at time t, log10

(
cadulti,s,t

)
is completeness of adult deaths

registration, log10

(
cchildi,s,t

)
is completeness of child deaths registration, γ are random effects

at the region R and super-region SR level, ηi,s is a random effect at the country and child

completeness source level, and εi,s,t is an error term.

Second stage predictions are derived by calculating and then smoothing residuals before

being added them back onto the first stage predictions. The variance in the distribution of

completeness is estimated using the mean absolute deviation (MAD) of the completeness

from stage 2 relative to stage 1. For South Africa, the completeness estimates are then

applied to adjust the VR.

Once VR data are corrected, they are used to derive time-series of sex specific mortality

rates for the broad 15 to 60 age-group (45m15). Final estimates of 45q15 are derived from

the mortality estimates through a four stage process similar to that for children. In the

first stage, mortality rates are modelled using a sex-specific non-linear mixed effects model

with fixed effects for the log of lag distributed income (LDI), mean years of education in
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age group 15 to 59 (Edu), crude death rate due to HIV/AIDS in age group 15 to 59 (HIV )1

and a country level random effect(γ):

45m15 = exp(β1 + β2Edu + β3ln(LDI) +γ) + β4HIV + ε

In the second stage, residuals are calculated and then added back to the first stage pre-

dictions and the resultant estimates converted to probabilities. In the third stage, GPR is

used to synthesize the probabilities providing estimates of underlying mortality. In the

fourth stage, mortality shocks are added to produce a final time-series of 45m15 estimates.

2.2.2.3 Empirical model life table system

The GBD also uses a database of over 16,000 empirical life tables for a model life table

system that can be used to map the base probabilities 5q0 and 45q15 to age-specific estimates.

Over 95% of these life tables are obtained from either the Human Mortality Database [41]

or from VR data that have been evaluated and corrected using optimal death distribution

methods [20, 42]. The observed base probabilities are related to the standard and used to

estimate age-specific zero-AIDS mortality rates according to the equation:

nQ
c
x =n Q

s
x + β1

x (5Q
c
0 −5Q

s
0) + β2

x (45Q
c
15 −45Q

s
15) + εx

where nQ
i
x = logit(nqx) for the standard i = s or the zero-AIDS counter-factual i = c.

The standard is calculated by first taking the empirical life tables with base probability

values closest to the counter-factual based on the Mahalanobis distance. Next, these

are summarized to a weighted average using empirical weights. After these counter-

factual nQx have been derived, age-specific excess mortality due to HIV is added to the

corresponding the death rate in the age interval x to x + n, denoted nMx, depending on

whether or not the type of HIV epidemic is concentrated or generalized.

1HIV/AIDS estimates generated using versions of EPP and Spectrum developed for the GBD [40]
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HIV/AIDS excess mortality is estimated relative to the 40− 44 age-group, denoted nM
HIV
x ,

and modelled in a Seemingly Unrelated Regression (SUR) to derive constants αx and

residuals εx. These are sampled from the variance and covariance matrix to get the mean

and 95% uncertainty intervals of estimated relative risks by sex, age and types of epidemic.

Once HIV mortality is added onto the counter-factual, a time-series of all-cause mortality

estimates is generated. For South Africa, these estimates are by province, age, sex and year.

2.3 District all-cause mortality estimation

In this section, the methods used to estimate district-level all-cause mortality numbers,

rates and demographic measures by sex, age and year are described. Figure 2.1 is a map

South Africa’s districts, colour-coded by province, to use as a visual geographic reference.

Figure 2.1: Map of South Africa’s 52 health districts and 9 provinces



35

2.3.1 Methods

Assuming grouping by sex, the true complete deaths are by age i = {0,1, . . . ,95}, year

t ∈ {1997 . . .2015}, district d ∈ {1 . . .52} in province p ∈ {1 . . .9} and can be represented by

Dd,p,i,t. For each year t, the Dd,p,i have corresponding rate schedules, µd,p,i =
Dd,p,i
Nd,p,i

where

Nd,p,i are the district d, province p numbers in the population aged i, and λd,p,i = log(µd,p,i).

Using a TOPALS (tool for projecting age-specific rates using linear splines) approach

[43, 44, 45], to reduce the influence of erratic age patterns on our estimation, we consider a

smoothed age pattern λ̂d,p,i which is the sum of a province specific standard log-mortality

λp ∈R96 and district-specific deviations from this standard i.e.

λ̂d,p
96×1

= λp
96×1

+ ( B
96×9
× αd

9×1
)

In this relation, B is a cubic B-spline basis matrix for K = 9 knots at ages i0, . . . , i8 =

(0,1,5,10,15,25,35,55,75) selected at potential turning points in the log-mortality rate.

The αd offsets quantify the deviation of a specific districts mortality pattern from that

given by the standard. The mortality rate schedule for each district d in province p has:

µd,p = exp(λp +Bαd) = exp(λ̂d,p)

resulting in age-specific death numbers:

Dd,p,i ∼ P oisson(Nd,p,i ,µd,p,i)

For Rd,p,i ≤ Dd,p,i , reported deaths are assumed to follow a binomial distribution with

age-specific parameters given by Dd,p,i and πd,p,i where πd,p,i represents the completeness

of death reporting for age i,

Rd,p,i ∼ Binom(Dd,p,i ,πd,p,i)
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Schmertmann and Gonzaga [45] show that since the joint distribution P (R,D) for each com-

bination of d,p and i is the product of these two distributions, integrating out the marginal

distribution of the unreported deaths D −R, enables us to determine the distribution of

the reported deaths R which is also Poisson,

Rd,p,i ∼ P oisson(Nd,p,iµd,p,iπd,p,i)

This result can be generalised to accommodate the R ≥ D scenarios which arise due to a

non-correspondence between reported place of death in VR and reported normal place

of residence in census, as well as uncertainty in the number of people in the population

when census are used for DDMs. For R ≥D, we define

Ud,p,i = Rd,p,i −Dd,p,i ∼ P oisson(δd,p,i)

where δd,p,i is an unknown mean parameter for the difference between reported and true

deaths. Defining π = Nµ+δ
Nµ gives us a similarly defined distribution as in the R ≤D scenario

i.e. R ∼ P oisson(Nµπ) for π > 0 such that π is not restricted to 0 ≤ π ≤ 1. Within the

Bayesian framework, we can use what prior beliefs we may have about αd and πd,p,i to

determine a posterior distribution for these parameters using this likelihood. For district d

and year t, weakly informative priors are assumed for the offsets, with constraints assumed

for them at adjacent knots and adjacent years i.e.

αd,t ∼N (0,4)

αd,t[2 : K]−αd,t[1 : (K − 1)] ∼N (0,
1
√

2
)

αd,t −αd,t−1 ∼N (0,
1
√

2
)

used to borrow information across age-groups and over time based on the assumption that

αd values close to each other in distance are close to each other in magnitude.
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Province and district coverage for the age-groups 0 and 1-4 are estimable using the ratio

of the deaths in these age-groups according to vital registration versus the numbers of

deaths in the same age-groups according to the high resolution study by Golding et al.

[46]. Golding et al. [46] used the updated Brass-type techniques introduced by the GBD

within a Bayesian geostatistical analytical framework to generate high-resolution estimates

of under-5 and neonatal all-cause mortality across 46 countries in Africa, including the

provinces and districts of South Africa, for the period 2000 to 2015. For the completeness

of reporting of the deaths in the adult age-groups 15 and older, estimates of coverage are

determined by comparing the age-sex-year-province specific VR numbers to the draws

from GBD2017.

To determine district specific completeness of reporting, we assume five distinct age-

groups j ∈ 0,1,2,3,4 for which district coverage is to be estimated, mapping our i indexing

to j we now have πd,p,j where:

j =



0 if i = 0

1 if i ∈ {1 . . .4}

2 if i ∈ {5 . . .14}

3 if i ∈ {15 . . .74}

4 if i ∈ {75+}

As described above, πd,p,0 and πd,p,1 which represent the vital registration coverage esti-

mates for the two youngest age-groups for district d in province p, can be estimated using

the ratios of child mortality levels according to the VR and child mortality levels according

to the local burden of disease (LBD) study by Golding et al. [46]:

πd,p,0 =
1q
VR
0,d,p

1q
LBD
0,d,p
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For all children under-5 we have:

πd,p,U5 =
5q
VR
0,d,p

5q
LBD
0,d,p

We can solve for completeness of reporting for children aged 1–4 using:

Rd,p,U5

πd,p,U5
=
Rd,p,1
πd,p,1

+
Rd,p,0
πd,p,0

The district coverage estimates for those aged 15 and older, represented by πd,p,3, are

estimated using the corresponding provincial completeness πp,3 and the ratio of district to

province for the child-mortality completeness estimates. The key assumption in determin-

ing adult completeness is that the ratio of district to province completeness for the adults

follows a distribution related to the child completeness ratio. This ratio, represented by

γd,p, is calculated:

γd,p =
πd,p,U5

πp,U5

The γd,p are estimated for all district-province-year combinations and the standard de-

viation calculated τγ across the estimated values. According to these assumptions, for

age-groups j ∈ (0,1) prior distributions for child completeness are based on the LBD study

estimates and sampled as Gaussian i.e.

π̂d,p,j,t ∼N (πd,p,j,t,σπj,t )

where σπj,t are the age-specific and year-specific standard deviations of the completeness

estimates determined empirically using the age j distribution of completeness across all

years and districts. For j ∈ (3,4):
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π̂d,p,j,t ∼N (γ̂d,p,tπp,j,t,σπj,t ) where γ̂d,p,t ∼N (γd,p,t, τγ )

Finally, for the age group 5− 14, estimated completeness π̂d,p,2 is assumed to be approx-

imated by the average of the coverage in the two adjacent age-groups i.e. π̂d,p,1 and

π̂d,p,3. Its is also assumed that on average, male and female completeness will similar with

differences that can be modelled as Gaussian i.e.

πMALEd,p,j −π
FEM
d,p,j ∼N (0,1)

Sampling over all the prior possibilities using an MCMC approach allows us to sample

the most likely estimates of αd and πd,p that fit the observed death data conditional on the

age-specific population numbers. This allows us to obtain posterior distributions for them

to use in estimating true deaths.

To minimize the effect of the absence of identifiability inherent in this approach, certain

constraints are imposed on the sampling. True national and provincial deaths are assumed

known appriori from GBD2017 and can be represented using DT and Dp, respectively. The

values for α for the national and provincial predictions are chosen under the constraints:

DT =NT e
λ̂T and Dp =Npe

λ̂p

The true district deaths are constrained to sum to predicted true province i.e.

Npe
λ̂p =

∑
d

Nd,pe
λ̂d,p

Constraints are implemented by assuming N (0,1) priors on the differences between the

known true national and provincial deaths and estimated national and provincial deaths,

respectively, as well as estimated district sum to province deaths.
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Figure 2.2 summarizes the data and assumptions underlying the integrated coverage and

mortality statistical model used in this research.

Input data Assumptions

• Reported deaths Rd,p,t,i

• GBD2017 province deaths Dp,t,i

• Estimate province completeness πp,t,j

• Derive district-specific priors πd,p,t,j
using LBD and VR 5q0 weights.

• Use GBD draws to determine age-,
province- and year-specific estimates
of uncertainty for πd,p,t,j .

TOPALS relational model

µd,p,t = exp(λp,t +Bαd,p,t)

αd,p,t,k ∼N (0,4)

αd,p,t,k −αd,p,t,k−1 ∼N (0,
1
√

2
)

αd,p,t,k −αd,p,t−1,k ∼N (0,
1
√

2
)

Unknown true deaths
Dd,p,t ∼ P oisson(Nd,p,tµd,p,t)

Constraints on estimates:(
DT −NT eλ̂T

)
∼N (0,1)(

Dp −Npeλ̂p
)
∼N (0,1)(

Npe
λ̂p −

∑
d

Nd,pe
λ̂d,p

)
∼N (0,1)

πMALEd,p,t −π
FEM
d,p,t ∼N (0,1)

Registered deaths
Rd,p,t ∼ P oisson(Nd,p,tµd,p,tπd,p,t)

Figure 2.2: Integrated coverage and mortality model
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2.3.2 Results

In this section, the results generated by the regression model described above are sum-

marised. More detailed results are available in the accompanying appendix.

2.3.2.1 Estimated deaths

Over the 1997–2015 period, a total of 11.9 million deaths are estimated for South Africa

(11.4–12.4) with 421 thousand of them estimated for 1997 (409–435), peaking at 747

thousand in 2006 (711–787) and falling to 522 thousand deaths in 2015 (504–544). The

estimates are evenly split between males and females with 5.9 million deaths attributed to

males (5.6–6.1 or 48.5%–50.3%). KwaZulu Natal province accounts for the largest number

with an estimated 2.82 million total deaths (2.53–3.19), starting from a minimum of 98

thousand in 1997 (90–109), peaking at 185 thousand in 2006 (164–210) and falling to 102

thousand deaths in 2015 (93–116).

The numbers of deaths estimated for each health district vary widely depending on the

population and geographic sizes of the district, if it is metropolitan and the province

in which the district lies. The highest number of deaths are attributed to eThekwini

Metropolitan district in KwaZulu Natal experiencing 884.7 thousand deaths between 1997

and 2015 (778.2–1016.8), approximately 7% of all of the deaths in the country. Unsurpris-

ingly, the highest numbers of deaths are estimated for the most populous districts which

are all metropolitan. From Gauteng are Johannesburg (673–849 thousand), Ekurhuleni

(525–672 thousand) and the City of Tshwane (475–588 thousand) and from the Western

Cape is the City of Cape Town (535–566 thousand). These metros are the leading districts

in terms of total deaths and together account for approximately 30% of all of the deaths

estimated for the country between 1997 and 2015. The five districts with the fewest deaths

over the same period are found in the Northern Cape (Pixley ka Seme 49.0–52.6, John

Taolo Gaetsewe 43.2–46.6, Namakwa 27.8–29.6) and also in the Western Cape (Overberg

37.5–39.9, Central Karoo 15.0–16.2) - for deaths in thousands.
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Mortality rates allow for a more nuanced comparison than the numbers of deaths alone as

they also consider the number of people exposed to mortality risks. Within each district

we consider the general sex- and age-specific mortality rate trends. Figure 2.3 is derived

from the ratios of deaths to population numbers by sex and year, and for select broad

age-groups. It illustrates how often the minimum and maximum mortality rates for each

district occur in each year for the selected sex and age-group.
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Figure 2.3: Occurrences as minimum/maximum year for age-specific mortality rates

We observe that for both males and females in the youngest age-groups, all districts had

their minimum rates falling in the most recent year, 2015. For children aged 5-14 years

as well as the older adults with ages above 50, the majority of districts had the minimum

year also occurring in 2015, albeit there are a significant number in 1997. For ages 15-49,

the minimum year in the majority of the districts is 1997 for females. There is a more

even split for males between 1997 and 2015. This is in contrast to the years in which the

maximum rates occur. Although there are some in the youngest and oldest age groups

with 1997 as the year with most occurrences, the maximum is more widely spread for

the two extreme age-groups as well as the age-groups 5-14 and 50-74. The maximum is
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concentrated between years 2003 and 2005 for ages 1-4 and more emphatically so between

years 2005 and 2006 for the age 15-49.

The time-series of each district-, sex- and age-specific mortality rate is shown in the

appendix. From the age-specific rates, it is clear that apart from the very oldest age-groups,

in general mortality peaked in the mid-2000s and has been falling since to minimums

in 2015. Beyond this we would like to assess how the rates compare across the country

as well as over time. There are sex-specific, spatial and temporal differences in the age

compositions of the districts which can be accounted for in comparisons by estimating age

standardized death rates (ASDR) [47]. Figure 2.4 shows the estimated ASDR by district

(grouped by province), comparing females to males and for selected years: 1997 the

beginning of the time-series, 2006 the peak of total deaths and 2015, the end of the series.

Firstly, we note that for almost all districts and years, the ASDR for males are higher than

those for females. There are wide variations across the districts with the City of Cape

Town, Overberg and Eden in the Western Cape and Waterberg district in Limpopo having

the lowest ASDR in 1997. The highest ASDR for many of the districts are in 2006 where

for some districts in the Eastern Cape, Free State, KwaZulu Natal and Mpumalanga, ASDR

are double the 1997 levels with larger increases for females than males. There are also

large increases for districts in the Northern Cape, North West and Gauteng between 1997

and 2006 but not as pronounced. The districts in the Western Cape and Limpopo province

exhibit the smallest changes over the period. By 2015, many districts have reached or gone

lower than their 1997 ASDR levels, although the reduction is larger in females than males.

In 2015, the City of Cape Town remains the district with the lowest ASDR. It is important

to note the significant mortality reductions in the previously extremely high mortality

districts, particularly in Mpumalanga and KwaZulu Natal.
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2.3.2.2 Summary demographic measures

As with ASDR, there are several demographic measures that can be calculated to summa-

rize the mortality information contained in the results. Figures 2.5 to 2.8 are plots of the

estimated life-expectancy at birth (e0) and selected probabilities of death between ages x

and x+n, represented by nqx. Probabilities are derived for infants (1q0), children (5q0) and

adults (45q15) using abridged life tables, and calculated by draw, district, sex and year.

In 1997, female and male life-expectancy at birth had respective mean values of 64.9

years (63.3–66.3) and 57.3 years (55.7–58.8). On average, these initially fell by 1.27 years

per year for females and 0.68 years per year for males to reach minimums in 2006 of

53.5 and 51.2, for females and males respectively (51–55.8 and 49.1–53.2). Since 2006,

life-expectancy has been steadily increasing by an average of 1.43 per year for females and

1.13 for males to reach 2015 levels of 66.4 years (64.3–68.2) for females and 61.4 years for

males (59.7–63.2).

In general, estimated life-expectancy has remained highest in the Western Cape and

Limpopo provinces, although other provinces are reaching comparable life-expectancy

levels in the most recent years. As with ASDR, Eastern Cape, Free State, KwaZulu Natal

and Mpumalanga have the largest falls in life-expectancy between 1997 and 2006, but

the same provinces also have the largest gains thereafter. For each sex, the districts

with the highest and lowest life expectancies at birth are found and the years in which

these levels are reached are noted to compare across districts. Between 1997 and 2015,

UMgungundlovu district in KwaZulu Natal has the lowest estimated life-expectancy at

birth for females at 43.3 years in 2004 (38.3–48.1). For males, Ugu district in KwaZulu

Natal has the lowest life-expectancy of 41.2 in 2006 (37.4–44.7). Among females, City of

Cape Town district in Western Cape has the highest life-expectancy of 72.8 in 2015 (70.4–

74.7) and for males, Overberg district in Western Cape has the highest life-expectancy of

67.2 in 2015 (65–69.3).
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Figure 2.6 illustrates the trends in the mean child mortality rates (1q0) for each district,

grouped by province. Within each group, the province mean trend is shown using grey

circles and the national trend is shown using black dashed lines, for both sexes combined.
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Figure 2.6: Infant mortality (1q0) by district and year, both sexes
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Similarly, Figure 2.7 illustrates the trends in the mean child mortality rates (5q0) for each

district within each province with province and national shown as in Figure 2.6.
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Figure 2.7: Child mortality (5q0) by district and year, both sexes
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The 5q0 and 1q0 probabilities, shown for both sexes, are highly correlated and tell similar

stories. In 1997, they have mean values of 67 and 49.8, respectively (60.6–74.2 and 45–

55.3), reaching 75.5 and 54.7 maximum values in 2003 (67.5–84.8 and 49.1–61.6) and then

falling to 35.2 and 26.9 (UI 31–39.9 and 23.7–30.6) by 2015. Districts in the Western Cape

and Limpopo provinces have the lowest averages, significantly lower than national. There

is wide variation in districts in Northern Cape, Gauteng and Mpumalanga where some

districts lie above and others below national. There is also large within province variation

across districts in Free State, Eastern Cape, North West and KwaZulu Natal for which

districts and provincial averages are much higher than the national as well. Lejweleputswa

district in the Free State province has the highest 1q0 across the period reaching a highest

value of 99.1 in 2005 (85.3–119.5). Running on an almost parallel trajectory, it also has the

highest 5q0 at 129.4 in 2005 (111.4–156.8). West Coast district in the Western Cape has the

lowest 1q0 of 14.8 in 2015 (11–19.9). It also has the lowest 5q0 at 18.8 in 2015 (14.1–25).

Figure 2.8 provides a summary of the levels and trends in adult mortality (45q15) by sex

and district for select years 1997, 2006 and 2015. There are large differences between

female and male 45q15 with the latter being significantly higher. In 1997, female and male

45q15 had mean values of 26.2 and 41.3, respectively (24.1–28.6 and 38.8–43.9), reaching

maximums in 2006 of 52.4 and 57.3, for females and males respectively (48.2–57.2 and

53.6–61.4). Since 2006, 45q15 has been steadily decreasing by an average of 2.52 per

year for females and 2.15 for males to reach 2015 levels of 29.8 and 38 for females and

males, respectively (26.6–33.4) and 34.9–41.3). As with ASDR and life-expectancy at birth,

Eastern Cape, Free State, KwaZulu Natal and Mpumalanga have the largest changes in

45q15. Between 1997 and 2015, Waterberg district in Limpopo has the lowest estimated

45q15 for females at 17.9 in 1997 (15.1–21.5). For males, Overberg district in Western Cape

has the lowest 45q15 of 27.5 in 2015 (24.2–31.4). Among females, Ugu district in KwaZulu

Natal has the highest 45q15 of 72.4 in 2007 (62.8–81.8) and for males, Ugu district also has

the highest 45q15 of 79.1 in 2007 as well (73–86.2).
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2.4 Discussion

The results produced by this research echo those from the GBD and NBD studies. They

show a South Africa mortality story of increasing death-rates between 1997 and the mid-

2000s followed by very significant reversals leading to increases in life-expectancy and

reductions in both child and adult mortality. In Aim 2 the cause-specific components

of the age-specific mortality changes are explored in detail and show that most changes

are attributable to post-1997 increasing HIV/AIDS deaths followed by ART roll-out and

scale-up from 2003. This section has described how provincial all-cause death numbers are

disaggregated to the district level by determining corrected district-, sex-and age-specific

mortality profiles by year. The results are used to investigate which districts have had

the worst mortality outcomes over the study period and which have seen the largest

improvements. Detailed estimates of numbers, rates and summary demographic measures

for each district are generated and these are available in the attached supplementary

appendix. Having these results can contribute to the information at hand for the district

for evaluating the success of their health systems at meeting the needs of the populations

they serve when considering the levels and trends of age-specific mortality. In addition,

the difference between the predicted and reported deaths gives a measure of the quality of

death reporting as quantified by the level of completeness of reporting.

The Bayesian framework applied in this research innovatively adjusts the observed VR

to not only give estimates of true district mortality, but measures of uncertainty as well.

Results from the Local Burden of Disease and Global Burden of Disease studies are used to

supplement the incomplete information that is derived using the VR. The model produces

plausible age-specific estimates for each district that are based on assumptions about how

the various available data sources are connected and how that connection can be extended

to the district. Constraining the aggregates of the age-specific district numbers to the

corresponding numbers for the provinces they lie within enhances the reliability of the

estimates and the confidence we can have in them.
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The proposed approach improves on using the raw district VR numbers proportionally

which would introduce potential bias as this assumes uniform levels of under-reporting

across the districts within a province. Although there are similarities in districts for many

provinces, there are also a number of differences related to age-patterns, wealth, racial

compositions and education which are expected to be factors impacting mortality risk and

contributing to district mortality differentials. It also improves on applying the province

completeness factors to the districts within it as this also potentially introduces error in

its pushing or pulling estimates closer to the provincial mean. Ultimately, this method

is designed to supplement the level of specification in the input data to give results that

more correctly quantify the variation across the districts.

However, this study and the statistical model applied in it do have a number of limitations.

Firstly, there is no gold-standard data source of true district numbers that can be used

to determine the accuracy of the final results. Model validation or improvement in this

case uses the observed mortality as a reference and the provincial mortality as a guide,

under the assumption that the true district mortality must be related to both. Having a

gold standard would also provide data that can be used to apply some post-estimation

adjustments according to differences between the model and the gold-standard.

Secondly, as with any modelling exercise, the strength of the results is determined by the

quality of the input data. There is uncertainty around the provincial estimates themselves

and as stated previously, death distribution methods can be inaccurate depending on the

level of migration and differential completeness of censuses. The provincial uncertainty is

propagated to the districts which increases it for the district. Child completeness priors are

obtained from the Local Burden of Disease study which uses an ensemble of child mortality

estimation approaches but does not incorporate reported VR. Furthermore, together with

estimates of death numbers, the death-rate incorporates the population numbers. In this

study these have marginals taken from the census, interpolated using logistic age-specific

growth rates for non-census years and scaled to sum to the province population numbers
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by draw from the GBD. This gives smooth estimates of the population that may be more

well behaved than actual numbers considering migration and other random or systematic

factors and that may be affecting the age-patterns of the population numbers as well as

the deaths for certain districts.

Thirdly is the regression model itself. There are a great many assumptions for priors that

are considered in the model. Without direct estimates of district specific completeness

of the type that the province obtains from DDMs, the model takes the district child

completeness as a proxy for quality and uses it to determine a scaling factor on the

provincial. This is less problematic where provincial completeness is close to 100% as in

most of the years for the Western Cape, but it is more-so for provinces like Mpumalanga,

Gauteng and the Northern Cape, which exhibit wide district variations in mortality

experience. The standard mortality pattern is taken from province but the provincial

boundary may play a weak role in determining mortality risks. The approach accounts for

changes over time but assumes random fluctuations by age to be noise. This smoothing is

problematic in the case of age-specific mortality shocks that are potentially lost.

Despite the limitations, the structure and data used for the model make for plausible and

informative results that can be used to evaluate the health districts and historical trends.

There are some patterns of mortality burden that go beyond the main analytical boundaries

of district within province that emerge e.g. Figure 2.9 is a map of age standardized death

rates for both sexes in 2006, the year with the highest estimated total deaths as well as

the peak year for a number of the age-specific death-rates by sex and across all districts.

It illustrates how the heaviest mortality burden follows a district-belt on the borders of

Lesotho, with Xhariep, Mangaung, Lejweleputswa and Thabo Mafutsanyane in the Free

State province, and extending to Amajuba, Umzinyathi, Uthukela, UMgungundlovu and

Ugu in KwaZulu Natal province. Similarly, Namakwa which is of the Northern Cape has

consistently lower levels of mortality than other districts in the province and is more akin

to those in the Western Cape, which it borders.
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Figure 2.9: South Africa age standardized death rates map for both sexes, 2006

This would suggest that the approach used could be improved upon by using a model

incorporating the geographic clustering beyond the province administrative boundaries

along the lines of borrowing information based on geographic proximity. The question

would be on how best to obtain priors that are informative and based on established data

links in the same way that the current approach uses the links between the provinces, for

which we have data, and the districts that lie within them.
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Chapter 3

SOUTH AFRICA CAUSE-SPECIFIC MORTALITY BY DISTRICT
(1997–2015)

3.1 Introduction

Most of what is known about the spatial distribution of South Africa’s cause-specific

mortality is through the NBD and GBD projects. However, neither of these studies

provide district-specific cause-of-death information and this research aims to fill this

gap. The following sections outline historical cause-of-death patterns for the country

and the methods used to derive them; summarise the shortcomings of current reported

cause-of-death data and how they are adjusted for in the NBD and GBD; and finally give a

detailed description of the cause-of-death estimation approach used for this research.

3.2 Review of national and provincial cause-of-death estimation

3.2.1 The journey to a “quadruple burden of disease”

Quantifying the number of South African deaths attributable to specific causes has been an

active research area for decades. As early as 1940, there was a study looking at tuberculosis

[1] and in the 1950s and 1960s a number of studies investigated cancers and cardiovascular

diseases [2, 3, 4, 5]. A defining characteristic of early empirical studies is how they focused

on the mortality of white South Africans to the exclusion of other races. Registration of

deaths for non-whites was not prioritized and coverage was consequently very low. The

national statistics office only began to make efforts to register deaths of all races in 1978

and of the estimated 50% of black South African deaths registered in the subsequent

period, infectious and parasitic diseases were found to be leading causes [6].
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The 1978 to 1994 period was one of technological advancement as well as extreme socio-

political upheaval, culminating in the end of the apartheid era and South Africa’s first

democratic election in 1994. Infectious diseases began to decline in select segments of

South African society whereas deaths due to trauma and violence increased [7]. Despite

the injury increases, some parts of South Africa were following along the global path of

epidemiological transition i.e. modernization, socio-economic progress, and mortality

decline due to changing epidemiological conditions, primarily the decline in infectious

disease [8]. Unfortunately, the post-1994 health potential was not realized for all as some

poorer areas did not benefit from these advancements and their inhabitants were still

experiencing high mortality levels attributable to infectious disease.

To exacerbate this, the advent of the HIV epidemic initiated significant increases in

mortality in a very short period [9]. The public health response to the epidemic was not

adequate and this was influenced by the relatively low numbers of deaths attributed to

HIV/AIDS in the vital registration. Due to the stigma that was associated with HIV and

AIDS, details completed on death certificates tended to focus on opportunistic infections

or the mechanism of death rather than providing AIDS as the actual underlying cause-of-

death [10]. In the two decades since 1994, the numbers of HIV/AIDS deaths have increased

dramatically. This has not been observable directly from vital statistics. Rather it has been

implied by the increase in the death numbers of unknown cause and of causes typically

co-infecting AIDS patients [11, 12]. Increases in HIV incidence and prevalence as observed

in antenatal clinics and prevalence studies has also been clear evidence of the scope of the

epidemic [13, 14, 15]. The UNAIDS-Spectrum [16] and ASSA [17] models have used the

prevalence estimates with assumptions on fertility, survival and transmission, to derive

estimates of HIV/AIDS mortality.

Despite the relatively high levels of mortality due to infectious diseases and HIV/AIDS,

there have been some specific health improvements. Medical advancements and invest-

ment into maternal and child health have seen reduced child mortality [18]. Now a greater
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number of the population are surviving into middle and older ages and face the risk

of dying from non-communicable diseases if management of such conditions does not

improve [19].

Although the government has made significant strides at reducing wealth inequity, previ-

ous educational and economic marginalization has left large proportions of the populous

unskilled and unemployable. Many have turned to gangs and criminal behaviour which

tend to be violent in nature and lead to numerous deaths [20]. Added to this is a scourge

of alcohol abuse which has contributed to the violence and has also led high numbers of

transport related fatalities [21]. All of these different societal, demographic and epidemi-

ological components contribute to the quadruple burden characterizing South Africa’s

mortality landscape; HIV/AIDS, persistent infectious diseases, violence and transport

related injuries, as well as increasing non-communicable diseases.

The challenge for the health district is obtaining accurate estimates of cause-specific

burden from the national VR system. VR data is regarded as the most timely and accurate

source of COD information [22, 23]. However, due to under-reporting and the large

proportions of reported deaths that are not well specified, South African VR has been

regarded as being of poor quality [24, 25]. Deaths reported in VR are grouped according

to ICD-10 codes. An ideal situation would have complete coverage and accurate reporting

of the underlying COD. These deaths could then be aggregated into a mutually exclusive,

collectively exhaustive cause list quite directly [26].

VR data for South Africa are not in this ideal state. The issue of overall completeness

being below 100% has already been discussed and the problem of inaccurate COD has

been mentioned in the context of HIV; however, it extends to other causes. Some deaths

are coded to causes termed “garbage codes”, constituting of intermediate, immediate, or

otherwise inapplicable cause-of-death [27]. Districts report varying numbers of deaths that

are coded to the ICD code R99 which denotes ill-defined or unknown cause, a grouping
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entirely uninformative for public policy [28]. Other deaths are coded to causes that are

imprecise but that provide some information on the correct applicable cause family e.g.

malignant neoplasms or cancers, but with no specification provided for site or type.

The 2nd National Burden of Disease study (NBD) [29] and the Global Burden of Disease

study (GBD2017) [30] used contrasting methods to account for the errors in VR and

determine COD estimates for South Africa. The NBD also provides the data reported in

the district health barometer (DHB) [31]. The DHB reports unadjusted causes-of-death that

have been cleaned and grouped according to the NBD’s COD list, without any adjustments

for misclassified HIV and under-reporting. I review the COD estimation methods of the

NBD and GBD studies in more detail.

3.2.2 The National Burden of Disease Study

Following adjusting the all-cause numbers for under-reporting in the NBD, the three main

components of deriving age and sex specific cause of death profiles for South Africa and

its provinces are estimating the numbers of HIV/AIDS deaths, determining the numbers

of injuries by cause and then redistributing ill-defined and garbage codes to remain with

a mutually exclusive and exhaustive list of 139 causes. The HIV/AIDS approach was

according to the following rationale:

(a) AIDS deaths were being systematically misallocated to target causes and the increase

in mortality in these causes before ART roll out in 2003 was strongly associated

with the increase in lagged antenatal prevalence [32]. By taking advantage of this

association and regressing target cause mortality against prevalence, the estimated

model intercept could be taken as the zero-HIV mortality level;

(b) The target cause mortality pattern over time for the oldest age groups least affected

by HIV/AIDS, provided a valid counter-factual for what would have happened in

the cause-specific trends of the younger age-groups if they had not experienced HIV.
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Projecting the zero-HIV level according to the derived counter-factual provided cause-

specific zero-HIV trends for the target causes and the difference between these and the

observed was attributed to misallocated HIV/AIDS. This approach is similar to that by

Birnbaum et al. [12] but using in country older age mortality data to derive the non-AIDS

trends for the target causes rather than global trends and within age groups.

For injuries, empirical data from the 2009 Injury Mortality Survey (IMS) [33] and the

2001 National Injury Mortality Surveillance System (NIMSS) [34] were used to determine

cause fractions. The IMS used post-mortem injury data and any additional information

available from accompanying police reports and hospital records for the year 2009. In

the IMS, mortuaries were taken as primary sampling units for a multi-stage stratified

cluster sample design stratified by metro and non-metro area and mortuary size. This

was done for all provinces except for the Western Cape for which records were obtained

from the Provincial Injury Mortality Surveillance System [35]. The IMS assessed whether

a death was from natural, external or undetermined cause and recorded the date of death,

circumstances of death and the apparent manner of death (homicide, suicide, transport-

related, or other unintentional or undetermined intent). The study was designed to be

nationally representative and captured 99% of its intended sample [33].

NIMSS annually collected cause of death information for deaths due to external causes with

different years having differing levels of funding and correspondingly different sample

sizes and representativity. The specific report used by the NBD was for the year 2001

and had data obtained from 15 forensic pathology service (FPS) laboratories covering

five provinces. The primary cause of death was classified according to the International

Classification of Disease version-9 (ICD-9) [36].

The IMS and NIMSS studies were used to estimate trends in the external cause profiles

according to five broad injury categories (homicide with a firearm, homicide without

a firearm, suicide’, transport’, and other unintentional). A multinomial logistic regres-
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sion model was applied to the 2009 Injury Mortality Survey data by age, sex, province,

and population group, to smooth out sampling fluctuations in the cause fractions. The

predicted ”other intentional” was further broken down into single causes based on the

observed injury proportions from the surveys. Once 2009 and 2001 injury proportions

were estimated, a linear interpolation on these proportions was used to generate estimates

by year. Finally the estimates were normalized to provide injury cause fractions summing

up to 1 for each age-sex-year combination.

The NBD built upon algorithms applied in GBD2010 [37] to deal with causes that were

not well specified. Garbage and ill-defined causes were proportionally distributed by age,

sex, race and province. This was done in sequence, starting with the ill-defined conditions

for which there was some information and ending with the very vague conditions with

no information at all [38]. For instance, ill-defined cancers were proportionally redis-

tributed to fully-defined cancers exclusively, whereas ill-defined natural deaths without

any additional information were proportionally redistributed to all natural deaths. In

the NBD the sequence of steps to determining COD profiles had the numbers of HIV

and cause-specific injuries estimated first, followed by the proportional redistribution of

garbage and ill-defined natural causes.

The NBD approach is predominantly empirical with VR patterns guiding correction factors.

An alternative would be to adjust VR based on statistical models. There is a long history

of generating COD estimates in this way. Preston’s work in 1976 [39] used a regression-

based approach to assess trends in mortality and causes of death taking into account

misclassification of deaths. Hakulinen et al. [40] continued on from this work deriving

age-sex-specific regression equations for major causes of death through 1980 for different

regions of the world. More recently, the GBD2017 applied a statistical framework.
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3.2.3 The Global Burden of Disease Study

The first Global Burden of Disease (GBD) Study generated comprehensive estimates of

cause-specific mortality and morbidity by age, sex and region for eight regions of the world

in 1990 [27, 41]. Subsequent iterations of the GBD [30, 37, 42, 43] have sought to improve

the estimation process and accuracy with an approach that comprises of identification of

data sources, application of demographic and statistical methods to adjust the empirical

data for biases, and data synthesis through statistical methods.

The underlying algorithm for allocating garbage codes to target causes combines using

statistical models, expert judgement and predefined proportions, as suggested by Naghavi

et al. [26]. Before GBD2013, GBD calculated these predefined fractions solely based on

the observed proportions of the underlying target causes [37]. However, from GBD2013

onwards, some of these proportions are estimated using a regression model based on

research by Ahern et al. [44]. For specific COD families i.e. cancer sites, external causes

of injury, stroke, heart failure, hypertension and atherosclerosis; the association between

proportions attributed to well specified target groups and proportions of ill-defined or

garbage codes are estimated using the following regression model for each family:

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

where subscripts are for country c, countries categorized into regions r and year t, TG

and Gar are the percentages of deaths of a specific COD family allocated to particular

target groups and garbage codes, respectively, and β1 is a slope coefficient describing

the association between Garcrt and TGcrt. β2 measures the associations between the Age

and Gar interaction and TG whereas γ and θ are random intercept and random slope,

respectively. ε is a Gaussian error term derived through bootstrap. Unlike proportional

redistribution, this approach effectively smooths out extreme allocations that are based on

bias because of small numbers of deaths or large garbage proportions.
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Notwithstanding the application of this model, for some targets proportional redistribution

is applied as a cap on proposed reallocations and for a few, further adjustments are

made on a case-by-case basis per country, age, sex, and target group based on existing

epidemiological evidence and expert judgement.

In addition to the garbage code corrections, the GBD also performs VR corrections for

specific causes where the country- and cause-specific mortality trends do not match

what is expected based on either what is known about the prevalence of the cause in the

country or based on the observed global mortality trends attributable to that cause. In the

particular case of HIV/AIDS mortality, for many country-years, causes of death known to

be co-morbid with HIV/AIDS (e.g., tuberculosis, other infectious diseases) exhibit HIV

patterns indicating misallocation of AIDS deaths to these causes. In the GBD, correction

factors for these causes are determined by first obtaining cause- and age-specific relative

mortality ratios in countries with low HIV prevalence. Once derived, these factors are used

to estimate cause-specific expected death numbers, assuming similar ratios in the high

prevalence setting, such that any excess between observed and expected is reallocated to

HIV/AIDS. For South Africa, HIV death numbers are derived using a version of Spectrum

that was coded in python specifically for the GBD and that aligns assumptions used to

determine HIV incidence in the EPP module with assumptions about all-cause mortality

and population numbers, for each GBD modelling draw [45].

With garbage codes redistributed and HIV deaths correctly estimated, causes of death are

determined within the Cause of Death Ensemble modelling (CODEm) framework [46].

CODEm uses mortality data from numerous countries and several source types to build

prediction models linking cause-specific estimates to covariate combinations. Five core

principles guide the CODEm approach:

1. identify and use all available data in the modelling process;

2. develop diverse set of plausible models according to established associations;
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3. assess predictive validity of each individual model;

4. create an ensemble of models from the pool of plausible models;

5. select best model and ensemble using out-of-sample predictive validity.

This means that for South Africa, it is not only in-country covariate values being used to

estimate cause-of-death, but in-country supplemented by global and regional effects as

estimated using this comprehensive database.

In addition to CODEm, negative binomial models are also run for rare causes and natural

history models are run for causes that are rarely recorded in vital registration or verbal

autopsy data, albeit occurring in the population. For particular causes such as Alzheimer’s

disease and other dementias, mortality trends have been influenced by changes in certifi-

cation practice. Consequently, adjustment is made for these causes based on prevalence

surveys and estimates of excess mortality from deaths certified in countries with good

quality data and the level of coding to dementia as an underlying cause of death in the most

recent year. These approaches are used to estimate numbers for almost all causes-of-death;

Cancers are approached differently. Cancer mortality-to-incidence (MI) models are derived

using cancer registries and VR data. After all cause-specific estimates have been derived,

the CodCorrect step is taken. CodCorrect involves rescaling age-sex-year-cause-specific

estimates to ensure that their sum is equal to the all-cause value.

In dealing with ill-defined and garbage codes, a key difference in these two studies is

what is assumed to be a valid source for the true cause profile. The NBD approach

essentially assumes the poorly classified are data in which the correct cause is missing

completely at random (MCAR) [47], and that the well specified provide a valid template

to use to impute the true cause. The GBD2017 approach takes the true cause profile to

be associated with key variables such that if one can determine what these variables are

and estimate the effects linking them to the cause profile, one can predict it. If the MCAR

assumption is applicable and the distributions of the well specified and poorly specified
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are indistinguishable, then the strength of the NBD approach is that the external data does

not influence what may be unique country specific cause patterns; something which can

potentially happen with the GBD2017. However, data are rarely MCAR and it is highly

likely that the poorly specified are not specified well because of the cause, which makes

this a missing not at random (MNAR) scenario. The strength of the GBD2017 is thus being

able to model cause independently of the observed missings to produce a substantiated

cause profile based on established associations.

3.3 District cause-of-death estimation

In this section, the methods used to estimate district-level cause-specific mortality numbers

and rates by sex, age and year are described.

3.3.1 Methods

The approach to estimate district cause-specific mortality relies on reported cause-specific

data by district and province, corrected cause-specific mortality by province, and predicted

all-cause mortality by district and province. The ratio of observed to predicted deaths

provides completeness factors by district, age and sex. Completeness of reporting is not

assumed to be constant across all causes. Instead, we assume completeness to depend

on cause-type and race, contrasting three broad grouping combinations i.e. all-races

non-natural, black natural and non-black natural deaths. The levels of completeness

of reporting of non-natural deaths are impacted by South African law which requires a

medico-legal investigation (an inquest) and post-mortem examination to be held for all

non-natural deaths [29]. To estimate province-specific injury completeness, the estimated

number of injury deaths for 2009 according to the IMS study [33] are compared to the

injury deaths reported in VR for that year. Assuming the relative change in injury-

completeness is the same as that for all-cause mortality, we can derive estimates for years

1997-2008 and 2010 to 2015 based on the derived 2009 estimate.
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For natural deaths, the highest levels of under-reporting are assumed to occur in the

rural areas where racial composition of the population is predominantly black [48]. The

apartheid system deprived these communities of the socio-economic development that

urban areas benefited from [49] and the ramifications on the rural areas are evident in the

poor health-outcomes they still experience [50].

The previously disenfranchised rural communities have also had to endure mismanage-

ment and corruption by those in government office [51, 52]. A consequence of such factors

are resource limitations which have meant death registration is not prioritised. In addition,

the legal enforcement of certification requirements that are followed more rigidly in urban

areas, such as a death certificate being a burial order pre-requisite, is more lax in the rural

areas [53].

Province p and cause-type-specific completeness adjustment factors are determined by

finding the solution to the relationship

Sp,totRp,tot = Sp,bnRp,bn + Sp,injRp,inj +Rp,nbn

where Sp,tot is the reciprocal of age-specific completeness for province p that is determined

in Aim 1, Rp,tot are the total age-specific reported deaths, the bn index represents black-

natural, inj represents injuries with Sp,inj derived from the IMS, and nbn represents

non-black natural. With Sd,p,tot estimated in Aim 1, a raking procedure is applied to

determine district-level cause-type and race-specific scaling factors Ŝd,p,bn using:



Ŝ1,p,bnR1,p,bn Ŝ1,p,injR1,p,inj
... . . .

Ŝd,p,bnRd,p,bn Ŝd,p,injRd,p,inj
... . . .

Sp,bnRp,bn Sp,injRp,inj


=



S1,p,totR1,p,tot −R1,p,nbn
...

Sd,p,totRd,p,tot −Rd,p,nbn
...

Sp,totRp,tot −Rp,nbn


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We assume the vector of reported deaths indexed by reported cause k is a function of the

vector of true deaths indexed by true underlying cause c, completeness of reporting and

some latent effects related to province, age, sex and year i.e.

{R1, . . . ,Rk} = f ({D1, . . . ,Dc}|prov,sex,age,year,completeness)

To build a model quantifying the inverse of this process involves a number of steps and

assumptions:

Derive estimates of deaths by reported cause k for a shorter list:

� Reported deaths, having been adjusted for completeness, are aggregated to a short

list of k = 10 mutually exclusive and collectively exhaustive reported cause-of-death

categories that summarize the reported data and can be used as covariates in a

statistical model. These causes are listed in Table 3.1:

Table 3.1: List of reported cause-of-death groupings

1. Infectious and parasitic diseases 6. Cardiovascular
2. HIV/AIDS and TB 7. Other non-communicable
3. Other communicable diseases 8. Injuries
4. Cancers 9. Ill-defined (R99)
5. Diabetes 10. Other garbage

The goal is to determine the function that maps these k = 10 causes to the true causes

and essentially reverses the data generating process that attributed the reported

causes-of-death to them in the first place. Although many more distinct groupings

are possible, these 10 are chosen to maximize the amount of variation in the input

data that is explained by them while minimizing the occurrence of sparse zero-valued

categories in the input data matrices.
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Table 3.2 gives the ICD-10 categories of the VR data used to generate the reported

cause groups for this research. To simplify identifying which exact causes are con-

tained in each of the reported cause-of-death categories and to facilitate comparisons

with other burden-of-disease lists using cause-names, the ICD-10 causes are also

mapped to the single-cause labels used by the NBD [38] in their cleaning of the

Stats-SA data.

Table 3.2: Reported cause-of-death grouping by ICD-10

Reported cause Single-cause labels ICD-10 categories

Cancers Mouth and oropharynx, Nasopharynx cancer and other phar-

ynx cancer, Oesophagus, Stomach, Colo-rectal, Liver, Gallblad-

der and biliary tract, Pancreas, Larynx, Trachea/bronchi/lung,

Melanoma, Other skin cancer, Breast, Cervix, Corpus uteri,

Ovary, Prostate, Testis cancer, Bladder, Kidney, Brain, Thy-

roid, Hodgkin’s lymphoma, Non-Hodgkins lymphoma, Multi-

ple myeloma, Leukaemia, Other malignant neoplasms, Other

neoplasms, Malignant neoplasm without specification of site,

Malignant neoplasm of other and ill-defined sites in the lip,

oral cavity and pharynx, Malignant neoplasm of other and ill-

defined digestive organs, Malignant neoplasm of other and ill-

defined sites in the respiratory system and intrathoracic organs,

Haematemesis and melaena/other diseases of GIT

C00-C16, C18-C25, C32-C34, C43, C44, C50, C53-C56,

C61, C62, C67, C64-C66, C68, C70-C73, C81-C85, C88,

C90-C96, C17, C30, C31, C37, C38, C40, C41, C45, C47-

C49, C51, C52, C57, C58, C60, C63, C69, C74, C75, D00-

D07, D09-D48, C76, C80, C14, C26, C39, K92

Cardiovascular Rheumatic heart disease, Hypertensive heart disease, Is-

chaemic heart disease, Pericarditis, endocarditis and myocardi-

tis, Cardiomyopathy, Cerebrovascular disease, Conduction dis-

orders and other dysrythmias, Aortic aneurism, Peripheral vas-

cular disorders, Other circulatory diseases, Ill defined descrip-

tions of heart disease and unspecified disorders of circulatory

system, Hypertension, Atrioventricular and left bundle-branch

block, Other conduction disorders, Arterial embolism and

thrombosis, Pulmonary oedema, Hemiplegia, Other cardiac ar-

rhythmias, Heart failure, Secondary hypertension, Atheroscle-

rosis

I00, I01, I02, I05-I09, E10-E14, I11, I20-I22, I24, I25, I30,

I31, I33, I38, I40, I42, I60-I64, I67, I69, P52, I47, I48, I71,

I73, I27, I28, I34, I35, I36, I37, I72-I78, I80, I82, I83, I86-

I89, I95, I51, I99, I10, I44, I45, I74, J81, G81, I49, I50, I15,

I70

Diabetes Diabetes mellitus E10-E14

HIV/AIDS and TB Tuberculosis, HIV/AIDS, Pleural effusion, not elsewhere clas-

sified, Other pleural conditions, Extrapulmonary TB, Miliary

TB, HIV Pseudonyms

A15, A16, B90, U51, U52, B20-B24, P35, J90, J94, A17,

A18, A19, P37, B33, B45, B59, C46, D84
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Ill-defined Ill defined natural, Pulmonary embolism, Pneumonitis due to

solids and liquids, Adult respiratory distress syndrome, Pneu-

mothorax, Other inflammatory liver diseases, Osteomyelitis,

Gangrene, not elsewhere classified, Ascites, Disseminated in-

travascular coagulation [defibrination syndrome], Cardiac ar-

rest

E14, E86, E87, F10, F16, F19, F99, G20, G21, G30, G43,

G44, H25, H26, H40, H90, H91, I01, I05, I09, I10, I20-I22,

I25-I28, I30, I42, I46, I50, I70, I78, I80, I82, I88, I89, I95,

I99, J61-J65, J80, K70, M05, M06, M30, M32, N40, O00-

O03, O06, O07, O10-O16, O20, O22-O26, O29, O32-O36,

O40, O41, O43, O46, O47, O60, O62-O64, O67, O71, O72,

O74, O75, O85, O88-O90, O95, P00-P04, P07, P10-P12,

P14, P15, P20, P21, P26, P27, P38, P39, P50, P51, P53-P60,

P71, P72, P74, P76, P80, P81, P83, P90-P96, Q03, Q05,

Q35-Q45, Q86, R00-R99, J69, J93, K75, M86, D65

Infectious and parasitic

diseases

STDs excluding HIV, Diarrhoeal disease, Vaccine preventable

childhood, Malaria, Intestinal parasites, other parasitic and

vector diseases, Meningitis, Hepatitis, Other infectious dis-

eases, Lower respiratory infections, Upper respiratory infec-

tions, Otitis media, Unspecified sexually transmitted disease,

Septicaemia, Pyothorax, Sequelae of other and unspecified in-

fectious and parasitic diseases, Sequelae of inflammatory dis-

eases of central nervous system, Other disorders of brain (en-

caphalitis), Encephalitis

A50-A60, A63, N70-N73, A00-A09, K52, P77, P78, A33-

A37, A80, B01, B05, B06, B26, B91, B50-B54, A82, A95,

B55-B57, B65, B67-B81, A39, A87, G00, G03, B15-B19,

A20-A28, A30-A32, A38, A42-A44, A46, A48, A49, A65-

A71, A74, A75, A77-A79, A81, A88, A89, A92-A94, A96-

A99, B00, B02-B04, B07-B09, B25, B27, B30, B34, B37,-B44,

B46-B49, B58, B60, B64, B66, B75, B83, B92, B99, J09, J10-

J16, J18, J20-J22, P22, P23, P28, J00-J06, H65, H66, A64,

A40, A41, P36, J86, B94, G09, G93, A83-A86, G04

Injuries Road injuries, Rail injury, Poisonings (including herbal), Falls,

Fires, heat and hot substances, Drowning, Other threats to

breathing, Mechanical forces: machinery, Exposure to natu-

ral forces, Adverse effects of medical and surgical treatment,

Animal contact, Other unintentional injuries, Self-inflicted in-

juries, Interpersonal violence with firearm

V01-V04, V06, V09-V35, V38-V51, V53, V54, V56, V58-

V60, V63, V65, V67-V70, V73, V74, V76, V78-V80, V82-

V85, V87, V89, V05, V81, X40-X49, W01-W23, X00-X04,

X06, X08-X19, V90, V92, W65-W70, W73-W81, W83, W84,

W24, W30, W31, X30-39, Y40-Y65, Y69-Y71, Y73, Y74,

Y78-Y84, Y88, W53-W59, X20-X26, X29, W35-W44, W49-

W51, W64, W85-W87, W89-W94, W99, X28, X50-X95

Other communicable Maternal haemorrhage, Maternal sepsis, Hypertension in preg-

nancy, Obstructed labour, Abortion, Other maternal, Preterm

birth complications, Birth asphyxia, Sepsis and other infec-

tious conditions of the newborn, Other perinatal conditions,

Protein-energy malnutrition, Vitamin A deficiency, Iron defi-

ciency anaemia, Other nutritional disorders, Perinatal death

unspecified cause, Peritonitis, Other disorders of peritoneum,

Sequelae of malnutrition and other nutritional deficiencies, In-

direct maternal

O44-O46, O67, O72, O10-O16, O64-O66, O00-O07, O20-

O36, O40-O43, O47, O48, O60-O63, O68-O71, O73-O75,

O85-O92, O95, O96, I61-I64, P01, P07, P20-P29, P52, P61,

P77, P80, P02, P03, P10-P15, P50, P90, P91, A33, A50,

A54, P35-P39, P60, F10, F12, P00, P04, P05, P08, P51, P53-

P59, P70, P71, P72, P74, P76, P78, P81, P83, P93, P94, E40-

E46, D50-D53, E00-E02, E50-E63, D00, D02, D03, D07,

D13, D15, D18, D21-D30, D33, D35, D36-D39, D43, D45,

D48, F99, G40, G41, G43, G80, H66, J60, J64, J84, J86, K35,

K37, M17-M19, P92, P96, K65, K66, E64, O98, O99
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Other Garbage Other transport accidents, Mechanical forces; firearm, Me-

chanical forces: sharp object, Interpersonal violence without

firearm, Homicide unspecified means, Unspecified intestinal

parasitism, Unspecified parasitic disease, Unspecified trans-

port accident, Exposure to unspecified factor, Injuries with

Undetermined intent, Toxic encephalopathy, Paraplegia and

tetraplegia, Other paralytic syndromes, Sequelae of transport

accidents, Sequelae of other accidents, Sequelae of intentional

self-harm, assault and events of undetermined intent, Sequelae

of other external causes, Legal intervention and acts of war

V86, V88, V93-V98, W32-W34, W25-W29, X85-X92, X96-

X99, Y00-Y09, Y36, B82, B89, V99, X59, Y10-Y34, G92,

G82, G83, Y85-Y87, Y89, Y35

Other non-communicable Endocrine nutritional,blood and immune disorders, Unipolar,

Bipolar, Schizophrenia, Alcohol dependence, Drug use, Anxi-

ety disorders, Eating disorders, Development disorders, Child-

hood behaviour disorders, Mental retardation not included as

sequelae elsewhere, Other mental and behavioural disorders,

Alzheimer and other degenerative diseases of nervous system,

Parkisons disease, Multiple sclerosis, Epilepsy, Other neurolog-

ical conditions, Other vision loss, Other sense organ disorders,

Copd, Pneumoconiosis, Asthma, Other interstitial lung disease,

Other respiratory, Peptic ulcer, Appendicitis, Intestinal ob-

struction and strangulated hernia, Noninfective inflammatory

bowel disease, Cirrhosis and liver disease, Gall bladder and

bile duct disease, Pancreatitis, Other digestive, Renal disease,

Benign prostatic hypertrophy, Other urinary and gynaecolog-

ical diseases, Skin diseases, Rheumatoid arthriis, Osteoarthri-

tis, Back and neck pain, Other muculo-skeletal, Neural tube

defects, Cleft lip/palate, Congenital heart anomalies, Congen-

ital disorders of GIT, Urogenital malformations, Fetal alcohol

syndrome, Down syndrome and other chromosomal anomalies,

Other chromosomal abnormalities, Other congenital abnormal-

ities, Dental caries, Periodontal disease, Other oral diseases,

Mental disorder, not otherwise specified, Seqence of hyperal-

imentation, Portal vein thrombosis, Oesophageal varices, Toxic

liver disease, Hepatic failure, not elsewhere classified, Acute

renal failure, Chronic renal failure, Unspecified renal failure,

Cerebral palsy, Respiratory failure, not elsewhere classified

D55-D76, D80-D83, D86, D89, E03-E07, E15, E16, E20-

E34, E65-E67, E70-E80, E83-E85, E88, P61, P70, F01-F25,

F28-F33, F38-F45, F50, F79-F84, F89-F92, F34, F48, F51-

F55, F59-F65, F68, F69, F93-F95, F98, G30, G31, G20,

G21, G40, G41, G06, G08, G10-G12, G22-G25, G35-G37,

G45, G47, G50-G72, G90, G91, G95, G96, G98, H30, H33-

H35, H49-H54, H00-H02, H04, H05, H10, H11, H15-H18,

H20, H21, H27, H43, H44, H46, H47, H57, H60, H61,

H68-H73, H81, H83, H92, H93, J40-J44, J60-J65, J45-J47,

J84, J30-J39, J66-J68, J70, J82, J85, J92, J95, J98, J99, P24,

P25, K25-K27, K35-K37, K40-K46, K56, K50, K51, K70,

K73, K74, K80-K83, K85, K86, K20-K22, K28-K31, K38,

K55, K57-K64, K76, K90, E10-E12, E14, I12, I13, N00-

N07, N10-N15, N20-N36, N39, N41-N50, N60-N64, N75,

N76, N80-N98, B35, B36, B85-B88, L00-L05, L08, L10-L13,

L20-L30, L40-L44, L50-L60, L63-L67, L70, L72-L75, L80-

L85, L87-L95, L97, L98, M05, M06, M15-M19, M47, M48,

M50-M54, M00, M02, M08, M10-M13, M20-M25, M30-

M35, M40-M46, M60-M62, M65-M67, M70-M72, M75-

M77, M79, M80, M81, M83-M85, M87-M95, M99, P29,

Q20-Q28, Q35-Q45, Q50-Q56, Q00-Q07, Q10-Q18, Q30-

Q34, Q60-Q99, K00-K14, F99, E68, I81, I85, K71, K72,

N17N19, G80, J96

The age-specific and province-specific levels of these reported cause-of-death cate-

gories are assumed to be a function of the true underlying cause-of-death numbers.
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Derive estimates of deaths by true cause c:

� The true underlying causes of death by province, age, sex and year are assumed

known based on GBD2017. To reduce the complexity and increase the robustness of

estimation, the true cause-of-death list is also shortened to only include the causes

that have inflicted the heaviest burden over time as well as causes known to be

particularly relevant for health policy. Figure 3.1 lists the top causes of year-of-life-

lost (YLLs) in 2017 according to GBD2017 and the percent change in that number

for all ages comparing 2017 to 20071. The target true cause list includes the eleven

2017 top causes-of-YLLs shown in Figure 3.1 as well as the four below:

◦ COPD - listed in GBD2017 top 10 COD list for South Africa;

◦ Cancers - the aggregate of all malignant neoplasms (policy relevant [54]);

◦ Congenital birth defects - significant cause of under-5 deaths;

◦ Hypertensive heart diseases - listed in NBD top 10 COD list for South Africa;

Figure 3.1: Top causes-of-YLLs in 2017 and percent change for 2007-2017

As shown in Table 3.3, this list accounts for over 85% of the deaths that occurred in

the country over the study period.

1Available at http://www.healthdata.org/south-africa, accessed on 1 April 2019

http://www.healthdata.org/south-africa
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Determine an appropriate model for the inverse function:

� We assume a Dirichlet-multinomial (DM) regression model for grouped count data

to estimate the true cause-of-death distribution. DM regression has been used

for modelling categorical count or compositional data from diverse fields such

as econometrics [55], bioinformatics [56], topic modelling [57] and ecology [58].

Although the standard multinomial distribution has been used for cause-of-death

detection [59, 60, 61], applications of the model have either been working with

individual-level data or grouped for a specific age range, not accounting for the effect

of over-dispersion that characterizes grouped age-specific cause-of-death data. The

DM distribution is particularly useful for such data as it includes an over-dispersion

parameter when marginalizing over the standard multinomial parameters [62].

Consider a matrix of death counts D, with rows representing G groups (where each group

is a sex-specific combination of province p, age j, year t) and C columns representing

the true underlying cause-of-death. Each cell Dgc, g = 1; . . . ;G and c = 1; . . . ;C, represents

the number of times group g deaths are attributed to cause c. It is assumed that the

count data follow a multinomial distribution consisting of row probability vectors pg =

{pg1, . . . ,pgC} with pgc ≈
Dgc∑
cDgc

. In our DM regression model, we define a G × (V + 1)

array containing covariate information represented by xgv, where V are the number of

independent variables. The logits of the probabilities pgc are modelled as a function of

covariates using:

θgc = log
(
pgc

1− pgc

)
= xgβc + ηg

where β is a (V + 1) ×C matrix of unknown regression coefficients associated with the

covariates xgv and ηg is a random group effect that accounts for group g unobservable het-

erogeneity. It can be assumed that the exp(ηg)’s follow independent gamma distributions

with both shape and scale parameters δgλg , δg > 0, where the δg are used to quantify the

overdispersion [58].
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We assume that the probability vector pg is a random variable that follows a Dirichlet

distribution with corresponding parameter vectors αg = {αg1, . . . ,αgC} and probability mass

function,

fDir(pg ;αg) =
Γ (α∗g)∏C
c=1 Γ (αgc)

C∏
c=1

p
αgc−1
gc , g = 1, . . . ,G. (3.1)

where α∗g =
∑C
c=1αgc. As mentioned previously, the count data follow a multinomial

distribution. Defining Dg =
∑
cDgc, the probability matrix of the count data has row

vectors pg and probability mass function:

fMN (Dg ;pg) =
Dg !∏C
c=1Dgc!

C∏
c=1

p
Dgc
gc , g = 1, . . . ,G. (3.2)

The resultant compound DM probability mass function (PMF) can be derived as:

fDM(Dg ;αg) =
∫
p
fMN (Dg ;pg)fDir(pg ;αg)dp

=
Dg !Γ (α∗g)

Γ (α∗g +Dg)

C∏
c=1

Γ (αgc +Dgc)

Γ (αgc)Dgc!
, g = 1, . . . ,G. (3.3)

The derivation of the DM likelihood function is necessary for the Bayesian implementation

of the DM regression model in the R-Stan statistical package [63]. R-Stan does not include

the compound PMF as one of its in-built distributions but is chosen to conduct this analysis

because even for custom distributions, it allows for a full Bayesian inference with posterior

draws for effects and covariances. Consequently, the R-Stan output is considered to be

more informative for this research when compared to other R packages that can conduct

a grouped data DM regression e.g. MGLM [64]. The latter uses a maximum-likelihood-

estimation approach and was also found to be prohibitively slow when attempting to run

on a large dataset with as many parameters as must be estimated for this scenario.
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The prediction of true cause-of-death by district within province, age and year is conducted

using a mixed effects DM regression model. The model predicts θc which represents the

logit of the probability of deaths being attributable to true cause c using:

θc = β(0)
c + β(1)

c,j Ij + β(2)
c,pIp +

10∑
k=1

β
(3)
c,zkzk +w(t,3) + η (3.4)

where θc is the logit of pc and the other terms in Equation 3.4 are defined as:

• β
(0)
c is a cause c specific intercept,

• Ij are age-specific dummy variable for 5 year age-groupings

j ∈ {0− 4,5− 9,10− 14, . . . ,85+}

The β(1)
c,j are age j and cause c specific regression coefficients.

• Similarly, the Ip are province p specific dummy variable for p given by 1 Western

Cape, 2 Eastern Cape, 3 Northern Cape, 4 Free State, 5 KwaZulu Natal, 6 North West,

7 Gauteng, 8 Mpumalanga and 9 Limpopo. The β(2)
c,p are province and cause c specific

regression coefficients.

• The zk represent the mortality rate z-scores for the reported cause-grouping k ∈

1, . . . ,10 shown in Table 3.1 i.e.

zk,d,p,t,j =
Dk,d,p,t,j −mean(Dk,•)

sd(Dk,•)

where sd represents the standard-deviation. Correspondingly, the β(3)
c,zk are the true

cause c and reported cause-grouping k regression coefficients.

• The w(t,3) is a 3-parameter cubic polynomial on t representing time since 1997 e.g.

t = 1 corresponding to 1998, with the t variables also standardised.
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• The η is a random effect to adjust for over-dispersion.

The compound PMF given in Equation 3.3 is used to sample the mixed effects assuming

Dc ∼DirichletMultinomial(θc)

Standard-normal non-informative priors are assumed for all fixed-effects and log-normal

priors are assumed for η. These are used to derive posterior distributions for the coefficients

and their estimated covariances. District- and province-specific values for the covariates

and draws from the derived posterior of the random and fixed effects are used to derive

initial district-level and province-level cause-of-death estimates which when normalised

give the corresponding first stage cause-fraction estimates θd,p,j,t,c for district d within

province p, at age j, in year t and for cause c.

The residuals for the implied age-specific cause-fractions by year are smoothed over time

and summarised as Gaussian i.e.

ep,j,t,c = f (θp,j,t,c − θ̂p,j,t,c) ∼N (εp,j,t,c,σ
2
ε )

where f ()̇ is the spline smoother applied and ε is the mean year, age and cause-specific

residual quantifying the variation unexplained by the model. Samples of these residuals

are then drawn and added back to the stage 1 district-specific cause-fractions. The results

are normalised and we can refer to them as the second stage estimates.

Final district-level cause-of-death estimates are derived by applying a three-dimensional

iterative proportional fitting procedure with the province-specific seed for each year and

sex provided by the second stage district cause- and age-specific numbers and target totals

given by the age-specific district numbers from Aim 1, scaled to sum to province exactly

for each draw as well as the cause- and age-specific province numbers from GBD2017,

also scaled to sum to Aim 1 province. The data structure is depicted in Figure 3.2:
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Figure 3.2: Data structure for 3D iterative proportional fitting

3.3.2 Results

Figures 3.3 and 3.4 show the crude cause-fractions by year based on the total deaths

aggregated across all ages and for both sexes combined. The circles in the first plot are

calculated using the province-specific means of total deaths and cause-specific deaths

as estimated in GBD2017. The values illustrated using the fitted lines and uncertainty

bounds on the same plot are derived by aggregating the district cause-specific deaths

estimated using the approach described above to province. As can be seen in Figure 3.3,

the formulated model predicts the input GBD cause-specific proportions well. Figure 3.4 is

of the same predicted data and stacks the proportions to illustrate the relative proportions

attributed to each cause and to also show that for all districts, 75% to 90% of deaths are

attributed to the chosen 15 causes with the remainder attributed to the rest category “All

Other”. The plots do not provide any new insights for the country but establish that the

statistical model works well at predicting cause-fractions in-sample and that the cause-list

used covers most of the deaths in all of the provinces for the entire period.
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Figure 3.3: Predicted and GBD2017 cause-fractions by province and year
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Table 3.4 shows the 2015 cause-specific mortality rates per 100,000 by district for ages

0-4. The highest rate of 392 is estimated for Joe Gqabi district in Eastern Cape, attributed

to HIV/AIDS. Neonatal disorders are responsible for the greatest burden in general with

highest rates estimated for districts in the North West, Eastern Cape and Northern Cape.

Districts in the Western Cape have lowest rates across infectious diseases and Mpumalanga

districts are also low for Neonatal disorders and Congenital birth defects.

Table 3.4: Heatmap of cause-specific mortality rates by district, ages 0-4
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Likewise, Table 3.5 is for ages 5-14 and indicates that comparing levels across all causes,

HIV/AIDS leads in general and districts in the Eastern Cape and KwaZulu-Natal are the

highest, led by districts O.R Tambo at 83.7 and Ugu 88.4 in the respective districts. It is

important to note this age-group has the lowest rates compared to other age-groups with a

highest rate less than a quarter of the highest rates in the under-5 age-group. Other than

for HIV/AIDS, rates are more or less comparable across districts and causes.

Table 3.5: Heatmap of cause-specific mortality rates by district, ages 5-14
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Ages 15-49 mortality in 2015 is dominated by HIV/AIDS as shown in Table 3.6. Highest

rates are concentrated in KwaZulu-Natal where the highest rate of 793 is estimated for

Ugu and 741 for Uthukela. HIV/AIDS rates for districts in the Eastern Cape, Free State,

North West and Mpumalanga are also high but less so for Limpopo, Northern Cape and

the Western Cape. Categories like Interpersonal violence, Road injuries and Cancers begin

to increase in this age-group albeit they are still overshadowed by HIV/AIDS mortality.

Table 3.6: Heatmap of cause-specific mortality rates by district, ages 15-49
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Mortality rates per 100,000 for ages 50-74 are presented in Table 3.7 and exhibit the widest

amount of variation across districts and causes. High NCD rates are evident in places like

the Western and Northern Capes e.g. cancers at 821.1 in Northern Cape’s Pixley ka Seme,

and high HIV/AIDS mortality is also estimated particularly for KwaZulu-Natal and less so

for districts in Free State, North West, Gauteng and Mpumalanga. A significant proportion

of all deaths is attributed to the rest category “All Other”.

Table 3.7: Heatmap of cause-specific mortality rates by district, ages 50-74
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For the rates of the oldest 75+ age-group, shown in Table 3.8, Cancers at 4,100 per 100,000

for West Rand in Gauteng, 3,700 for Namakwa in the Northern Cape and 3,300 for the

Cape Winelands of the Western Cape are the highest. Ischemic heart disease, Stroke and

are also relatively high and a significant number of deaths are attributed to causes in the

class “All Other”. As expected, rates for this terminal age are the highest across all ages.

This is the only age with a relatively low HIV/AIDS mortality burden.

Table 3.8: Heatmap of cause-specific mortality rates by district, ages 75+
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Figures 3.5 to 3.7 illustrate trends in the age-standardised death-rates per 100,000 for

HIV/AIDS, Ischemic heart disease and Interpersonal violence, respectively. The grey dots

represent the provinces and lines are colour coded by district. Although scales differ across

provinces, the plots illustrate the within province and across district variation.
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Figure 3.5: HIV/AIDS ASR by district



91

As with the HIV, there is significant variation across districts for Ischemic heart disease,

but unlike for HIV, by 2015, the levels for most districts have not changed significantly

from the 1997 levels. Furthermore, most provinces have a pattern dominated by largest

district e.g. City of Cape Town in Western Cape which influences other district patterns.
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Figure 3.6: Ischemic Heart Disease ASR by district
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The ASDR trends for Interpersonal violence repeat the relative patterns seen for the other

two causes, i.e. an overall provincial pattern that is fed from the principal district but

wide variations in actual levels. Although only 3 causes are shown here, detailed trends by

district, sex, age and cause with uncertainty intervals are available in the appendix.
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Figure 3.7: Interpersonal violence ASR by district
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3.4 Discussion

This study is the first to produce district specific estimates of the major causes of death for

South Africa. Building upon the reported numbers that are available from the country’s

vital registration system, the results produced account for both model uncertainty and

uncertainty in the completeness of reporting. The model also produces estimates corrected

for the misclassification of HIV/AIDS deaths and the misattribution of causes to ill-defined

and garbage codes. The Dirichlet-Multinomial seed used in the 3-dimensional iterative

proportional fitting insures that the marginals are strongly informed and district specific,

having been estimated using the district level covariate values. In addition, iterative fitting

to the province by sex, age, year and cause leads to estimates that are at the very least

consistent at the aggregate, a criterion necessary for subnational estimates to be reliable.

The patterns that are observed follow directly from what is known about South African

epidemiology. Mortality profiles are generally comprised of 1997 estimates being relatively

low, rising to a peak in the mid-2000s due to the high rates of HIV mortality and then

falling by 2015. As shown in Aim 1, this reduction has led to sustained improvements in

life-expectancy as well as adult and child mortality. What this study has added are results

that can be used for finer and more detailed comparisons, honing is on district differences

by sex, age and cause at a granularity that was not possible before. As Figures 3.5 to 3.7

show, there are wide variations in the ASDR levels across districts and provinces and trends

differ for many districts as well. The estimates produced here can be used to investigate

the extent of those differences for specific age-groups, years and sexes combinations which

would be informative for certain public health policy that is built to target at more specific

levels. An example of this is shown in Figure 3.8, a map of South Africa’s districts showing

variations in self-harm mortality rates per 100,000 population for males aged 25-29 in the

year 2015. According to the model these deaths are concentrated in certain metropolitan

districts, the City if Cape Town and the City if Johannesburg in particular. The plot also

shows that in general, rates for Eastern Cape are higher than for other provinces.
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Researchers can then use such results to formulate hypotheses and investigate conditions

as well as specific age-groups by sex and year, that would most likely be ignored in the

absence of more detailed data.

Figure 3.8: South Africa map of self-harm rates for males ages 20-24, 2015

There are limitations. The model is used to estimate the number of deaths attributable

to 15 cause groupings. Although the selected list covers more than 85% of deaths for

the country over the estimation period, with the remaining 15% grouped as “All Other”,

the proportion covered is inversely related to age. The list of causes covers over 90% of

deaths for some age-groups but accounts for 80% of all deaths aged 75-79 and this falls

by age to covering 65% of deaths for the open interval age 95 and older. Noting that this

proportion is at the aggregate level, we realise that this would mean for some districts and

ages, the list covers more than 90% deaths whereas for others it will be less than 65%. The
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limitation becomes that some single causes that are responsible for significant proportions

of deaths may be hidden in the rest category, especially for the oldest ages. The challenge is

not in finding or selecting these causes in the GBD results list, rather the model remaining

robust in its estimation of the cause fractions if they are included. The model derives an

intercept and equation for each cause and quantifies the correlation between the large

numbers of variables. Increasing either the number of dependent or independent variables

is not only computationally challenging but can also increase the uncertainty to levels that

make the results uninformative.

As has been described, the Dirichlet regression model takes a number of variables at

the province level and quantifies the relationships between those variables and the true

cause-of-death fractions estimated in GBD2017. Once estimated, these “relationships”

or priors within the Bayesian framework, can be used together with data specific for the

district, to derive posterior distributions for the district cause-specific mortality. As with

the all-cause estimation limitations described in the previous chapter, there is no gold

standard data source for the district with which to either compare estimates to, assessing

validity, or to adjust with to correct for known methodological bias. The assumption that

the GBD2017 gives the true underlying cause at the province level is also one that has its

flaws. The GBD methods are refined with each iteration and as more and in some cases

even different input data are used, this may change some of the results. This has a knock

on effect on the permanence of these conditional results.

Put to the case that the GBD results are 100% accurate, one still introduces potential bias

when using the known information for a larger area to determine something unknown

for a smaller area. This bias is broadly defined as the ecological fallacy [65] and closely

related to it is Simpson’s paradox [66]. The ecological fallacy refers to incorrectly inferring

characteristics that are true for an aggregate area to a subdivision of that area whereas

Simpson’s paradox occurs when certain relationships that are identified for the aggregate

are in actual fact different or even reversed for the subdivision [67]. This is of relevance



96

as many provinces are not uniform but have differing socio-demographic profiles. The

reported data for the province is largely influenced by the reported data for the largest

districts. The estimated coefficients are likewise most strongly related to these larger

districts which may bias the results for the districts within the same province whose

coefficients are significantly different.
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Chapter 4

SOUTH AFRICAMORTALITY FORECASTS BY DISTRICT
(2016–2030)

4.1 Introduction

The first two aims of this research describe the input data and methodology applied to

estimate all-cause and cause-specific mortality for South Africa’s 52 health districts for the

years 1997 through to 2015, and give detailed summaries of the estimates generated. The

results echo the conclusions from the NBD [1] and GBD [2] studies and show that mortality

levels in South Africa have changed significantly over the final decade of the twentieth and

first two decades of the twenty-first centuries. The results also show that there are wide

variations across districts. As mentioned previously, following initial overall increases

attributable to rising HIV/AIDS mortality in particular, the roll-out of ART in 2003

and child survival improvements paralleling global trends, the country has experienced

mortality improvements [3]. These improvements are positive for the individual and for

the society as a whole but do however necessitate sufficient preparedness by public and

private sector health-care to meet the demands of an ageing population. To anticipate the

population needs and adequately plan for them, the analysis of mortality patterns must

not only be retrospective and current but prospective as well, requiring modelling and

forecasting of future mortality patterns.

Until recently, observed time-series data for South Africa have been sparse and there has

not been any research conducted on subnational multiple-cause mortality forecasting for

the country. In addition, the complex impact of HIV/AIDS on the mortality pattern both



106

increased uncertainty and decreased the reliability of results even if such forecasts had

been made. With the effective roll out of ART, the more estimable pattern of on-treatment

HIV mortality and the accumulation of empirical data-points, more reliable forecasts for

the country are now feasible and this research aims to achieve this. Specifically, this third

aim seeks to answer the following two questions:

• how much improvement in overall mortality can we expect for the years 2016 to

2030, assuming the rates of change in all-cause mortality observed to 2015 persist to

the end of that period?

• contingent on the projected all-cause numbers and assuming trends in cause-patterns

also persist to 2030, what future levels of mortality can we expect for the causes that

are estimated to be inflicting the highest mortality burden between 1997 and 2015?

To answer these questions a similar approach is taken as with previous aims. The section

begins by reviewing the literature on mortality forecasting and focuses on the Lee-Carter

method [4] and its underlying age-period-cohort framework. The age-period-cohort

framework has been established as being one of the most robust for mortality forecasting,

retaining the age-pattern of each forecast and accurately predicting mortality levels and

trends in short-term as well as long-term forecasts.

In the review section, the methods used by Foreman et al. [5] to forecast out of the

GBD2016 are also explored. The study by Foreman et al. [5] is the most comprehensive

forecasting study to-date in terms of its inclusion of all the GBD2016 countries as well as

the detailed cause-list forecasted for each.

Finally the methods used to forecast district, province and national all-cause as well as

cause-specific mortality for leading causes and selected cause categories in this study are

described. As with the first two aims, summary results are included herein and more

detailed results can be found in an accompanying appendix.
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4.2 Review of mortality forecasting methods

Booth and Tickle [6] conducted a review of mortality modelling and forecasting methods

and grouped them into three broad categories. The first group comprises of the extrap-

olation methods which make use of the regularity of age patterns and trends over time.

Such methods make assumptions about the connection between observed retrospective

mortality trends and future trends using time-series methods. The extensive literature,

established mathematical formulae for time-series analysis and the fact that the required

data are relatively simple, are among the main reasons why extrapolation methods are the

most widely utilized of the mortality forecasting methods.

A second group is made up of the explanation methods which utilize structural or epidemi-

ological models of mortality from certain causes of death for which the key covariates in

the causal pathway of the cause can be measured. The compartmental models such as

Spectrum [7], ASSA [8] and THEMBISA [9] fall in this group. The required data as well as

the computational requirements of this class of techniques are relatively more involving

than for the explanation methods.

A third group can be defined as expectation, for which forecasts are based on the opinions

of experts. The result is generally a fixed rate of increase or decrease for the forecasted

measure based on the information available to the expert. The challenge with this approach

is the subjectivity of either the direction or magnitude of the change moving forward,

which may not have reproducible reasoning to support validity.

The extrapolation methods are the selected approach for this research. This is primarily

because of the nature of the available data for South Africa; considering both the structure

and the period covered by the estimated data from aims 1 and 2. We have district, province

and national cause-age-sex-specific retrospective time-trends of adjusted deaths for 1997

to 2015. Based on these, we would like to forecast mortality trends to inform on the most

likely health paths the different locations are travelling.
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There would be a significant challenge obtaining unbiased district-level covariates with

sufficient records over time that they can be forecasted and in turn used to facilitate

explanation type forecasts for the country. There have only been three censuses in the

country since 1994 to provide district-level covariates that can be used to explain district

level mortality [10]. Likewise, the expectation type forecasts would not only be challenging,

but would also potentially be uninformative, considering the number of districts-cause-age

combinations to consider and the uncertainty around the estimates. The extrapolation

methods are thus geared to be the best of the available methods based on the data at hand.

The major problem for age, cause or geography specific modelling and extrapolative

forecasting of mortality is the high dimensionality of the data. Age-patterns of all-cause

as well as cause-specific deaths and the population exposed for the rate estimate must

be considered. In order to deal with the dimensionality problem while retaining the

correct relative age relationships over time, it is necessary to use models allowing a more

parsimonious representation of the data. One of the most influential of the parsimonious

extrapolative mortality forecasting approaches is the Lee-Carter model [4].

4.2.1 Lee-Carter and age-period-cohort models

The basic Age-Period Lee-Carter model (AP-LC) was developed by Lee and Carter [4] and

was further extended by Lee [11]. The method models mx(t), representing the central

death rate for individual ages (x) and calendar years (t), using:

AP-LC : ln mx(t) = αx + βxκt + εxt , (4.1)

where the βx are age-specific scaling factors relating the time varying parameter κt to the

age-specific central mortality rate, the αx are constant age-specific mortality patterns, and

time and age dependent random effects are assumed εxt ∼N
(
0, σ2

)
.
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Parameters αx, βx and κt are estimated from experienced mortality, obtaining the estimates

α̂x, β̂x and κ̂t [12]. Forecasts follow by modelling the values of κt as a time series, e.g.

a random walk with drift. The bilinear multiplicative construct (βxκt) in equation (4.1)

creates an identifiability traditionally resolved by constraining these parameters using:

∑
x

β̂x = 1 ,
∑
t

κ̂t = 0 . (4.2)

Starting from a given year t, forecasts of mortality rates are then computed for s = 1,2, . . . ,

as follows:

mx(t + s) = exp
(
α̂x + β̂xκ̂t+s

)
=mx(t)exp

[
β̂x

(
κ̂t+s − κ̂t

)]
(4.3)

The AP-LC approach has been used extensively in the forecasting of mortality. In the USA,

for example, the model has been the standard framework for modelling and projecting

mortality trends since its introduction [4, 13]. The model has also been applied in Canada

[14], to Japanese mortality data [15] and to death data from the United Kingdom [16].

Subsequently, the AP-LC model has been re-evaluated by a number of researchers to

try and improve the model fit and to optimize the model’s properties for forecasting

[17, 18, 19, 20, 21].

The proliferation of re-evaluations has led to research being conducted to determine what

aspects are common to the models. Hunt and Blake [22] reviewed their structure and

identified an age-period-cohort (APC) model structure. This APC framework encompasses

most of the stochastic forecasting models for mortality. Currie [23] extended this to

show that the majority of these types of models can be expressed as generalized non-

linear models or generalized linear models. More recently, Millossovich et al. [24] have

extended this work. The similarities across the plethora of LC extensions allows for an

APC framework that simplifies comparing the various forecasting models.
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4.2.1.1 Generalized APC stochastic mortality models

Most extrapolation type mortality models follow a framework similar to that of generalized

linear models [22, 23]. We can Dxt as the number of deaths aged x in year t, dxt as the

observed number of deaths and Nxt the population at risk. Furthermore, with µxt and mxt

representing the force of mortality and death rates, respectively, we:

m̂xt = dxt
/
Nxt

were the m̂xt is an empirical estimate. Assuming constant µxt over each year of x and t, the

force of mortality and death rate mxt coincide. Similar to generalized linear models [25], a

Generalized APC model can be expressed in terms of four parts:

1. The random component: assuming E (Dxt
/
Nxt ) = µxt, the numbers of deathsDxt follow

a Poisson distribution so that Dxt ∼ Poisson(Nxtµxt)

2. The systematic component: a predictor ηxt captures the effects year t, age x and cohort

birth year c = t − x [22] and is given by:

ηxt = αx +
T∑
i=1

βi,xκi,t + β0,xγt−x.

where αx is an age-specific constant that captures the general age-pattern of mortality,

T ≥ 1 is integer valued and indicates how many age-period terms there are to describe

the mortality trends. The βi,x are used to control the age-specific mortality effect and

the κi,t, i = 1, . . . ,T are time-specific indices. The cohort effects are accounted for by

the γt−x and the β0,x control for how that is experienced across the different ages.

3. The function g is known as the link and connects the systematic and random compo-

nents so that using the canonical log-link,

g

(
E

(
Dxt
Ext

))
= ηxt.
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4. The constraints for each parameter: parameter constraints are required to be able

to identify unique parameters. These is accomplished using a constraint function v

mapping an arbitrary parameter vector

θ :=

 αx︸︷︷︸
General shape

; β1,x, . . . ,βT ,x︸        ︷︷        ︸
Time index control

; κ1,t, . . . ,κT ,t︸        ︷︷        ︸
Time index effect

; β0,x︸︷︷︸
Cohort control

; γt−x︸︷︷︸
Cohort effect


into a transformed parameter vector

v(θ) = θ̃ =
(
α̃x; β̃1,x, . . . , β̃T ,x; κ̃1,t, . . . , κ̃T ,t; β̃0,x; γ̃t−x

)
which does not affect the predictor but satisfies the model constraints.

A number of the mortality forecasting models proposed in the literature can be described

using the GAPC framework e.g. the original AP-LC model and all of the subsequent

extensions proposed by Renshaw and Haberman [20, 26] and the Cairns, Blake, and

Dowd (CBD) model and it’s extensions [27]. Many other model structures dominating

the literature fall within the GAPC class of models [28, 29, 30, 31, 32, 33, 34, 35]. The

Generalized APC structure of six of these, which are considered in literature to be the

most reliable, is summarized in Table 4.1.

Model Predictor
LC ηxt = αx + β1,xκ1,t
CBD ηxt = κ1,t + (x − x̄)κ2,t
APC ηxt = αx +κ1,t +γt−x
RH ηxt = αx + β1,xκ1,t +γt−x
M7 ηxt = κ1,t + (x − x̄)κ2,t +

(
(x − x̄)2 − σ̂2

x

)
κ3,t +γt−x

PLAT ηxt = αx +κ1,t + (x̄ − x)κ2,t +γt−x

Table 4.1: Model structures of main forecasting models
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The extrapolation mortality models dominate the literature due to their not requiring

extensive data for forecasting. The dependence of the mortality outcome on time and

previous values alone has allowed for a number of key mortality forecasts to be made

[36, 37, 38]. They have generally been used to forecast all-cause age-specific mortality

and life-expectancy [39], or else single-cause mortality under the assumption that the

cause-specific mortality trend has been stationary over time and is expected to persist into

the forecast period [40].

The performance of these models hinges on a sufficient number of retrospective data

points being available [41]. Consequently, the extrapolation type models have a number of

limitations. As Hyndman et al. [41] mentions, they begin to function poorly when there

are an insufficient number of observed data points relative to the number of points or

parameters to be estimated. Likewise, when there are mortality spikes or the observed

data points follow extreme trends that would be unreasonable to assume for the future,

the retrospective trends have reduced usefulness. Another challenge is that although

they make use of the association with time, the extrapolation models have no causal

information. As such, one does not have any insight as to the variables influencing the

trend and correspondingly, one cannot assess and compare varying mortality scenarios

related to varying covariates, beyond interpreting the statistical uncertainty assumed in

the stochastic structure of the model.

An example of extreme trends in mortality are the deaths due to HIV/AIDS in sub-Saharan

Africa at the turn of the 21st century. After carrying a heavy mortality burden, there

have been significant reductions in high prevalence countries like South Africa [42], gains

which can directly be attributed to interventions and treatment. Due to the extreme

changes in mortality in a short period, using the time-trend alone to predict beyond this

period can lead to unrealistic estimates due to only a few data points being observed. The

explanation type models like Spectrum [43], ASSA [44] and THEMBISA [9] utilize the links

between the extent of treatment, the breadth of interventions, the level of prevalence and
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population demography to estimate the mortality impact of HIV/AIDS. With these models,

having forecasts of the drivers of HIV/AIDS mortality together with forecasts of HIV free

mortality enables one to forecast more realistic total mortality.

4.2.2 The Singular Value Decomposition extension to Lee-Carter

In the original paper, Lee and Carter [39] point out that the βxκt can actually be estimated

using a singular value decomposition (SVD) approach rather than maximum-likelihood

because multiple maxima make optimization to identify the non-unique κt challenging

for standard optimization algorithms. An SVD is a factorization of a G×N matrix Q to:

Q = USVT (4.4)

where

• U is a G ×G orthogonal matrix with columns called left-singular-vectors of Q,

• V is an N ×N orthogonal matrix with columns called right-singular-vectors of Q,

• and S is a diagonal matrix comprised of the s1, . . . , sN singular values of Q. Due to how

this diagonalization is constructed, the higher singular values are more important to

the fidelity of Q and the entries of S are ranked in decreasing order s1 ≥ s2 ≥ . . . ≥ sN .

A reduction of the number of vectors required to create Q can be achieved by a low-rank

approximation of Q represented by Q̃ which follows:

QG×N ≈ Q̃G×N = ŨG×cS̃c×cṼ
T
c×N . (4.5)

where diagonal S̃ is reduced S from the original SVD, comprised of the c largest singular

values. This follows the Eckhart-Young theorem [45] which describes how one can save the

factorization of the approximated matrix more effectively by exploiting that S̃ has only c
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entries. The SVD can thus be used to facilitate a reduction of the number of independent

vectors required to reconstruct a matrix by estimating the c singular values - providing

a method for dimensionality reduction. To apply the SVD to the LC model, we can first

rearrange the LC model terms to derive a residual matrix:

ln
(
mx(t)

)
−αx =Qx(t)

with αx estimated as the age-specific average log-mortality across all t and Qx(t) represent-

ing the age x ∈ 1, . . . ,N and time t ∈ 1, . . . ,G element of the residual matrix Q

QG×N =



1 ... x ... N

1 Q1(1) . . . Qx(1) . . . QN (1)
... . . . . . . . . . . . . . . .

t Q1(t) . . . Qx(t) . . . QN (t)
... . . . . . . . . . . . . . . .

G Q1(G) . . . Qx(G) . . . QN (G)


The SVD Lee-Carter approximation of Q takes the rank 1 singular value, c = 1:

QG×N ≈ ŨG×1S̃1×1Ṽ
T
1×N .

Linking these SVD matrix and vector terms to the Lee-Carter notation, we have:

Ṽ1×N = {β1,β2, . . . ,βx, . . . ,βG}

ŨG×1S̃1×1 = {κ1,κ2, . . . ,κt, . . . ,κN }

For the Lee-Carter model to give an accurate fit, the rank 1 singular vector must account

for more than 90% of the variation in the N columns [46]. Forecasting for the Lee-Carter

model is accomplished by univariate forecasting of the κt using time-series methods such
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as a random walk with drift (RWD);

κt = κt−1 +θ + εt

where the scalar εt is an independent normal random error term and θ is a constant drift

term. For precise unbiased forecasts which requires low variance for εt and an accurate

estimation of the drift θ, the approach requires a large number of years of data for which

the trend in the κt has been fairly constant and the proportional change by age has been

the same [36]. These underlying assumptions make the Lee-Carter approach problematic

for a country like South Africa that only has 19 years of empirical data with HIV/AIDS

mortality significantly impacting mortality differentially by age and time for a large part

of the period observed. This reduces the proportion of variation explained by the first

singular value and also means that θ is not constant by age and time. Consequently, one

derives biased estimates if modelling κt as a RWD process. Despite the challenges for

this context, the LC use of the SVD is informative and paves the way for other mortality

models that utilize the SVD in ways that this current research builds upon.

Clark [47] gives an extensive description of how the SVD can be used to exploit the

correlation by age inherent in demographic quantities like fertility and mortality and uses

the SVD to develop a parameterised component model of mortality [48]. The mortality

model developed by Clark, referred to as SVD-Comp, is calibrated to the relationship

between child and adult mortality and mortality at other ages in the mortality schedules

of the Human Mortality Database (HMD) [49]. Defining Q as a sex specific A×L matrix

of the mortality schedules, where A are the rows representing age and L are the columns

representing the set of country-year life tables constituting the database, the SVD-Comp

approximates each mortality schedule q` using the c-term sum

q` ≈
c∑
i=1

v`i · siui



116

where c ≤ ρ, the rank of Q, ` ∈ {1 . . .L} indexes the HMD mortality schedules and v`i are

the elements of vi . In the calibration, c = 4 is found to give an almost exact approximation

of the observed HMD mortality schedules. Utilizing that U and S are constant across

all mortality schedules and the varying elements are the vi , the SVD-Comp model then

replaces the v`i with values related to covariates 5q0 and 1q0.

Using a similar formulation, Alexander et al. [50] propose a Bayesian model for estimating

subnational mortality. Transposing the matrix structure proposed by Clark, they define Q

as a an L×A matrix comprised of L = 1550 U.S state mortality schedules for the 50 states

over a 30 year period, 1980 to 2010, and A = 19 age-groups. Alexander et al. [50] uses

this formulation to estimate the first three right-singular values of Q such that specific

schedules can be modelled using

q` =
3∑
i=1

β`,ivi + ε

where βL×3 = ŨL×3S̃3×3, vi is the ith right-singular values of Q and ε is an age, year and

state specific error.

Oeppen et al. [51] use the SVD on the age-at-death distribution to model mortality for

Japan. Adapting the Lee–Carter model to the Compositional Data Analysis (CoDa) frame-

work that was pioneered by Aitchison [52], this approach enforces a unit sum constraint

on the life-table deaths (dx) and changes the coordinate system of the mortality data from

a Euclidean space to an Aitchison simplex ([53]). The CoDa mortality model is of the form:

clr(dx,t) = αx + βxkt + εx,t (4.6)

where εx,t are independent and identically distributed random variables normally dis-

tributed with mean zero. This model is clearly a variant of the Lee–Carter model but the

variable of interest to be modelled is a Centered Log-Ratio (clr) transformation of the
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life-table age-at-death distribution dx. Components βx and kt are estimated using an SVD

with αx being the age x geometric mean in the dx across t. Bergeron-Boucher et al. [54]

builds on this model to forecast all-cause mortality for 15 Western countries.

In a presentation, Kjærgaard et al. [55] outline how the SVD can be applied to the CoDa

framework in a multiple decrement life-table to estimate Cancer deaths in French and

Dutch populations and to forecast these to 2050. While this forecast uses the life-table

deaths, Piveteau and Tomas [56] present a similar model that creates a composition from

the cause-i-specific probabilities of death qx,t,i as a proportion of the all-cause age-specific

probabilities of death.

4.2.3 Forecasting out of the GBD2016 study

A unique strength of the GBD studies is that to measure the health of each country

in the world and to estimate the levels of mortality and disability that each is having

to contend with, the study quantifies covariates and risks-factors that best explain the

burden of disease [57]. The iterative refinement of the GBD enterprise has been based on

new data-sources available each year as well as innovations and improvements to how

overall as well as cause-specific mortality and morbidity are estimated based on available

data. Foreman et al. [5] leverage the GBD2016 time-series of cause-specific mortality

[58, 59], the corresponding comparative risk assessment time-series [60], and data on a

set of vaccines and other health related interventions, to set up a forecasting framework

for cause-specific mortality and life-expectancy. The framework also incorporates some

established correlates of health i.e. income, education and fertility, which are mapped onto

a composite measure introduced in GBD2013 [61], referred to as the Socio-demographic

Index (SDI). The forecast framework predicts the logarithm of the cause-specific mortality

by adding up three components; the underlying mortality, a scalar that captures the

combined effects of risk factors on the specific cause and an unexplained residual.
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4.2.3.1 The underlying cause-specific mortality

The location l, aged a, at time t and cause c underlying mortality (muclat) is modelled in

log-space as a function of the Socio-demographic index (SDI) and calendar time. The SDI

is a composite indicator of development status strongly correlated with health outcomes

[58]. It is the geometric mean of three covariates i.e. the total fertility rate under the age

of 25, mean years of education for those aged 15 and older, and lag distributed income

per capita. The covariates are scaled to indices with a lower bound of 0 corresponding

to covariate levels where selected health outcomes are at their worst, and a maximum of

1, representing covariate levels where selected health outcomes are at their best. These

covariates were forecasted separately using different approaches:

• Income per Capita

For location l and time t, income was forecasted using an ensemble of models to predict

yl,t representing the first difference in log GDP per capita i.e.

yl,t = log(GDP pcl,t)− log(GDP pcl,t−1)

The models was created by taking various combinations of demographic indicators from

the UN WPP 2017 for 1970 to 2017, time series methods and weighting functions. The

models were created using 1970 to 2007 observations and those giving the best 10% of the

predictions according to the RMSE for the 2008 to 2017 out-of-sample prediction, were

retained to forecast yl,t beyond 2017.

• Education

Education is forecasted using the annualized rate of change (AROC) which we briefly

define in a general way here. For some variable x measured over time indexed by t, the
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AROC approach first calculates first differences dt as

dt = f (xt)− f (xt−1)

where f (.) is a function e.g. logit. The AROC is calculated using the weighted mean of the

first difference over time, with weights wt, determined by a recency-weighting parameter

ω, scaled to sum to 1

δ =mean(dT ,wt) where wt = (t − tinitial + 1)ω

Education was forecasted using the logit function with xt being the complete time-series

maintained for all GBD locations and years.

• Fertility

Total fertility for women under the age of 25 was estimated using the age-specific estimates

T FR =
a∑
naȦSFRa

with

logit(ASFRalt) ∼ α0 + βaMEDUalt +γamet needalt

where maternal education (MEDU ) and met need for contraception (met need) are inde-

pendent variables and met need was forecasted using the AROC approach with a logit

function on data from 1990 to 2016. Once these covariate forecasts have been derived,

they are scaled to lie between 0 to 1 and used to calculate the SDI . The SDI is in turn

used to predict the underlying mortality rate according to the equation

log(mulat) = αla + β0SDI<0.8 + β1SDI≥0.8 +θat
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with location-age-specific intercepts α, a global effect on SDI β, and age-specific effects on

the secular trend θa.

4.2.3.2 A mortality scalar attributable to risks

The scalar S is a function of all the GBD risk factors relevant to each cause. To derive the

scalar, Foreman et al. [5] utilize a number of measures related to risk:

• Summary Exposure Values (SEVs)

The Summary Exposure Value (SEV) is a summary measure of exposure for each risk

that was introduced in the GBD2015 comparative risk assessment [62]. It is the relative

risk-weighted prevalence of exposure and can be defined as:

SEV =
∑
i P riRRi − 1
RRmax − 1

where P ri is prevalence of category i exposure, RRi is relative risk of the category i, and

RRmax is the relative risk at the highest level of exposure in theory or observed globally.

For each risk factor, a single SEV is estimated by averaging of the outcome of specific SEV

values for each age, sex, location, and year across causes of death c.

SEVr =
1

N (c)

∑
c

SEVrc

whereN (c) are all causes born of r. These univariate variables are forecasted using adjusted

annualized rates of change predicting ˆSEV rlat for risk r, location l, age a and year t.

• Population attributable fractions (PAFs)

The population attributable fraction (PAF) is defined as the fraction of all cases (exposed

and unexposed) that would not have occurred if exposure had not occurred [63]. PAFs can
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be estimated using the SEV according to the following equation:

ˆPAFrclat = 1− 1
ˆSEV rlat × (RRmaxrc ) + 1

The estimated PAF are biased as a result of the SEV not being cause-specific. This is

corrected by comparing the estimates to the cause-specific PAF estimated for GBD2016 for

the year 2016 to estimate correction factors CF

CFrcla = logit(PAFrcla2016)− logit( ˆPAFrcla2016)

which are used to rescale the estimated ˆPAF

PAF∗rclat = logit−1
(
logit( ˆPAFrclat) +CFrcla

)
• Mediation factors (MFs)

Mediation factors are represented by MFrsc and quantify the fraction of one risk that is

mediated through another. They are used to estimate the joint PAFclat for all risks:

PAFclat = 1 =
R∏
r

(
1− PAF∗rclat ×

S∏
s

(1−MFrsc)
)

The scalar is estimated: Sclat = 1
1−PAFclat

4.2.3.3 An unexplained residual

The true mortality mTclat is the product of the underlying mortality mUclat and the risk

related scalar Sclat. In log-space we estimate

log(m̂clat) = log(mUclat) + log(Sclat) where log(mTclat) ∼N (log(m̂clat),σ
2)
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The residuals ε represent latent trends in total cause-specific mortality not captured by

risk factors, SDI, and global secular trends.

ε = log(mTclat)− log(m̂clat)

Residuals are forecasted using a pooled ARIMA1,0,0 model that minimizes the chance of

extreme forecasts by sharing parameters within geographic super-regions (s).

εlat ∼N (ε̂lat,σ ) where ε̂lat = ψsaε̂lat−1 + δsat and δsat ∼N (0, τsa)

4.2.3.4 Other components of forecasting model

There’s a number of other components to the forecasting framework, key ones are:

• Vaccine forecasts

Coverage for DTP3 and MCV1 were predicted using the SDI

logit(coverage) = α + βSDI

For rotavirus, PCV3 and HIB3, coverage was forecasted using methods dependent on

whether the vaccine has been introduced. If yes, spatio-temporal Gaussian process regres-

sion (ST-GPR) models of coverage ratios relative to DTP3 were extrapolated to 2040 with

income as a covariate. If not, survival analysis using a Weibull distribution parameterised

with SDI, GAVI eligibility status, DTP3 coverage and Hib introduction date was used.

• HIV/AIDS forecasts

HIV/AIDS forecasting made use of Spectrum software developed by UNAIDS and modi-

fied in GBD [59]. Inputs related to prevalence, incidence, treatment, survival and CD4

progression were forecasted and used to estimate a HIV/AIDS deaths in Spectrum.
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• Population forecasts

Four inputs are used to derive population forecasts: Starting population estimate (2016)

from GBD2016 and based on UN-WPP; Future migration estimates also from UN-WPP;

Forecasted mortality rates as described above; Forecasted age-specific fertility rates. The

cohort-component method of projection (CCMP) is used [64], calculating future popula-

tions, Nt+1, from current populations, Nt, using a linear model,

Nt+1 = LtNt +Mt

where Lt is the Leslie matrix and Mt is migration. The Leslie matrix contains age-specific

fertilities along the first row, age-specific survival probabilities along the sub-diagonal and

zeros everywhere else [65].

• Better and worse scenarios for the risk factors

To generate better and worse scenarios for risk factors and cause-specific mortality, the

85th and 15th percentiles of the retrospective weighted annualized rates of change across

the 195 countries were estimated and substituted for the reference weighted AROC values.

4.3 District mortality forecasts

4.3.1 Methods

In this section, the methods used to forecast district, province and national all-cause and

cause-specific mortality by sex and age are described.

4.3.1.1 Generalized Additive Models (GAMS)

For non-linear time series forecasting, a useful set of tools is given by Generalized Additive

Models (GAMS) [66, 67]. As GAMS are used extensively in this research, they are intro-

duced and briefly described here. GAMs are an extension of generalized linear models
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(GLMs) [68]. A GLM has the structure

g
(
µi

)
= xiβ, (4.7)

where µi is the expectation of response variable Yi such that µi ≡ E

(
Yi

)
, g is a link function,

xi is the ith row of the covariate matrix X , and β is a vector of unknown coefficients [68].

Akin to linear models, GLMs center around a linear predictor, Xβ, and allow for link

functions other than the identity function. GLMs also allow for any distribution from the

exponential family to model the dependent variable instead of just assuming it Gaussian.

The exponential family consists of distributions whose probability density function can be

written as

fθ
(
y
)

= exp
(
yθ − b(θ)
a(Φ)

+ c(y,Φ)
)
, (4.8)

where a, b, and c are arbitrary functions, Φ is a scale parameter, and θ is the canonical

parameter of the distribution [67]. Building upon GLMs, a GAM has the structure:

g
(
µi

)
= x∗iθ + f1

(
x1,i

)
+ f2

(
x2,i

)
+ f3

(
x3,i ,x4,i

)
+ . . . , (4.9)

where µi again is the expectation of response variable Yi , i.e., µi ≡ E

(
Yi

)
, the response

variable Yi follows any distribution from the exponential family, parametric model compo-

nents have model matrices with rows x∗i , the vector θ is of the corresponding parameters,

and covariates xk are smoothed with the functions fj [67].

The smooth functions are non-parametric estimates of the actual functional relationship

between the response variable and the predictor variable to which the smooth function

is applied [66]. Unlike LMs or GLMs, a smooth function is non-parametric, i.e., it does

not assume the response variable to follow any specific distribution. As an explanatory

example, consider a model containing one smooth function of one predictor variable with
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the identity function as the link function,

yi = f
(
xi
)

+ εi , (4.10)

where yi is a response variable, xi is a predictor variable, f is a smooth function, and the εi

follow the normal distribution with a mean of zero and a variance of σ2 [67].

For this research, the GAMS used for time-series modelling are of the form

yt = f (log(t)) + εt

where yt is the time-series variable to be forecasted and time t is counted as being 0 for

1996, 1 for 1997 etc and the smoothing function is on the log(t) to determine moderate

forecasts. The models used are assumed to have autoregressive lag-1 (AR-1) errors:

εt = ψ1εt−1 +wt

where wt ∼ iid N (0,σ2). The ψ1 correlation is estimated and accounted for in the parame-

ter estimation for the smoother f (·).

4.3.1.2 Forecasting all-cause mortality for South Africa

This research builds on Oeppen et al. [51] and Bergeron-Boucher et al. [54] to model and

forecast South Africa district all-cause and cause-specific mortality. In Aim 1, age-specific

death rates for each district, each province and the country as a whole are estimated for

each year from 1997 through to 2015. The derived output are in single-year ages and are

aggregated into age-bands x ∈ {0,1 − 4,5 − 9, . . . ,95+}. The location- and time-t-specific

death-rate in age interval [x,x+n), represented by nmx,t, is converted into the probability

of dying in age interval [x,x + n), represented by nqx,t, according to the assumption of
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constant force of mortality over n as assumed for the single decrement life table i.e.

nqx,t = 1− exp(−n ∗nmx,t)

We are interested in ndx,t which represents the deaths by life-table population in the age

interval [x,x+n) at time t. For a life-table radix of 1, this is calculated:

ndx,t = (1−x q0,t) ∗n qx,t

Following CoDa convention that each row represents a composition [69], the sex-specific

density of death matrix for district d is transposed to give dd with elements dt,x (shown in

Equation 4.11), where each row adds up to the life table radix and where ω is the open

interval age:

dd =



0 ... x ... ω

1 d1,0 . . . d1,x . . . d1,ω
... . . .

. . . . . .
. . . . . .

t dt,0 . . . dt,x . . . dt,ω
... . . .

. . . . . .
. . . . . .

T dT ,0 . . . dT ,x . . . dT ,ω


(4.11)

The dd for d ∈ 1 . . .62 representing the 52 districts, 9 provinces and national are stacked to

create 62T ×ω matrix. An initial centering of the matrix to better visualize the sources of

variation is performed by estimating the global geometric mean of each column,

ax =

62T∏
t=1

dt,x


1/(62T )

The αx vector is normalized to a unit sum and then each row of dd is divided by the

corresponding term in the αx age-specific geometric mean (Equation 4.12).
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ft,x = dt,x 	αx (4.12)

The symbol 	 is known as a CoDa perturbation operator. The ft,x are also normalized. To

unrestrict the data beyond the compositional plane, a centered log-ratio (clr) transforma-

tion [53] is applied to the normalized ft,x values to give:

ht,x = clr(ft,x) = ln
(
ft,x
gt

)

where gt are the time t geometric means of ft,x across all ages. An SVD is then applied

to the matrix H which has elements ht,x. A low-rank approximation of the matrix H is

constructed by choosing the first c right-singular values of H and using them to construct

ht =
c∑
i=1

βt,ivi + ε = βtv + ε

where vi is the ith right-singular value of H, the β are scaling factors derived using the

left-singular vectors and singular values of H and ε is a random error. To determine a

measure of the uncertainty around the time-varying scaling factors we use the transpose

hTt = vT βTt + εT

and assume the vT to be data. The βTt are then estimated as linear unbiased estimators

β̂
T
t = (vvT )−1vhTt

such that their uncertainty can be drawn from a t-distribution with a covariance matrix

determined by the right singular values (vvT )−1 scaled by the residuals, assuming that for

some unknown σ2, these parameters are Gaussian i.e.
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β̂
T
t ∼N (βTt ,σ

2
(
vvT

)−1
)

For each sex and district, the lower-95%, mean and upper-95% time-series of the βt,i are

forecasted using the GAM specification introduced previously to generate a thousand

draws for each of the three predicted time-series. A sample of a thousand forecasted

time-series draws is then randomly selected from the results. This allows for draw-level

low rank reconstructions of H as well as its forecast to 2030 using the fitted time-series:

ĥt =
c∑
i=1

β̂t,ivi

The fitted and forecasted ĥt are then transformed back into compositional data using the

inverse centered log-ratio (softmax) according to

f̂t,x = clr−1(ĥt,x) = C[eĥt,x]

where C[] is the normalising procedure. Returning to the life-table death space requires

compositionally adding back the geometric means, to obtain the predicted d̂t,x which can

in turn be used to calculate the transposed predicted mortality rates mx,t.

Figure 4.1 shows the variance explained by each singular value arranged by rank and the

cumulative variance explained. This is depicted for both sexes combined and indicates that

a low rank approximation would require at least five principal components to explain 97%

of the variation in H. The figure also shows the four right singular values explaining most

of the variation in H for each sex. The components are orthogonal with each explaining a

unique characteristic of the mortality profile; a profile varying across districts and time.

The first component seems to capture the HIV/AIDS mortality pattern with high child

mortality and a hump for young to middle-aged adults whereas the other components are

age-specific mixtures focusing on either old age, child or young age mortality.
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Figure 4.1: SVD-CoDa variance explained by right-singular values
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4.3.1.3 Forecasting cause-specific mortality

The all-cause mortality forecast using this SVD-CoDa single decrement approach generates

a mortality envelope which can be disaggregated according to the 16 cause-of-death

groupings defined in Aim 2. Forecasts of the cause-fractions are accomplished by using a

multiple-decrement extension of the all-cause approach described above [51]. The main

steps of this approach are depicted in Figure 4.2.

Figure 4.2: Schematic of CoDa approach for cause-specific forecast

As with the all-cause case, based on the age-specific deaths estimated for Aim 1, we have

mortality rates which can be used to derive life-table deaths dx,t. From Aim 2, the Dirichlet-

Multinomial model derives estimates of cause-fractions θc,x,t which represents the time t

age x proportion of deaths attributed to cause c. Elandt-Johnson et al. [70] shows that this

proportion applies to the all-cause death numbers Dx,t as well as the calculated mortality

rates mx,t, probabilities qx,t and crucial for our purpose, the life table deaths dx,t. And so

to obtain the cause-specific lifetimes, we use:

dc,x,t = θc,x,t × dx,t
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where dc,x,t quantifies the life table deaths attributed to cause c. For a life table radix of

1, we have
∑
x
∑
c dc,x,t = 1. As represented in Figure 4.2, the matrix of dc,x,t estimates is

transposed to have time by row and age by column, with each cause stacked to the matrix

horizontally. With 14 cause groupings over 19 years and 19 age-groups some of the dc,x,t

are invariably equal to 0. To allow for a compositional centering using the geometric mean

for the multi-cause zero-inflated mortality matrix made up of these dc,x,t elements, we add

a small δ = 1×10−10 to each dc,x,t value. The rows of the matrix are normalised to sum to 1

and the geometric means αx,c for each age-cause-specific column are calculated and also

normalised to sum to 1.

Figure 4.3 shows the calculated normalised αx,c that are used to center the multi-cause

matrix. The mean αx,c captures the average age-pattern for each cause across the district,

province and national data, with uncertainty given by assessing this distribution across

all draws and both sexes. The negative perturbation removes what is common so that

what remains is an undiluted quantification of the amount of variation in the data that

is attributable to the time varying parameters. The relative levels of the αx,c values also

give some indication of the relative magnitude of the causes as each of the principal

component vector is scaled by constant time-varying parameter. However, the final level

of the age-specific value combines the information given by the αx,c, the time varying

parameters as well as the right singular values.

An important characteristic of this approach is that unlike its all-cause counterpart which

derives principle components and geometric means that are common to all districts, with

only the time varying parameters being unique, the multiple-decrement forecast calculates

αx,c and principal components for each district. Over 30 parameters are required to

estimate at least 95% of the variation if one stacks the life table matrices of all districts.

The multiple-decrement forecast requires about 10 parameters for each district. This is

more computationally involving than the all-cause case albeit still efficient as it generates

336 cause and age combinations for each district.
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After the geometric mean vector is derived, its inverse is compositionally perturbed from

the dt,x,c to give matrix elements

ft,x,c = dt,x,c 	αx,c

The centered log-ratio (clr) transformation is applied to each row in the matrix mapping

the values from the restricted simplex subspace to an unrestricted euclidean subspace,

resulting in:

ht,x,c = clr(ft,x,c) = ln
(
ft,x,c
gt

)
where gt are the time t geometric means of the ft,x,c across all ages and causes. As with

the all-cause forecast, an SVD is then applied to the matrix H to determine the principal

components that can be used to perform a low-rank reconstruction. The 10 time varying

scaling factors for each sex and district are forecasted to 2030 using the GAM approach

with AR(1) residuals introduced earlier. These forecasted factors are matrix multiplied

with the principal components which reconstructs the matrix Ĥ for the 1997 to 2015 period

as well as the forecasted 2016 to 2030 period. The softmax function is used to derive

forecasted f̂t,x,c estimates. These are normalized and perturbed using the age-cause-specific

geometric means to give the forecasted age-cause-specific life table deaths:

d̂t,x,c = f̂t,x,c ⊕αx,c

Finally, coherence between cause-specific and all-cause mortality is established according

to Elandt-Johnson et al. [70, Eq. 9]:

m̂c,x,t = m̂x,t
d̂c,x,t

d̂x,t

where the m̂c,x,t represent cause c mortality rates for age x in year t and both m̂x,t and d̂x,t

are derived in the all-cause forecasts.
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4.3.2 Results

In this section we summarise the results of both the all-cause and cause-specific forecasts.

Detailed district level estimates for the former and latter disaggregated by age, sex and

year can be found in the attached appendix. To begin with, Figure 4.4 demonstrates the

performance of this model at reconstructing the mortality matrix by comparing the 2005

and 2010 mean log-mortality schedules from Aim 1 to the fitted values derived using this

SVD-CoDa approach. For the two years displayed as well as all other district-province-

sex-years analysed, the predicted schedules match the Aim 1 inputs very closely, with

age-specific differences indiscernible from visual inspection of plots but evident from

slight differences in the calculated values of 5q0, 45q15 and e0.
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Figure 4.4: Demonstrating SVD model performance for South Africa

4.3.2.1 All-cause mortality forecasts

Figure 4.5 shows forecasts of the natural logarithms of the mortality rates for every three

years starting in 1997 comparing the Aim 1 mean estimates to the means from the SVD-

CoDa. The plot reiterates the accuracy of the SVD-CoDa at reconstructing the mortality

for years 1997 to 2015.
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In general, the model forecasts falling mortality for all age groups with the smallest

reductions in mortality being for the oldest age-groups and the 15–19 age-group. For the

provinces most affected by HIV/AIDS historically, the forecasts also predict a gradual

diminishing of the characteristic AIDS hump leading to comparable mortality levels across

all 9 provinces by 2030. For KwaZulu-Natal, the forecasted age-pattern for the oldest ages

is less regular than for the other provinces.
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Figure 4.5: Forecasts of log-mortality by province and select year
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Figure 4.6 shows the forecasts of life-expectancy at birth and adult mortality as quantified

using 45q15 per 100. The plot compares estimates derived using results from the SVD-CoDa

model, GBD2017 as well as the estimates from WPP2019 [71]. For the SVD model, mean

estimates for all years 1997-2030 with corresponding uncertainty intervals are shown.

●

●

●

●

●
●

●

●

●

●
●

●

●
●

●

●

●

●

●

●
●

●

●

●
●

●
●

●
●

●●●●
●

●
●

●
●

●
●

●
●●●●●●●●●●●●●●●●

●

●

●

●

●
●

●

●

●

●
●

●

●
●

●

●

●

●

●

●
●

●

●

●
●

●
●

●
●

●●●●
●

●
●

●

●
●

●
●

●
●●●●●●●●●●●●●●●

●

●

●

●

●
●

●
●

●

● ●

●

●
●

●

●

●
●

●
●

●
●

●

●
●

●
●

●
●●●●●

●
●

●
●

●
●

●
●

●●●●●●●●●●●●●●●●

Both Female Male

45q15
e0

1997 2003 2009 2015 2021 2027 1997 2003 2009 2015 2021 2027 1997 2003 2009 2015 2021 2027

20

30

40

50

60

50

60

70

Year of death

Ye
ar

s 
of

 li
fe

   
   

   
   

   
   

   
   

   
   

   
   

   
   

 P
ro

ba
bi

lit
y 

of
 d

ea
th

 (
pe

rc
en

t)

SVD−CoDa Model ●● ●●GBD2017 WPP2019

Forecasted adult mortality and life−expectancy

Figure 4.6: Forecasted national adult mortality and life-expectancy by sex

For the GBD2017, the most recent eight years are shown (2010 to 2017) where 2016 and

2017 are out-of-sample for the SVD model. Seeing as the model tracks the GBD very closely

for the in-sample years, the difference between the GBD2017 and SVD-CoDa estimates for

years 2016 and 2017 gives an indication of the out-of-sample validity of the model.
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WPP2019 also has forecasts for the country based on the cohort component projection

model framework which applies pre-specified fertility, mortality and migration patterns

to a population to forecast its change assuming its components adhere to the demographic

balancing equation. The estimates of adult mortality are generated in a 5× 5 age and time

framework and for the plots, are assumed to relate to the middle of the quinquennial

period. The estimates for life-expectancy have been interpolated to single years in the

results that are available to the public and which are shown in the plot.

Comparing the SVD-CoDa to the GBD2017, there is strong agreement in the estimates of

life-expectancy and adult mortality throughout the period including 2016 and 2017. There

are some slight differences for females in 2017 which suggests that either the SVD-CoDa

forecast assumptions are too conservative and mortality improvements between 2016

and 2017 were larger than in previous years, or that the GBD2017 could be exaggerating

mortality improvements for those two years. Relative to the SVD-CoDa, the historical

time-series and forecast from WPP2019 exhibit a lower peak and slower rate of mortality

improvement, respectively, . Differences between the SVD-CoDa and WPP2019 are smaller

for males compared to females in the historical estimates but this is reversed for the

WPP2019 female forecast which is closer to the SVD-CoDa.

Figure 4.7 shows the forecasts of child mortality (5q0) for which the publicly available

WPP2019 estimates are for both sexes combined. As with 45q15 and e0, there is strong

agreement between the SVD-CoDa and GBD2017 for years 2010 to 2015 but less so

afterwards with the improvement from 2016 to 2017 being largest in GBD2017. In contrast

to the adult mortality and life-expectancy differences, there is a better agreement between

the SVD-CoDa and WPP for the child mortality forecasts throughout the prediction period

with the mean line for the SVD-CoDa improving at only a marginally faster rate than WPP.

The uncertainty intervals for GBD2017 and SVD-CoDa overlap but the trajectory of the

points point to a gradual divergence between the two that could increase with time.
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Figure 4.7: Forecasted national child mortality by sex

The SVD-CoDa model generates 1,000 draws of mortality rates for each age, sex, year and

location. The model produces estimates for each district, each province as well as the

national aggregate. From national results we are able to glean the following:

• Life-expectancy at birth for both sexes combined is expected to increase by about 8

years between the years 2015 and 2030, starting from 63.6 in 2015 (61.7–65.3) and

increasing to 72.4 by 2030 (69.8–74.8).

• There are sex differences in the baseline estimates and forecasts with males projected

to increase from 61.1 in 2015 (59.3–62.8) to 68.6 in 2030 (65.9–71.1) and females to

increase from 65.9 in 2015 (63.8–67.7) to 76 in 2030 (73.4–78.3).

• The forecasted reductions in 45q15 and 5q0 parallel the increases in e0. Child mortality

for both sexes combined is forecasted to fall from 35.9 in 2015 (31.7–40.55) to 22.65

in 2030 (18.47–27.82).
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• As expected, the differences between male and female 5q0 are projected to be small

(uncertainty intervals overlap) with males expected to fall from 38.33 in 2015 (33.76–

43.33) to 25.31 in 2030 (20.66–31.19) and females to also decrease from 33.43 in

2015 (29.59–37.62) to 19.76 in 2030 (16.11–24.16).

• For both sexes combined, 45q15 is also predicted to fall, decreasing from 34.31 in

2015 (31.57–37.5) to 19.98 in 2030 (17.09–23.57).

• Significant differences between males and females for 45q15 are expected with males

falling from 38.44 in 2015 (35.43–41.77) to 25.19 in 2030 (21.79–29.23) and females

from 30.53 in 2015 (27.45–34.19) to 15.26 in 2030 (12.5–18.7).

Figures 4.8 to 4.10 show the means of the summary demographic measures, e0, 5q0 and

45q15, that are derived from the district level mortality forecasts. Estimates are shown for

both sexes combined and are grouped by province. The lines are colour coded by district

and the estimated national means are included in each plot (dashed black line) as well as

the estimated mean for the province the districts lie within (grey circles). The GBD2017

province means for 2010 to 2017 are also included in the plots (gold diamonds).

As with the national summary measures, the provincial SVD-CoDa predicts the GBD2017

well between 2010 and 2016 for e0 and 45q15. There are some differences for Northern

Cape 5q0 related to completeness being capped at 100% for Aim 1. Differences for 2017

are present for some provinces and in almost every case, the difference suggests a larger

mortality improvement estimated for GBD2017. The result for Western Cape is unique as

the GBD2017 estimates slightly worsening outcomes for 2017 relative to 2016 for adult

mortality and life-expectancy. When one considers the overlap of uncertainty intervals, the

differences between GBD and the SVD model up to 2017 are small. However, if the 2016 to

2017 rates-of-change persist then the GBD2017 and SVD-CoDa potentially deviate much

more significantly with time. However, the mortality trend is also expected to plateau and

this could reduce future differences.
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Figure 4.8: Forecasted provincial life-expectancy comparisons



141

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

50

100

1997 2000 2003 2006 2009 2012 2015 2018 2021 2024 2027 2030
year

 

Cape Winelands Central Karoo

City of Cape Town Eden

Overberg West Coast

Western Cape 5q0

Dashed black national, grey circle province, gold diamond GBD2017

●
● ● ● ● ● ● ● ● ●

●
●

●
●

●
●

●
●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

50

100

1997 2000 2003 2006 2009 2012 2015 2018 2021 2024 2027 2030
year

 

Alfred Nzo Amathole Buffalo City

Cacadu Chris Hani Joe Gqabi

Nelson Mandela Bay O.R. Tambo

Eastern Cape 5q0

Dashed black national, grey circle province, gold diamond GBD2017

●
● ● ● ● ● ● ● ● ● ●

●
●

●
●

●
●

●
●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

50

100

1997 2000 2003 2006 2009 2012 2015 2018 2021 2024 2027 2030
year

 

Frances Baard John Taolo Gaetsewe

Namakwa Pixley ka Seme

Siyanda

Northern Cape 5q0

Dashed black national, grey circle province, gold diamond GBD2017

●
●

●
●

●
●

● ● ● ●
●

●

●

●

●

●

●

●
●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

50

100

1997 2000 2003 2006 2009 2012 2015 2018 2021 2024 2027 2030
year

 

Fezile Dabi Lejweleputswa

Mangaung Thabo Mofutsanyane

Xhariep

Free State 5q0

Dashed black national, grey circle province, gold diamond GBD2017

●
● ● ● ● ● ● ●

●
●

●
●

●
●

●
●

●
● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

50

100

1997 2000 2003 2006 2009 2012 2015 2018 2021 2024 2027 2030
year

 

Amajuba eThekwini iLembe Sisonke

Ugu UMgungundlovu Umkhanyakude Umzinyathi

Uthukela Uthungulu Zululand

KwaZulu Natal 5q0

Dashed black national, grey circle province, gold diamond GBD2017

●
● ● ● ● ● ● ● ● ●

●
●

●
●

●
●

●
●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

50

100

1997 2000 2003 2006 2009 2012 2015 2018 2021 2024 2027 2030
year

 

Bojanala Dr Kenneth Kaunda

Dr Ruth Segomotsi Mompati Ngaka Modiri Molema

North West 5q0

Dashed black national, grey circle province, gold diamond GBD2017

●
●

●
●

● ● ● ●
●

●
●

●
●

●
●

●
● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

50

100

1997 2000 2003 2006 2009 2012 2015 2018 2021 2024 2027 2030
year

 

City of Johannesburg City of Tshwane

Ekurhuleni Sedibeng

West Rand

Gauteng 5q0

Dashed black national, grey circle province, gold diamond GBD2017

● ● ● ● ● ● ● ● ● ●
●

●
●

●
●

●
●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

50

100

1997 2000 2003 2006 2009 2012 2015 2018 2021 2024 2027 2030
year

 

Ehlanzeni

Gert Sibande

Nkangala

Mpumalanga 5q0

Dashed black national, grey circle province, gold diamond GBD2017

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

50

100

1997 2000 2003 2006 2009 2012 2015 2018 2021 2024 2027 2030
year

 

Capricorn Greater Sekhukhune

Mopani Vhembe

Waterberg

Limpopo 5q0

Dashed black national, grey circle province, gold diamond GBD2017

Figure 4.9: Forecasted provincial child mortality comparisons
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Figure 4.10: Forecasted provincial adult mortality comparisons
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As with the national and provincial forecasts, gains in e0 and decreases in 45q15 and 5q0

are forecasted for the districts. Figures 4.8 to 4.10 show these changes and Figures 4.11

and 4.12 illustrate them on the South Africa map.

Figure 4.11: Forecasted district e0 map, 2030

The average e0 increase between 2015 and 2030 across the districts is 8.9 years. The districts

mean increases range from 3.3 years to 13 years. The five largest average increases are

forecasted for Amajuba, Sisonke, Umzinyathi and Umkhanyakude districts in KwaZulu-

Natal province as well as Xhariep district in Free State, all forecasted to increase by

approximately 13 years between 2015 and 2030. In contrast, the lowest improvements

are forecasted for Mopani, Capricorn and Vhembe districts in Limpopo as well the City

of Cape Town and the West Coast that are in the Western Cape, which are forecasted to
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increase between 3 and 5 years over the period. The City of Johannesburg is projected to

have the highest average e0 in 2030 having increased from 68 years in 2015 to 78 years.

In contrast, Dr Ruth Segomotsi Mompati in North West province is projected to have the

lowest e0 after rising from 57.6 in 2015 to 63.4 years in 2030.

Looking at 45q15, the average forecasted decrease between 2015 and 2030 across the

districts is 15 per 100 and the average ranges from 4.27 to 23.7. The districts with the

biggest changes in e0 also have the largest reductions in forecasted adult mortality i.e.

Xhariep, Sisonke, Amajuba, Umzinyathi and Umkhanyakude, all forecasted to fall by

approximately 23 per 100. Similarly, some of the districts with the lowest increases in

e0 are also among those with the lowest reductions in 45q15 i.e. West Coast and the City

of Cape Town. In addition to these two are Eden, Cape Winelands and Overberg all in

the Western Cape having low reductions between 4 and 8 per 100. Once again Dr Ruth

Segomotsi Mompati and the City of Johannesburg are at the extremes of the ranking with

the former having the highest 45q15 of 31 in 2015 down from from 44, and the latter the

lowest 45q15 value of 14 in 2030 down from a value of 25 per 100 in 2015.

In terms of 5q0, Dr Ruth Segomotsi Mompati is forecasted to have the highest value of

53.9 per 1,000 in 2030 having fallen from 62.4 in 2015. The West Coast has the lowest

forecasted child mortality estimate for 2030 at 10.2 per 1,000, down from 18.7 per 1,000

in 2015. On average, child mortality is forecasted to fall by 14.1 per 1,000 over the period

ranging from 3.5 to 27 per 1,000. The list of districts with the biggest reductions in

5q0 differs from the adult mortality and life-expectancy list. It comprises of Xhariep,

Lejweleputswa and Thabo Mofutsanyane in the Free State as well as Pixley ka Seme and

John Taolo Gaetsewe in the Northern Cape, with the largest reductions above 22 per 1,000.

The districts with the smallest reductions are Central Karoo in the Western Cape and

Greater Sekhukhune, Waterberg, Capricorn and Mopani in Limpopo province all falling

by between 3.5 and 6 per 1,000 over the period.
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Figure 4.12: Forecasted 45q15 and 5q0 map, 2030
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4.3.2.2 Cause-specific mortality forecasts

Figure 4.13 illustrates the cause-specific proportions for all deaths aggregated by province,

cause and year. The slightly dulled output is from the mean Aim 2 estimates (shown

previously in Figure 3.4) followed by the mean values of the forecasts by cause.
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Figure 4.13: Historical and forecasted cause proportions



147

Figure 4.14 illustrates the overall cause-specific age-standardised death-rates per 100,000

for years 2015 and 2030, showing that the largest reductions are forecasted for HIV/AIDS

and the group “All Other”. Table 4.2 is of the historical and forecasted ASR as well as

the percent of all deaths by cause and for years 1997, 2006, 2015 and 2030. On average

the ASR for HIV/AIDS is expected to fall by more than a half between 2015 and 2030.

Correspondingly, the overall HIV/AIDS cause-fraction is expected to fall by almost a third.

As expected this is followed by corresponding increases in the cause-fractions of other

causes albeit their ASRs are expected to fall as well.
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Figure 4.14: Cause-specific ASR for years 2015 and 2030

Table 4.2: Historical and forecasted ASR and percent of deaths by cause and year

Cause
1997 2006 2015 2030

ASR (%) ASR (%) ASR (%) ASR (%)

Tuberculosis 75.79 5.2 111.35 5.07 53.12 3.96 32.45 3.81
HIV/AIDS 140.72 12.42 709.64 38.1 380.61 32.46 172.38 22.87
Diarrheal diseases 59.25 5.52 51.48 2.97 34.27 3.01 25.97 3.17
Lower respiratory infections 90 7.34 108.12 5.53 69.81 5.54 45.63 6.07
Diabetes mellitus 54.69 3.21 65.97 2.75 64.28 4.45 47.28 5.76
Hypertensive heart disease 34.28 2.23 34.11 1.5 28.46 2.06 19.91 2.61
Ischemic heart disease 119.43 7.48 122.34 5.33 93.77 6.65 59.85 7.76
Chronic obstructive pulmonary disease 55.26 3.39 48.36 2.1 37.26 2.58 25.15 3.06
Stroke 100.38 6.23 101.48 4.32 75 5.26 47.89 6.08
Neoplasms 161.23 10.08 156.55 7.24 129.1 9.29 93.2 11.35
Road injuries 56.31 5.08 65.15 3.68 34.77 3.05 24.06 3.09
Interpersonal violence 58.65 5.17 64.37 3.53 33.17 2.93 25.17 3.06
Self-harm 22.59 1.86 25 1.3 12.49 1.05 10.06 1.14
Neonatal disorders 34.14 4.5 32.18 2.5 19.93 2.24 12.87 2.07
Congenital birth defects 5.38 0.66 5.29 0.4 4.17 0.46 3.57 0.48
All Other 265.45 19.65 279.76 13.69 195.34 15.02 131 17.61
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Specific for year 2030, Table 4.3 is of the age-standardised death-rates per 100,000 dis-

played by district and cause. The pattern shows that HIV/AIDS mortality is forecasted to

still be a leading cause in 2030 the highest rates still being in KwaZulu-Natal. However, it

is important to note the emergence of the non-communicable diseases and to realise that

the differences across causes and districts is much lower than in the historical data e.g.

Diabetes mortality in Limpopo is approximately half that of HIV/AIDS.

Table 4.3: Heatmap of ASDR by district, 2030
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4.4 Discussion

This study uses a computationally efficient approach to forecast all-cause and cause-

specific mortality at various levels of geographic specification. An advantage of this

approach is that it utilizes the empirical measurements of deaths and population and does

not require an extensive historical time-series unlike other extrapolation type approaches.

Relative changes in the short term forecasts agree well with the estimates coming from the

GBD2017 results for all ages and with the WPP2019 forecasts for child mortality and even

suggest that the most recent GBD2017 estimate might be slightly biased.

Another strength of this approach is that within the CoDa framework applied and by

determining the principal components, the age-patterns are retained as would be with a

Lee-Carter type approach. Interestingly, taking the compositional framework described

by Mills [72] which entails transforming the cause-fractions from the simplex space to

the real number space using a transformation such as the additive log-ratio transform,

forecasting the univariate age-specific and cause-specific transformed variables via a VAR

or other multivariate time-series method and then transforming the forecasts back to the

simplex space using the inverse transform of the ALR gives very similar proportions to

those estimated using this multiple decrement approach. The problem with the univariate

approach is that it is computationally more expensive even if it enforces covariance

indirectly by virtue of the transformed forecasts being transformed back to proportions.

By and large, the multiple decrement approach is a computationally superior approach.

One challenge with forecasting is that one has to make an assumption about the pattern

of serial correlation. If one has a long time-series of historical data then it is a straight-

forward time-series analysis to determine the structure of the data and the nature of the

correlation in the residuals. However, with a short time-series such as the one in this

study for which most of it is dominated by HIV/AIDS related changes, determining the

pattern of the residuals and hypothesising about how those residuals are likely to be

related in a future where the effect of HIV is reduced, is not trivial. Such decisions are
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made simpler by deriving the principal components and time varying parameters which

capture a significant amount of information. However, decisions still need to be made

about how the time varying parameters are likely to change in the future. In this research

logistic growth is assumed which gives conservative estimates but for some districts the

change may in fact be accelerated or linear or it may be slower than the logistic curve

suggests. The logistic growth curve works well in the short term, as can be seen from

the comparisons on the national forecast. There are some differences at the province and

cause-specific level that seem to suggest that the projection of the time varying parameters

can be improved upon to give more accurate predictions.

There is scope for improving the forecast particularly by determining covariates that have

strong correlations with the time varying parameters and have established relationships

with mortality e.g. income, education or HIV prevalence. The covariate framework utilised

by Foreman et al. [5] using SDI and other covariates is a good example of this. The

limitation in this regard, and why this study uses time as the main predictor for these

principal components, is that the covariates themselves would have to be modelled to

derive a comprehensive time-series for them. Unlike the current model which solely

relies on the data to tell the story into the future, a covariate extrapolation approach

would require assumptions to be made about how the covariates have changed over time.

Currently, the best source for district level information is the census where past censuses

are only for 1996, 2001 and 2011. Creating a robust time-series of covariates would require

making assumptions about how the covariates behave in the intercensal period which may

require modelling them against data that are annual. Consequently, a covariate based

forecast by district would require assumptions to fill any gaps in the retrospective data

as well as for forecasting the covariates, and depending on those assumptions, that will

impact the final result. However, such a structure will also potentially be robust decreasing

the number of extreme trends predicted and imposing turning or plateau points for the

future directly based on future dated data.



151

The limitations extend to both the all-cause and the cause-specific forecasts. As with

Aim 2, a major limitation is having a short-list of 15 causes which although most relevant

for most, could still be deficient for some. Fortunately on the aggregate, this list still

accounts for more than 80% of the deaths forecasted nationally. As a proportion, the “All

Other” category accounts for slightly more deaths over time and it would be an exercise to

disaggregate this group into its constituent causes to explore if there are any key causes

being hidden. In addition, the cause-specific forecasts are conditional on the all-cause

ones and are correlated to each other by virtue of being modelled in a composition, and

so to the degree that the all-cause rates are biased, this has a compounded effect on the

cause-specific estimates.

Ultimately, forecasting is not an exact science nor is it a foretelling of a certain future but it

gives a reasonable prediction of what is expected to occur under regular circumstances and

especially if historic rates of change persist into the future. The COVID-19 pandemic of

the year 2020 is an example of an irregular circumstance such a framework is not designed

to predict. With South Africa still battling many levels of inequality and the healthcare

system still looking at ways to reduce the inequities that plague the nation, the journey

towards a fully functioning system, covering all and giving all the highest levels of care

and the highest chances at attaining the best health, is ongoing. This research provides

good news in that if the work of the past few years continues, there are many real gains

that will be achieved over the next 10 years. However, the results also provide a caution,

as the infectious diseases fall, there are many conditions such as Diabetes, Hypertension

and Cancers that have not had the same levels of intervention and for which the masses

do not have the same levels of education related to lifestyle risks as well as prevention.

Insufficient response towards these will lead to health burdens in the future that could be

avoided if considered earlier and will make withdrawals on the country’s capacity to do

the best for her people.
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