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Abstract 

Background: South Africa accounts for more than a seventh of the global population living 

with HIV/AIDS and TB, and ranks highest in HIV/TB co-infection worldwide. Consequent 

high child mortality is exacerbated by child malnutrition, which is an important indicator of 

health status and is associated with morbidity as well as mortality. Rural areas usually present 

with the greatest burden of morbidity and mortality, yet the extent of geographical disparities 

in child mortality, malnutrition and HIV/TB has hardly been explored. This is a reservoir of 

information useful for effective public health interventions. In this thesis we investigated the 

factors associated with childhood HIV/TB mortality and malnutrition, how they interrelate 

and their spatial distribution in the rural Agincourt sub-district located in north-east South 

Africa close to the border with Mozambique.  

 

Rationale: Africa at large lacks data that are routinely and reliably collected then validated, to 

guide policy and intervention programmes. Causes of deaths and even death counts are often 

misclassified and underestimated respectively, especially for children. To bridge this gap, a 

health and socio-demographic surveillance systems located in the rural Agincourt sub-district 

hosts which annually collects and collates data on vital events including fertility, mortality 

and migration. These data have been collected since 1992 to-date and now cover 80,000 

people living in more than 16,000 households situated in 27 villages; all households are fully 

geo-coded. These hierarchical data allow us to address several epidemiological questions on 

how person, place (spatial) and time (temporality) have impacted on mortality and 

malnutrition patterns in children living in the rural Agincourt sub-district. 
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Objectives: The aims of this thesis were both methodological and applied: 

Methodological 

(1) To investigate the presence of spatial autocorrelation in the Agincourt sub-district 

and model this using geographical and geo-statistical procedures 

(2) To model large spatial random effects accurately and efficiently 

(3) To model hierarchical data with zero inflated outcomes 

Applied 

(1) To investigate childhood HIV/TB mortality determinants and their geographical 

distribution using retrospective and cross-sectional data 

(2) To determine factors associated with malnutrition outcomes adjusting for their 

multivariate spatial random effects and selection bias for children under five years 

(3) To model how the associated factors were interrelated as either underlying or 

proximate factors of child mortality or malnutrition using pathway analysis.  

 

Methods: We conducted a secondary data analysis based on retrospective and cross-sectional 

data collected from 1992 to 2010 from the Agincourt sub-district in rural northeast South 

Africa. During the period of our study 71,057 children aged 0 to 9 years from 15,703 

households were observed. All the data in the thesis were for children aged 1 to under 5 

except for the chapter 6 (last paper) who were aged from 0 to 9 years of age. Child HIV/TB 

death and malnutrition were the outcome measures; mortality was derived from physician-

based verbal autopsy. We investigated presence of spatial autocorrelation using Moran’s and 

Geary’s coefficients, semi-variograms and estimated the spatial parameters using Bayesian-

based univariate and multivariate procedures. Regression modelling that adjusted for spatial 

random effects was done using linear regression and zero inflated variants for logistic, 

Poisson and Negative Binomial regression models. Structural equation models were used in 
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modelling the complex relationships between multiple exposures and child HIV/TB mortality 

and malnutrition portrayed by conceptual frameworks. Risk maps were drawn based on 

spatial residuals (posteriors) with prediction (kriging) procedures used to estimate for 

households where no data were observed. Statistical inference on parameter estimation was 

done using both the frequentist; maximum likelihood estimation and Bayesian; Markov Chain 

Monte Carlo (MCMC) directly and sometimes aided with Metropolis Hastings or Integrated 

Nested Laplace Approximations (INLA).  

 

Results: The levels of child under-nutrition in this area were: 6.6% wasted, 17.3% stunted 

and 9.9% underweight. Moran’s (I) and Geary’s (c) coefficients indicated that there was 

global and local clustering respectively. Estimated severity of spatial variation using the 

partial-sill-to-sill ratio yielded 12.1%, 4.7% and 16.5%, for weight-for-age, height-for-age and 

weight-for-height Z-scores measures respectively. Maternal death had the greatest negative 

impact on child HIV/TB mortality. Other determinants included being a male child and 

belonging to a household that had experienced multiple deaths. A protective effect was found 

in households with better socio-economic status and where older children were present. 

Pathway analyses of these factors showed that HIV had a significant mediator effect and the 

greatest worsening effect on malnutrition after controlling for low birth-weight selection bias. 

Several spatial hot spots of mortality and malnutrition were observed, with these regions 

consistently emerging as areas of greater risk, which reinforces geographical differentials in 

these public health indicators. 

 

Conclusion: Modelling that adjusts for spatial random effects, is a potentially useful 

technique to disclose hidden patterns. These geographical differences are often ignored in 

epidemiological regression modelling resulting in reporting of biased estimates. Proximate 
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and underlying determinants, notably socioeconomic status and maternal deaths, impacted 

directly and indirectly on child mortality and malnutrition. These factors are highly relevant 

locally and should be used to formulate interventions to reduce child mortality. Spatial 

prediction maps can guide policy on where to best target interventions. Child interventions 

can be more effective if there is a dual focus: treatment and care for those already HIV/TB 

infected, coupled with prevention in those geographical areas of greatest risk. Public health 

population-level interventions aimed at reducing child malnutrition are pivotal in lowering 

morbidity and mortality in remote areas. 

 

Keywords: HIV/TB, Child mortality, Child malnutrition, Concep tual framework, Spatial 

analysis, MCMC, Path analysis, South Africa 
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Chapter 1  

1.0 Introduction 

This chapter introduces the thesis by providing a background, rationale, literature review, 

conceptual framework, thesis framework, specific objectives and methods used in the study. 

Chapters 2 to 6 are the published and submitted papers. In Chapter 7 I discuss the work 

according to three themes, relate my methods and findings to other studies, discuss study 

limitations and provide concluding remarks including the scope for further studies. 

1.1 Background 

1.1.1 Under five global, regional and local mortali ty patterns 

Child mortality, defined as the death of children under five years of age is an essential 

indicator of the wellbeing and future of the human race. Figure 1.1 shows the global 

distribution of under mortality divided into 10 categories. The United Nations (UN) estimated 

the global population in 2012 to be about 7.0 billion of which 12.5% (0.88 billion) would live 

in sub-Saharan Africa (SSA) (1). Yet she experiences more than 50% of yearly deaths under 

five which amounted to 12.4 million deaths in 1990 dropping to 7.4 million in 2010. At the 

onset of the 21st century, about 10 million children were dying every year in the world, with 

malnutrition a major underlying cause, and with pneumonia, diarrhoea, neonatal disorders, 

malaria and AIDS the main causes (2). African children experience the greatest burden of 

mortality with at least one child less than 5 years dying every 3.6 seconds due to starvation 

(3). Studies on the causes of these deaths indicated that about 67% of these could be avoided 

if the main drivers were either dealt with or controlled (4). There are several factors which 

lead to child mortality, amongst which malnutrition and hygiene-related morbidity accounts 

for about 50% of the deaths, as well as acquired immunodeficiency syndrome (AIDS) and it’s 
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opportunistic infections like tuberculosis (TB) (2, 5-7). South Africa had an under five 

mortality of 51 deaths per 1000 in 2010 compared to 58 deaths per 1000 in 1990 (7). 

 

Figure 1.1: Global under five mortality in the year 2010. 

Source: The Lancet Volume 375, Issue 9730, Pages 1988-2008 (May 2010) (7). 

 

1.1.2 Malnutrition and related mortality patterns 

Childhood malnutrition is a useful proxy for child wellbeing as it associated with mortality, 

morbidity and child development (8). Malnutrition accounted for more than half of the 10 

million child deaths that occurred worldwide yearly between 1990 and 2000 with over 70,000 

in South Africa alone (2). Global under-nutrition patterns show similarities with mortality 

patterns in the sub-Saharan African region as can be seen when comparing Figure 1.1 and 

1.2. South Africa’s under five malnutrition rates in 2003 were 24.5%, 17.0% and 8.9% for 

stunting, underweight and wasting respectively (9).  



  

Introduction Chapter 1 – page 21 
 

 

Figure 1.2: Percentage of global population undernourished. 

Source: United Nations World Food Program’s 2004-06 report under-nutrition percentages 

1.1.3 HIV/TB and related mortality patterns 

About 88% of children infected with the human immunodeficiency virus (HIV) and 92% of 

AIDS-related deaths in 2010 occurred in Africa (4). South Africa has the highest absolute 

number of HIV infected persons in the world (5.5 million) with national and antenatal 

attendees prevalences of about 18% and 26% respectively in 2010 (4). TB is a growing 

problem in developing countries, including South Africa. Africa has the highest incidence of 

TB at 345 per 100,000 person years, with TB being a major cause of death among people 

living with HIV/AIDS in sub-Saharan Africa (4). South Africa is at present faced with the 

challenge of implementing more effective TB diagnosis and treatment strategies to curb the 

incidence of TB which is above 200 per 100,000; according to WHO standards, this is a 

serious epidemic (4).  

1.1.4 Malnutrition, HIV and TB combined burden 

HIV and malnutrition are major problems among children in the sub-Saharan African region. 

The impact of HIV/AIDS on child malnutrition and vice versa is of major concern to the 
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public health of developing nations. Malnutrition affects the human immune system leading 

to depletion of disease fighting cells (CD4, T-cells) and hence increasing the viral load for 

those infected with HIV. Malnutrition also leads to a reduction in essential macronutrients 

(proteins, fats and carbohydrates) and micronutrients (vitamins A, B, C and zinc) (10-15). 

HIV on the other hand affects nutrition by loss of appetite, drug side effects such as vomiting 

and diarrhoea, and nutrient mal-absorption (14, 16-19). This situation is compounded by HIV 

and TB co-infection and evidence shows that it is difficult to simultaneously manage the 

treatment of both diseases in malnourished children (20). 

 

1.2 Problem statement and rationale 

TB and HIV/AIDS are among the top public health research priorities especially in sub-

Saharan Africa. The sub-Saharan African region which constitutes 10% of the world's 

population is home to more than 75% (25 million) of people living with HIV/AIDS in 2010 

(21). South Africa has 6.4% (45 million) of the sub-Saharan African population yet accounts 

for 22.4% (5.6 million of the 25 million) of people living with HIV/TB in 2010 in sub-

Saharan Africa, thus ranking amongst the countries with highest infection rates (21-23). 

South African statistics on the HIV/TB and malnutrition burden in children under 5 years are 

scanty, and when available they are often combined with older children, e.g. the prevalence 

of HIV was about 3% for 2-14 year olds (7). At the beginning of the 21st century over 70,000 

children died yearly in South Africa with malnutrition accounting for more than 50% of these 

deaths (2). HIV accounted for over 40% of child deaths in South Africa in the year 2000, 

with many of them dying without knowing their status (24). 

 

In public health, identification and quantification of patterns of disease occurrence provide 

the first steps towards increased understanding towards control of the disease (25).  
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Public health policy-makers rely on data for allocation of resources and interventions. The 

African continent at large lacks the facilities as well as the expertise to collect validated, 

regular and reliable data, as well as the ability to analyse such data. Therefore, lack of reliable 

evidence to guide the selection of interventions for specific areas and populations is a major 

drawback for effective control of the diseases and epidemics. More so, ground breaking and 

successful modelling can only be done based on good data. For this purpose a health and 

socio-demographic surveillance system (HDSS) was set up in 1992 in the rural Agincourt 

sub-district of Mpumalanga province, South Africa (26). These demographic surveillance 

system data, updated once every year, embody the strengths of multilevel (hierarchical) data 

structures. In addition all households are geo-coded which allows the assessment of 

geographical differentials.  

 

The need for thorough modelling procedures revealing the relation between person, place 

(spatial) and time, and communicable as well as non-communicable diseases, is a top public 

health priority. However, there are analytic challenges, namely the multi-collinearity due to 

the multilevel structure, spatial auto-correlation and large size of these data. Geo-mapped 

data showing the geographical regions, associated risk factors as well as the burden of 

disease, can be more convincing tools to present to policy makers than text results models 

alone. 
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Figure 1.3: Percentage decline in yearly mortality for children under five between 1990 and 

2010. Source: The Lancet Volume 375, Issue 9730, Pages 1988-2008 (May 2010) (7). 

 

The public health burden of child malnutrition and HIV/TB mortality in South Africa is 

critical since mortality has decreased yearly by less than 1% over the period 1990 to 2010 for 

the country as a whole (figure 1.3) (7). The underlying cause of death is usually malnutrition, 

as there is a strong two-way interaction between disease and nutritional status (27). Often 

malnourished children suffer from poorly managed infectious diseases such as HIV/TB, 

which creates a vicious cycle between communicable and non-communicable diseases (28, 

29).  

 

The impact of HIV/AIDS on child malnutrition and vice versa is of concern in the public 

health of developing nations. Knowledge of inter-linkages between TB and HIV on the 

child’s nutritional status may help focus interventions in different geographic regions of the 

globe. There is evidence to indicate geographical heterogeneity in HIV/TB mortality and 

malnutrition both between and within South African provinces, which has resulted in 

stigmatisation of some high prevalence regions. However, many studies do not cater for this 
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important independent factor in the analysis (30). I will use spatiotemporal Bayesian 

modelling techniques in analysing large spatial univariate and multivariate hierarchical data 

from the Agincourt sub-district. This work can contribute to policy and programme 

development in rural parts of developing countries globally before and after the end of the 

2015 millennium development goals targets. 

 

1.3 Review of literature 

1.3.1 Child HIV/TB mortality and malnutrition studi es 

Scientific evidence gathered from South Africa can be valuable for public health policy and 

interventions in the country especially if drawn from reliably collected, validated and well 

analysed data. To date global research on, HIV/TB and malnutrition research has focused 

largely on drug uptake and adherence, drug- development clinical through clinical trials, 

societal integration, personal nutrition, physical health and care giving (31-34). Whilst 

numerous studies have been done in South Africa on childhood HIV/TB mortality and 

morbidity risk factors (35-42), and on malnutrition (43-47), these two are seldom studied 

together (48). Moreover an increasing number of studies now incorporate the spatial 

component descriptively (49, 50) without adjusting for risk factors in regression. Studies that 

have included the spatial correlation in the regression analysis have focused mainly on village 

level or cluster analysis (49, 51). In South Africa few studies have been conducted 

spatiotemporal differentials on childhood HIV/TB and malnutrition cause-specific mortality 

differentials. Our studies are amongst the first on household location spatial analysis in South 

Africa, dealing with malnutrition and mortality.  
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Many epidemiological studies have addressed the person aspect, but little has been done in 

relation to time and place (spatial or geographical proximity) and even fewer link all three. 

Therefore, a knowledge gap exists on how to spatially link mortality and disease impacts on 

rural childhood populations. 

1.3.2 Child mortality studies: sub-Saharan Africa H ealth and Socio-

demographic Surveillance Systems 

Many articles have been published on HIV/TB mortality in sub-Saharan Africa, but only a 

few of these report on children. Subjects discussed were mainly on the impact of epidemics, 

assessing risk factors, measuring efficacy of interventions and identifying high risk clusters.  

A study done in Niakhar, rural Senegal showed a decreasing trend in child mortality over a 

37 year period (52). Spatial analyses on 39 rural villages in Burkina Faso under the Health 

and Demographic Surveillance System (HDSS) over a nine year period, showed that village 

and distance from the health facility were among the risk factors for child mortality (53). A 

seasonal mortality trend was also found in another study in the same HDSS (54). A 

Tanzanian study that used spatial modelling techniques found that there is a need to adopt 

both a group-based and a place-based approach in the identification of high-risk HIV groups 

for interventions. (55). In South Africa's rural KwaZulu-Natal a study found that the 

prevalence of HIV was associated with ethnicity, urban status, and unemployment based on 

over 11,000 persons in 700 enumeration areas (56). In the Agincourt sub-district of 

Mpumalanga province the relative risk (RR) of HIV and TB has increased ten-fold over an 

eleven year period from 3.2 to 32.3 for the period 1992-1994 to 2001-2003 (57). Methods 

applied in the analyses were mostly non-Bayesian based, which are limited in catering for 

large datasets and spatiotemporal random effects (58). 

 

 



  

Introduction Chapter 1 – page 27 
 

1.3.3 Spatial Epidemiology applications in Public H ealth research 

The discipline of epidemiology deals with the interrelatedness between the person, place and 

time in the distribution of diseases in the population (59). In the health field, interest in spatial 

epidemiology began with the recognition of maps as useful tools for understanding potential 

causes of disease and areas of high risk. Throughout the ages there are examples of diseases 

that have been eradicated after their spatial patterns were discovered. One classical example 

of spatial epidemiology is Dr. John Snow’s study of London’s cholera epidemic in 1854 (60). 

Snow’s belief that cholera was transmitted through drinking water was refuted by some. 

Brody et al. (61) gives a detailed history of how Snow and others demonstrated the role of 

maps in the investigation of the 1854 outbreak. Other examples of spatial epidemiology 

include the study of rickets by Palm in 1890 (62), and Blum in 1948 (63) who showed that 

sunlight was a causal factor for skin cancer. More recent studies have used spatial Bayesian 

techniques in malaria mortality, all-cause and cause specific mortality (64-66) 

1.3.4 Childhood HIV/TB and malnutrition mortality d eterminants 

Child mortality determinants have been classified into different groupings over the last three 

decades. In the 1980s researchers explored several interdisciplinary causes of child mortality: 

medical, socio-economic and demographic (32). In the 1990s these were: fertility behaviour; 

nutritional status, breastfeeding, and infant feeding; the use of health services by mothers and 

for children; environmental health conditions; and socioeconomic status (34). And finally in 

the 21st century these changed to: HIV exposure; poor maternal health; inadequate infant 

care; increased exposure to infections; parental and caregiver mortality; immune system 

abnormalities; poor nutrition; reduced breastfeeding; and antiretroviral exposure (33). 

Rutstein et al. (2000) mentions six main risk factors for child mortality: socio-economic 

factors; nutritional factors; use of health facilities; environmental health conditions; fertility 
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behaviour; and infant feeding (34). The explanatory variables for our papers will be selected 

from these six child specific risk factor categories.  

 

As a way of inter-relating these factors we can formulate a conceptual framework. I adopted a 

disease ecology model proposed by Meade (1977) (67), looking at individual, population and 

environmental factors. The multilevel (hierarchical) data structure is considered as the 

individual factors belong to the population level factors; these are all in turn encompassed or 

impacted by the environmental factors, which are all inter-related. I combined this with the 

classical epidemiological causal effects models adjusting for spatial and temporal random 

effects which were among the exposure variables. Our mediating variable was HIV and the 

outcomes were HIV/TB mortality or related morbidity such as malnutrition. Figure 1.4 shows 

how I inter-linked these factors in conceptualising this thesis.  

Individual behavior: maternal 

education, prenatal care, nutrition 

and smoking/alcohol during 

pregnancy, access to social grants or 

other income, maternal age and 

maturity.

Population e.g. age structure, 

genetics, nationality, 

government support structures 

for pregnant women.

Outcomes: Death or 

Morbidity

HIV/TB: Compromised 

immunity and 

inability to synthesize 

nutrients optimally

Exposures

Mediators or confounders

Outcomes

In utero, at birth or after birth End of life or study 
Time-temporality

Spatial

Environment; 1.Natural-Geo-locations, 

global warming and rainfall, climatic 

changes, 2.Social-area or household 

level socioeconomic conditions, over-

crowding, multiple deaths 3.Built-

Pollution in area or household, access 

to health services.

 

Figure 1.4: Conceptual framework for modelling spatiotemporal patterns of childhood 

HIV/TB related mortality and malnutrition: adapted from Meade (1977) (67). 
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1.4 Thesis framework 

Based on the conceptual framework, three themes that concern public health policy and 

interventions have been extracted:  

• Determinants of childhood morbidity: adiposity and malnutrition. 

• Direct risk factors of child HIV/TB mortality in observational cohorts 

• Spatiotemporal modelling of mortality and morbidity in resource scare 

settings. 

Tables 1.1, 1.2 and Figure 1.5 detail how the themes link up with the papers and the fields of 

Epidemiology and Biostatistics. 
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Table 1.1: Thesis themes and inter-linkages with papers 

Themes Paper 1: Estimating 
spatial variability in 
adiposity 

Paper 2: Impact 
of HIV on 
malnutrition 

Paper 3: Child 
HIV/TB spatial 
mortality 
patterns 

Paper 4: Child 
HIV/TB 
spatiotemporal 
mortality patterns 

Paper 5: Modelling 
large spatiotemporal 
child mortality data 

1. Determinants of 
childhood morbidity: 
adiposity and 
malnutrition. 

�   

 

�  

�  

  

 

 �  

2. Direct risk factors of 
child HIV/TB mortality 
in observational 
cohorts 

�   

 

�   

 

�   

�  

 

�  

�  

�   

 

3. Spatiotemporal 
modelling of mortality 
and morbidity in 
resource scare settings. 

�   

�  

�  �  �   

�  

�  

�  
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Table 1.2: Thesis papers titles, status, comparative features and summary of key results. 

 

Paper Title, type and status Key comparative features of papers: Design, 
sample-size, number of years, household 
locations, outcome and explanatory variables  

Analyses methods used and duration of 
computing 

Key result findings 

1  -Estimation of multivariable and multivariate 
spatial variability for childhood adiposity 
measures in rural South African households. 
- Methodology, re-submitted to the Spatial 
Statistics Journal. 

Cross-sectional, 648 children from 648 locations, 
three obesity indicators: body mass index, waist 
circumference and percentage body fat.. 

Semi-variogram analysis, Moran’s and Geary’s 
spatial-auto-correlations, Univariate and 
Multivariate spatial random effects models. 
Inference done using maximum likelihood 
estimation (MLE) and Bayesian based Markov 
chain Monte Carlo (MCMC).One week 
computing duration for multivariate spatial 
models. 

The multivariable and multivariate analysis showed 
spatial variation. The multivariable models showed 
greater variability than the multivariate models, 
with smaller credible interval estimation bands. 
Obesity is positively correlated with malnutrition 
and inversely with poverty. 

2 -Spatially adjusted determinants of childhood 
malnutrition in rural north-east South 
African households: a multivariate and 
structural equation modelling approach.  
-Application, re-submitted to the American 
Journal of Clinical Nutrition . 

Cross-sectional, 648 children from 648 locations, 
two malnutrition z-score outcomes with HIV as 
one of the covariates and mediating variable. 

Spatial Multivariate (Bivariate Normal) and 
structural equation modelling. Inference done 
using Bayesian MCMC for spatial models (took 3 
days computing duration) and MLE for structural 
equation models.  

Spatial multivariate adjusted analyses revealed a 
negative mean effect due to HIV and protective 
effects with older aged children and mothers, and 
maternal education. Pathway analysis of these 
variables showed that HIV had a significant 
worsening mediator effect: -0.55 (95% CI: -1.09,-
0.02) and -0.61 (95 % CI: -0.98,-0.24) for weight-
for-age and height-for-age z-scores respectively. 

3 -The contribution of spatial analysis to 
understanding HIV/TB mortality in children: 
a structural equation modelling approach. 
Application, in press in the journal Global 
Health Action 

Cross-sectional, 6,692 children aged 1-5 years 
from 5,084 households in 2004, outcome was 
HIV/TB mortality 

A spatial random effects model was done using 
logistic regression model, catering for individual 
as well as household random effects. 4 hours 
computing duration. The determinants were 
further modelled using structural equation models 
base on conceptual framework. 

A conceptual framework based model of 
determinants of child HIV/TB mortality. A 
protective effect on child HIV/TB mortality was 
found with households that; were male headed, 
were least poor and had many inhabitants. 

4 -Space-time confounding adjusted 
determinants of child HIV/TB mortality for 
large zero-inflated data in rural South Africa.  
-Review and Application, published in 
Spatial and Spatiotemporal Epidemiology 
2011; 2, 205-217. 

Observational retrospective cohort, 16,844 
children aged 1-5, 6 years cumulative follow-up 
years, 8,863 locations, and outcomes were child 
HIV/TB mortality with covariates. 

Zero inflated Poisson and Negative Binomial 
models with discrete temporal effects and spatial 
random effects estimated via lowrank kriging. 
Inference was done using Bayesian MCMC 
which took 5 days computing duration. 

Mother’s death increased the risk of mortality 
almost threefold [adjusted hazard ratio=2.93, 95 % 
CI (1.29;6.93)] controlling for individual, 
household and space-time confounders. 

5 -Bayesian analysis of zero inflated 
spatiotemporal HIV/TB child mortality data 
through the INLA and SPDE approaches: 
Applied to data observed between 1992 and 
2010 in rural North East South Africa. -
Methodology, in-press in the Journal of 
Applied Earth Observation and 
Geoinformation 

 

Observation retrospective cohort, 71,057 children 
aged 0 -10, 19 years cumulative follow-up years, 
15,703 locations, outcomes were child HIV/TB 
mortality with covariates  

Zero inflated Binomial and Poisson models with 
first order autoregressive temporal effects and 
spatial random effects. Inference done using 
integrated nested Laplace approximations 
(INLA) and 12 hours computing duration. 

Greater birth-weight and age had protective effects 
on HIV/TB mortality with adjusted relative 
risk=0.73 (0.53; 0.99) and 0.18 (0.14; 0.22) 
respectively. We employed the triangulation 
technique to convert a Gaussian field to a Gaussian 
markov random field, in resolving the numerous 
household locations. This paper links with paper 3 
and handles even larger datasets. 
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Figure 1.5: Framework illustrating thesis structure and methods used: adapted from Bjørnson’s PhD thesis (68).
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1.5 Aim and specific objectives 

The overall aim was to determine factors associated with childhood malnutrition and 

HIV/TB mortality using spatiotemporal modelling, based on health and socio-

demographic surveillance system data from the rural Agincourt sub-district The 

modelling procedures adjust for the household-level spatial random effects using 

Bayesian techniques.  

 Specific objectives  Paper 

1. To measure the presence and extent of univariate and 

multivariate spatial variability of adiposity measures 

for children living in the Agincourt sub-district, 

Mpumalanga Province in 2007. 

 

 Paper 1: Estimation of univariate and 

multivariate spatial variability for childhood 

malnutrition outcomes from rural South 

African households. 

2. To determine the spatially adjusted effects of child HIV 

morbidity on malnutrition in children from the 

Agincourt sub-district, Mpumalanga Province in 2007. 

 Paper 3: The contribution of spatial analysis 

to understanding HIV/TB mortality in 

children: a structural equation modelling 

approach. 

3. To determine the spatial-temporal trends of HIV/TB 

related mortality for children in Agincourt sub-district, 

Mpumalanga Province in 2004, and from 2000 to 2005. 

 

 Paper 2 & 4: Space-time confounding 

adjusted determinants of child HIV/TB 

mortality for large zero-inflated data in rural 

South Africa 

4. To develop a modelling procedure that handles, large, 

zero inflated data adjusting for spatiotemporal random 

effects.  

 Paper 5: Bayesian analysis of zero inflated 

spatiotemporal HIV/TB child mortality data 

through the INLA and SPDE approaches: 

Applied to data observed between 1992 and 

2010 in rural North East South Africa. 
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1.6 Data, measurements and methods   

1.6.1 Agincourt health and socio-demographic survei llance system  

The data used in this thesis are from the Agincourt health and socio-demographic 

surveillance system (HDSS) established in 1992 and located in the rural Agincourt sub-

district in Bushbuckridge Municipality, Mpumalanga Province, northeast South Africa 

(Figure 1.6) (26). The HDSS was set up in that location mainly due to its remote 

location, availability of several clinics and presence of Mozambican in-migrants who 

arrived in the early to mid 1980s during the civil war (26). At onset in 1992 more than 

57,000 people from nearly 9,000 households located in 20 villages were registered and 

followed up annually (57). By 2012 the sub-district was comprised of some 80,000 plus 

people living in more than 16,000 households in 27 contiguous villages. Information at 

individual level (infants, children, adults and the elderly) is collected once every year 

together with other annual census updates, that compile demographic, mortality, 

fertility, migration and health data (57). 
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Figure 1.6: Agincourt Health and socio-Demographic Surveillance system: study site location. 
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1.6.2 Agincourt’s HDSS: data collection and validit y 

1.6.2.1 Agincourt’s hierarchical data structure 

The Agincourt HDSS data can be viewed as a hierarchical (multilevel) data structure. 

The data collected from the site are for different objects, events and modules. The object 

tables are: individual, household and location (households and villages) levels. The 

events include: births, pregnancies, maternity history, deaths, in- and out-migrations. 

Modules include: child care grants, child morbidity, education, food security, health 

care utilisation and household assets (57). In Figure 1.7, I give a diagrammatic overview 

of the multilevel structure and how this links with the three components of 

epidemiological research (person, place and time).  

 

 

 

 



 

 

Figure 1.7: Agincourt sub

 

1.6.2.2 Agincourt resident status, vital events

The annual updates are done on r

household roster, pregnancy outcome, death, migration, maternity history and union 

status (57). Household data collected include the geographical location 

household and village, demographic data on household head, vital events and other 

modules including household

Introduction Chapter 1 – page 37 

sub-district hierarchical data structure. 

resident status, vital events and modules 

updates are done on resident status and vital events; these include the 

household roster, pregnancy outcome, death, migration, maternity history and union 

Household data collected include the geographical location of

demographic data on household head, vital events and other 

s including household assets and food security. Pregnancy outcome data 

 
 

 

these include the 

household roster, pregnancy outcome, death, migration, maternity history and union 

of each 

demographic data on household head, vital events and other 

egnancy outcome data include 
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antenatal clinic visits; contraceptive use; duration, outcome and mode of delivery. Death 

and migration data include dates of events and locations. Other yearly updates focus on 

union status and maternity history. 

 

The HDSS also conducts other modules less frequently; bi-annually for some and at 

most five yearly. Table 1.3 lists these modules which include education, labour 

participation, household assets and adult health. In accordance with pertinent scientific 

questions, other less regular surveys are carried out as once-off events. Examples 

include screening questions on chronic cough in 1998 and one-sided weakness in 2000. 

Relevant to this thesis, a nested cross-sectional anthropometric survey was conducted in 

2007 (57). 
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Table 1.3: Agincourt HDSS household or individual modules: objects, events and episodes from 1992 to 2012. Source (66) 
 



 
 

 

Introduction Chapter 1 – page 40 
 

1.6.2.3 Verbal autopsy 

After every death that occurs in the HDSS, an interview is held with the closest 

caregiver of the deceased, at least one after death after a month in keeping with cultural 

mourning customs (69). The interview verbal autopsy is conducted by a team comprised 

of a supervisor and four specially trained fieldworkers (57). A locally translated and 

validated instrument adapted from that used in Niakhar, Senegal was used (57). An 

probing on all symptoms and open ended verbatim detail are collected from the 

caregiver. Completed questionnaires are given to medical experts to ascertain the 

probable death cause. The cause of death is independently determined by two medical 

experts (or three in the case of discrepancies) and classified according to the World 

Health Organization’s International Classification of Diseases (ICD10) (70). The 

medical experts classify the probable cause as underlying, immediate and contributory. 

The main outcome variable included in this study was death due to HIV and/or 

tuberculosis (TB) determined by the WHOs ICD10 verbal autopsy codes A16-A191 for 

TB and B20-B242 for HIV.  

1.6.2.4 Anthropometric survey and HIV testing 

This thesis uses data on 648 deaths of children aged 1-5 years, each coming from a 

different household. The measurement procedures are described below. The 

anthropometric survey was conducted between April and July 2007 and involved 4658 

                                                 
1 A16=Respiratory tuberculosis; not confirmed bacteriologically or histologically ; A17=Tuberculosis of nervous system; 

A18=Tuberculosis of other organs; A19=Miliary tuberculosis 
 
2 B20=Human immunodeficiency virus (HIV) disease resulting in infectious and parasitic diseases; B21=Human 

immunodeficiency virus (HIV) disease resulting in malignant neoplasms; B22=Human immunodeficiency virus (HIV) disease 

resulting in other specified diseases ; B23=Human immunodeficiency virus (HIV) disease resulting in other conditions; 

B24=Unspecified human immunodeficiency virus (HIV) disease 
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children and adolescents aged 1 to 20 years, randomly selected from the Agincourt 

sub-district. The sampling targetted at least 100 children per sex per year of age. 

Those included were permanent residents in the study area at the time of sampling 

and had lived in the study area at least 80 % of their life time, since birth or since 

1992 when the Agincourt HDSS started. 

 Height was measured using a stadiometer (Holtain, UK) calibrated in millimeters for 

all children 2-5 years. For children aged less than 24 months, length was measured 

using an inelastic tape measure in a recumbent position on a flat surface. Weight in 

kilograms (to one decimal point) was determined using a mechanical bathroom scale 

(Hanson, UK). Written informed consent was obtained from the parent/caregiver for 

anthropometric measurements. Anthropometric measurements (WAZ, HAZ and 

WHZ) were computed from the heights and weights in accordance to the global age 

specific medians and standard deviations. 

HIV testing was carried out using two concurrent rapid tests: Uni-GoldTM (Trinity 

Biotech, Bray, Ireland) and DetermineTM (Abbott, Wiesbaden, Germany), with pre- 

and post-test counselling. Additional separate written informed consent was obtained 

from the parent/caregiver for HIV testing. 

More details of the sampling, data collection procedures and HIV testing are provided 

elsewhere (57, 71, 72). 

1.6.2.5 Agincourt’s geographical information system 

Agincourt sub-district is located south of the equator near the Mozambican border (24° 

49' 0’ South, 31° 15' 0’ East). It covers an area of about 420 to 432 square kilometres 
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with more than 35 kilometres as the maximum straight line distance between two 

households. In the HDSS every household is geo-coded which enables spatial analysis 

at household as well as at village level. The household geo-codes and village centroids’ 

longitude and latitude data were measured using the South Oriented Transverse 

Mercator projection (Gauss-Krüger or Gauss conformal projection) coordinate system 

(73). 

1.6.3 Ethical considerations 

The Agincourt HDSS has ethical clearance from the University of the Witwatersrand 

(reference number M960720). Community consent was obtained from civic and 

traditional leaders when the site was first established. Individual consent is continuously 

renewed at every new visit during the annual censuses and at collection of verbal 

autopsy information (26). This PhD work was granted ethical clearance by the 

University of the Witwatersrand’s Committee for Research on Human Subjects 

(M081145). The child nutrition data were obtained from an anthropometric survey 

which had ethical clearance (M070244). 

1.6.4 Spatiotemporal modelling of mortality and mal nutrition 

1.6.4.1 Hierarchical Bayesian spatial models 

Epidemiological modelling often involves linking exposures to the outcome variables to 

explain and/or predict with the goal of producing evidence to inform control measures 

and interventions (25). Analysis of hierarchical spatial data depends on three main 

aspects: firstly the type of spatial data, secondly modelling of the spatial covariance 
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structure, and lastly the distribution of the outcome and manner of adding random 

effects (Gaussian and non-Gaussian structures).  

 

Three types of spatial data exist: areal (lattice) such as village level, point patterns 

(locations not fixed but random) and point-level (geo-statistical, locations are fixed over 

a continuous space) such as household location data (74). Areal models use 

neighbourhood structures based on arrangements of the blocks in the map. Two very 

popular models that incorporate such neighbourhood information are the simultaneously 

and conditionally autoregressive models (abbreviated SAR and CAR respectively) 

originally developed by Whittle (75) and Besag (76), respectively. An essential property 

for geo-statistical data is isotropy when the spatial correlation only depends on the 

distance between the two locations and not directional as with anisotropy (77). 

 

Observed HIV/TB mortality data in houses of close proximity share similar risk 

exposures as postulated by the first law of geography that near objects are more related 

than distant objects (78). Spatial exploratory procedures often reveal the presence of 

such inter-relations (Moran’s and Geary’s indexes) (79, 80), quantify it (variogram fits 

for geo-statistical data and Markov Random fields for areal data), while modelling goes 

further to enable drawing of smooth maps of mortality and morbidity (81, 82). Spatial 

pair-wise correlations are often modelled based on the Euclidean distance between two 

geo-locations. The Matérn correlation function is one of several parametric covariance 

structures with parameters that measure rate of spatial range (the distance beyond which 

spatial correlation may be ignored) and the spatial variability (83).Other functions are the 
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exponential (smoothness parameter of Matérn is 0.5), Gaussian (smoothness parameter 

of Matérn tends to infinity) and the spherical which are discussed in chapter two (84).  

 

Spatiotemporal modelling introduces the time and spatial components either as 

covariates (measuring trends) or as single or joint random effects such as first order 

autoregressive or Matérn correlation for the temporal and spatial respectively (85). Geo-

statistical models were introduced by Diggle et al. and they blend well with the two 

commonly used modelling procedures - the general linear models for Gaussian 

outcomes and the bigger family of Generalized linear mixed models (GLMMs) for both 

Gaussian and non-Gaussian (86, 87).  

 

Inclusion of the spatial correlation structure in the model is straightforward for Gaussian 

models as the structure follows a multivariate normal distribution. As for non-Gaussian 

structures these are fit as random effects, similarly for temporal effects. Hence spatial 

random effects are fit into GLMMs by assigning a parameter at each location forming a 

spatial column vector with dimensions equal to the number of geo-locations. Another 

very important aspect of geo-statistical modelling is spatial prediction commonly 

known as ‘kriging’ (85), named after a South African mining engineer Krige (88). In 

HIV/TB or malnutrition research, spatiotemporal modelling aims to find factors that 

influence the geospatial distributions adjusting for temporal and spatial correlation and 

spatial prediction (kriging) at unobserved locations.  
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1.6.4.2 Zero Inflated spatiotemporal models and Bayesian inference 

Epidemiological studies with observational count outcome data, where the proportion 

of zero counts is greater than expected on the basis of the mean of the non-zero counts, 

are on the rise. Handling such outcomes dealing with the inflation of zeros, requires 

the use of zero inflated models by introducing a latent probability process that inflates 

the number of zero points with a weighting to the conditional distribution. The use of 

zero inflated models in epidemiological studies has been on the increase over the 

years (23). Modelling zero inflated models using GLMMs requires a linear canonical 

predictor function (either logit or log) linked to either a count (discrete), dispersed 

count or binary for Poisson, Negative Binomial or Logistic respectively as the three 

most commonly used models (89, 90).  

 

Two commonly used statistical inference procedures, frequentist and Bayesian, can be 

applied to hierarchical data. However, the frequentist based mainly on maximum 

likelihood estimation (MLE), views the spatial effects as independent and fixed whereas 

the Bayesian views these as random. For multilevel data the MLE underestimate the 

standard errors and overestimate the statistical significance (91). Bayesian based 

inference estimate highly parameterized models with the aid of Markov chain Monte 

Carlo (MCMC) with variants such as the Gibbs sampling, Metropolis Hastings, slice 

sampling and reversible jump (20, 92-95). Another Bayesian estimation technique for 

Gaussian Markov random fields (GMRFs) is the Integrated Nested Laplace 

Approximation (INLA) (96, 97). Bayesian techniques also have the advantage of 

simultaneously estimating the outcome-exposure relations together with the random 

effects, a thing that ML procedures cannot do. 
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1.6.4.3 Modelling large geo-statistical random effects 

Geo-statistical random effect models have a parameter at each location, which gives 

problems in model estimations when the locations are many due to computer’s 

instability, slower speed (due to order O(N3) arithmetic operations for m locations), 

crashing and sometimes it is just not feasible. This problem is also known as the “big 

m” or “big N” (85, 98). In MCMC for large spatial data structures this problem occurs 

since the procedure involves repeated inversions (iterations) of a large NxN matrix as 

many times as the iterations.  

 

In an attempt to reduce the computational burden in estimating the spatial random 

effects, several approaches have been used: fast Fourier transforms, spectral, lattice, 

dimension reduction, course fine coupling, predictive process and lowrank kriging and 

triangulation combined with stochastic partial differential equations (SPDE) (85, 98-

101). For geo-statistical data the most commonly used are the predictive process and 

lowrank kriging approaches, which estimate the spatial parameters using a smaller 

number of locations and “representative” locations say M which are projected on the 

full spatial random vector using a linear combination (M<<N). Two procedures used in 

selecting a “representative” sample are the mini-max space filling algorithm and 

triangulation combined with SPDEs. This procedure, which is also known as sub-

sampling, was used in the modelling done by Pardo-Igúzquiza and Dowd (99).  
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1.6.4.4 Spatiotemporal model building and selection 

In this thesis several approaches to fit the models were used. We initially described the 

covariates stating the measures of central tendency (mean or medians) and measures of 

variability (standard, deviation, standard errors or ranges). Univariate or bivariate 

analysis of the non-spatial models followed to determine the risk factors or factors 

associated with the outcomes. Those that emerged significant were included in the 

multiple variable models, as well as the potential demographic confounders that showed 

significance from the 90% and the 95% Bayesian credible intervals. Several multiple 

variable models were built: firstly adjusting only for other covariates, secondly 

adjusting for covariates and spatial random effects, thirdly adjusting for temporality and 

other covariates (only in chapter six) and finally adjusting for spatiotemporal random 

effects and covariates (chapters 5 and 6).  As in chapters 2 and 3, spatial multivariate 

(two or more outcomes) analysis was performed. Structural equation models utilising 

robust standard errors were also fit for data for chapters 3 and 4 using only the variables 

that had come out significant from the spatial multiple variable models. Selection of 

priors for the Bayesian-based models was mainly centred on maximising the data by use 

of non-informative priors or weakly informative priors; mostly these were default priors 

in the software used which occasionally required some adjustments of parameters to fit 

better to the data. 

 

Deciding on the final model from all those fit involved different approaches. Initially, 

model convergence was assessed by inspecting the diagnostic graphical outputs (trace-

plots and density plots), tests of convergence and closeness of measures of central 

tendency for Gaussian data. Secondly, the deviance information criteria (DIC) was used 
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in determining goodness of fit of the proposed models, this can be defined as “classical 

estimate of fit, plus twice the effective number of parameters”. This is a technique for 

Bayesian model selection for MCMC derived posteriors – details on this procedure are 

provided in chapter 5 section 5.2.4. Selection of better model based on the DIC 

basically favours models with the smaller values. An interpretation of this is quite 

straight forward: the smaller the effective number of parameters the more parsimonious 

the model and the smaller the DIC the better the model fit; however the most 

parsimonious is not always the best model. The introduction of spatial random effects in 

the thesis increased the number of parameters in the models. The interpretation and 

selection of “best” models took this into account as the standard errors for the non-

spatial and spatial models were different. 
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Key Introductory points 

 
1. Childhood HIV and malnutrition are key public health problems 
globally, in developing nations and in South Africa. 
 
2. Determinants of child HIV/TB mortality and malnutrition are 
interrelated in complex pathways that are often ignored in modelling. 
 
 3. Spatial temporal modelling in our analysis can help to adjust for 
within-groups correlations in hierarchical data structures. 
 
4. Agincourt HDSS data provided high quality and well validated 
data to produce spatial prediction (kriging) maps for child 
malnutrition and mortality. 
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Chapter 2 abstract  

Background: Child adiposity is an important indicator of public health status and 

associated with morbidity and mortality. South Africa is one of the nations with a high 

child metabolic syndrome due to among other causes adiposity. In this paper we 

investigated the spatial distribution of three child adiposity measures in a remote area 

north-east of South Africa using univariate and multivariate spatial random effects 

models with covariates.  

 

Methodology: We undertook a secondary analysis of data collected from a cross-

sectional study conducted in 2007 on children aged 1-5 years. Three adiposity outcome 

measure: body mass index, waist circumference and percentage body fat. We 

investigated presence of spatial autocorrelation using Moran’s and Geary’s coefficients. 

Spatial semi-variograms parameter estimation was done diagrammatically (classical and 

robust) and theoretical approaches. We ran univariate, multiple variable and 

multivariate spatial regression models with covariate. 

 

Results: Moran’s (I) and Geary’s (c) coefficients indicated that there was positive 

global and local autocorrelation (clustering) respectively. We measured severity of 

spatial variation using the partial-sill-to-sill ratio which showed a five times smaller 

non-spatial variability (nugget) in the multiple variable models compared to the 

multivariate spatial models. There was a negative correlation between adiposity 

measures and: being males, being wasted and being underweight. However better socio-

economic status increased the risk of having resembling higher body mass, wider waist 

circumferences and higher percentage body fat.  
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Conclusions: Multivariate modelling adjusting for spatial random effects significantly 

lowers the unexplained variability and is useful in modelling natural and biological 

processes. Our analyses reveal that there are spatial differences in child adiposity levels 

even in this small rural area of South Africa. These geographical differences are often 

ignored in epidemiological regression modelling resulting in reporting of biased 

estimates. Accurate estimates of important child growth measures are crucial as we near 

the end of the millennium development goals in 2015, to guide policy and interventions. 
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2.1 Introduction  

Child malnutrition and adiposity (overweight and obesity) are major global public 

health problems listed amongst the 1990 Millennium Development Goals (MDGs): 

target three on goal one is ‘To eradicate extreme poverty and hunger’(102). Poverty on 

the other hand results in nutritionally deprived dietary habits which are usually carried 

over from childhood to adult life (103-105). Globally developed countries have 

traditionally the greatest burden of adiposity whereas developing countries have 

malnutrition-related problems in children. Contrary to the trends observed in the past 

decades, we are experiencing an epidemiological transition which stipulates changes 

from communicable to non-communicable causes of morbidity and mortality in children 

and adults in low and middle-income countries. Eating too little or eating too much 

comes with a cost as childhood malnutrition and adiposity are associated with 

development of metabolic syndrome in early adulthood (106-108). Metabolic syndrome 

is a cluster of key cardiovascular risk factors associated with an increased risk of 

subsequent diseases of lifestyle such as coronary artery disease, stroke, type 2 diabetes, 

dyslipidemia and hypertension (109).  

 

South Africa’s childhood adiposity and malnutrition rates are 2.4 - 4.8%, 11.0 - 17.0%, 

24.5%, 17.0% and 8.9% for obesity, overweight, stunting, underweight and wasting 

respectively (9, 110). In Mpumalanga province where our study was located rates are 

19.5%, 15.5% and 6.7% for stunting, underweight and wasting respectively (9). These 

figures all show that there are marked malnutrition differences geographically, racially 

and across age groups. Understanding of child health epidemiology and identifying 

areas with the greatest risk, can be effective weaponry to saving children's lives. As 
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there are differences in childhood adiposity between developed and develping countries, 

urban and rural settlements and also within geographical areas, knowledge of the spatial 

distribution of child obesity and overweight can help focus interventions. Few studies 

have catered for the spatial variations in nutritional outcomes analysis (111-113). 

 

Different measures of obesity vary in their accuracy as they either indirectly or directly 

measure body fat. We used three measures of underweight, obesity and overweigh: the 

body mass index (BMI), waist circumference and the percentage body fat. The 

commonly used BMI is a very useful indirect way of assessing obesity but does not 

distinguish between fat and non-fat weight or indicate where the fat is located (114). 

Another indirect measure is waist circumference,  that measures the amount of fat 

deposited centrally in the body; this has been shown to be particularly detrimental to 

cardio-metabolic health. The percentage body fat, a ratio of total body fat mass and total 

body weight; is an even better and more direct measure of obesity than the former two. 

Many studies utilize these measures separately  (103-108) but some studies have shown 

that a more wholesome perspective is derived when they are used in combination (114, 

115). For example a child who exercises regularly and increases muscle mass may be 

misclassified as obese using the BMI but properly classified according to waist 

circumference and percentage body fat (114).  

 

Statistical techniques take into account spatial correlations by introducing in the model 

either the spatial variables (longitude and latitude) or as spatially structured random 

effects. For the latter, the random effects assume the spatial data are correlated if this is 

overlooked as with the former, statistical methods often underestimate the standard 
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errors hence significance is overestimated, leading to incorrect inference and predictions 

thereafter (91, 116). It is therefore essential to handle spatial correlation well in analyses 

to adjust for and disclose the geographical patterns and reduce reporting of erroneous 

results. 

 

 Our main was aim to investigate the presence and then estimate the spatial variability 

on three adiposity outcomes; separately  (univariate and multivariable) and combined 

(multivariate) while controlling for demographic and potential malnutrition related 

confounders, for children aged 1-5 years in Agincourt sub-district , rural north–east 

South Africa in 2007. We utilized classical geographical, geo-statistical, frequentist 

inference and Bayesian inferences to assess how well the different approaches concur.  

 

The paper is structured as follows: in the methods section we describe the study area 

and how the outcomes were measured. Then we give a briefing on the theoretical 

procedures for measuring spatial autocorrelations, elements of theoretical spatial 

correlation models, frequentist inference and Bayesian inference via univariate and 

multivariate spatial modelling. We present and discuss our results from using simulated 

data and real data, and in conclusion we discuss the practical use of our results and 

scope for further studies. 
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2.2 Materials and methods 

2.2.1 Study area and ethical clearance 

The child data used were from the Agincourt sub-district located (24° 49' 0’ South, 31° 

15' 0’ East) south of the equator or north-east of South Africa near the Mozambican 

border as shown in figure 2.1. The study was nested within the Agincourt health and 

socio-demographic surveillance system (HDSS) established in 1992.The HDSS follows 

some 80,000 plus people living in more than 12,500 households in 24 contiguous 

villages covering an area of about 420 square kilometres. This study was conducted 

between April and July 2007. Included in the study were children who had lived in the 

area at least 80% of the time since birth. A random sample of children was drawn from 

each age-sex-village stratum in proportion to the population size of the village. A total 

of 648 children between 1-5 years of age living in 648 households were used in this 

paper. Further details of the sampling, sample selection and the Agincourt site are 

provided elsewhere (71, 117). This work was granted ethical clearances by the 

University of the Witwatersrand’s Committee for Research on Human Subjects (No. 

960720) and (M081145).  
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Figure 2.1: Agincourt sub-district and surveillance area showing households and 

primary health care facilities. 

2.2.2 Measurement of three adiposity measures 

A team of 12 fieldworkers was carefully trained by experts in anthropometric 

measurements. To minimise fieldworker variation, each fieldworker specialised in a 

specific measurement and collected the data on all study participants. Coefficient of 

variation for anthropometric measurements was determined before and towards the end 

of the study period; on average, the coefficient of variation towards the end of the study 

ranged between <1% and 3% for the different measurements (71). 

 

Anthropometric measurements were carried out on all children. Height was measured 

using a stadiometer (Holtain, UK) calibrated in millimetres. For all children aged less 

than 24 months, the determination of length was done using an inelastic tape measure in 
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a recumbent position on a flat surface. Weight in kilograms (to one decimal point) was 

determined using a mechanical bathroom scale (Hanson, UK). These were then used in 

computing the body mass index (BMI) using  
���� ���� 	
��� = � ������������∗�������. Waist circumference was measured in millimetres 

using an inelastic tape measure at the natural waist (midway between the tenth rib and 

the iliac crest) with the participant in a standing position. All measurements were 

carried out according to standard procedures (71, 118). 

 

The right hand side triceps, biceps, subscapular and suprailiac skinfold thicknesses were 

measured in triplets with a Harpenden (John Bull British indicators Ltd, London) skin 

fold calliper to the nearest 0.1 mm and were averaged (119). The four skinfold 

measurements averages were used to compute the total skinfold by summing the 

averages. Body density was estimated using the log of the sum of the four skinfold 

measurements as explanatory variables in gender-specific simple linear regression 

equations (119-121). Once the body density was estimated, this was then used in 

computing the percentage body fat using Lohman’s equation. This is a child-specific 

formula similar to the Siri equation, which assumes a constant protein-to-mineral ratio 

on adult’s cadaver body composition (122, 123). The Lohman’s formula for 

prepubescent children, that caters for their lower bone-mineral content and higher water 

content, used was �����
� ���� ��� = � �.�� �!"��# − 4.89� × 100 (123, 124). 

2.2.3 Spatial autocorrelation measures 

The Moran’s (I) and Geary’s (c) coefficients were used to investigate the presence of 

global and local clustering or randomness or dispersion. Inference on these two statistics 
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comes from approximate tests based on the asymptotic distribution of I and c, which 

both tend to a normal distribution as n (total sample) increases. 

+ = !, ∑ ∑ �.,01.1020342.34 ∑ 1.52.34                                      (2.1) 

where 6� is the deviation of a nutritional score from a location i (6� = 8� − 89), ;�,< is the 

spatial weight between locations i and j, and = = ∑ ∑ ;�,<!<>�!�?@  is the aggregate of all 

spatial weights. The null hypothesis (no spatial autocorrelation) is such that the 

population is normally distributed with mean A(+) = −1/(
 − 1) and variance C(+) 

(79, 80). Interpretation of Moran’s (+ ∈ [−1,1]) coefficient depends on one of three 

possible outcomes: + > A(+) indicates positive autocorrelation and suggests that 

neighbouring values have similar deviations (clustering),	+ close to zero indicating no 

spatial autocorrelation (random) and negative autocorrelation + < A(+) which implies 

dispersed neighbouring values (125). The Moran’s scatter plot is also used in verifying 

the results obtained from the computation, since the slope from the line of best fit using 

method of least squares is also the Moran’s coefficient I from standardized values (126, 

127). There has been some advancement of the Moran’s coefficient resulting in a 

weighting adjusted modified Moran’s coefficient, however this has not been used in our 

study (128). 

 

In computations of the Moran’s coefficient shown in (1), the cross-product (6�6<) is 

based on the deviations from the mean for the two geo-locations. When this is based on 

the actual values from the locations divided by two we obtain the Geary’s � ∈ [0,2] 
statistic for investigating local autocorrelation:  

� = (!J@)∑ ∑ �.,0(K.JK0)20342.34L,∑ 1.52.34                                      (2.2) 
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The null hypothesis of no local spatial autocorrelation is such that it follows the 

standard normal distribution with sample mean A(�) = 1 and variance C(�) (129). 

Interpretation of Geary’s coefficient, c < A(c) for positive local autocorrelation 

(clustering) with c=0 implying perfect positive, c=1 no local spatial autocorrelation 

(random) and c > A(c)	for the negative local autocorrelation (dispersion) with c=2 for 

perfect negative (125). Statistical significance for both coefficients can be ascertained 

using p-values smaller than 0.05 or whether the absolute standard normal (Z) values are 

greater than 1.96. 

2.2.4 Semi-variogram spatial parameter estimations 

Spatial correlation between adiposity measures was estimated graphically using 

parametric semi-variograms. Our standardized nutritional Z-scores had zero means and 

assumed to be strictly stationary such that covariance between 8(��) and 8(�� + ℎ) was 

given by the semi-variogram P(|ℎ|) = @LR(�)∑ [8(��) − 8(�� + ℎ)]LR(�)�?@  with S(ℎ) the 

number of sampled points of distance (lag) length	ℎ. Figure 2.2 (left) shows the 

distribution of all the possible distance pairs in our data. Parametric semi-variograms 

increase monotonically reaching a peak (sill) at a range (T = 1/U) with spatial variance 

known as the partial-sill (V"L) and non random starting variance (at ℎ>0) known as 

nugget (W"L) see figure 2.2 (right).. 
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Figure 2.2: Distribution of all pair-wise distances (left) and a semi-variogram diagram (right).
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We fit two theoretical semi-variograms, the exponential (equation 2.3) and the Gaussian 

(equation 2.4). The distance beyond which the spatial dependence would be negligible 

(95% of the sill) is known as the effective (or practical) range which is �∈ = �X = 3U and 

�∈ = √�X = √3U for the exponential and Gaussian respectively. The effective range is the 

distance beyond which the correlations are equal to or lower than 0.05 

P(ℎ) = [ 0		�	|ℎ| = 0
W"L + V"L \1 − ��]	 �− |�|^ �_ 		�	|ℎ| > 0̀                           (2.3) 

where W"L is the nugget, σbL is the partial-sill (spatial variance), |ℎ| is the Euclidean 

distance between two locations and T is the range (T = @̂
). Similarly for the Gaussian 

semi-variogram as shown in equation 2.(4): 

P(ℎ) = [ 0		�	|ℎ| = 0
W"L + V"L \1 − ��]	 �− |�|5^5 �_ 		�	|ℎ| > 0̀                                (2.4) 

Semi-variograms were fit to the simulated data (shown in section 2.3) and also to our 

data using classical and robust approaches. Secondly we fit four theoretical semi-

variograms namely; exponential using ordinary least squares (Exp-OLS), exponential 

using weighted least squares (Exp-WLS), Gaussian using ordinary least squares (Sph-

OLS or Gau-OLS) and Gaussian using weighted least squares (Sph-WLS or Gau-WLS).  

 

For reporting on spatial variability, some authors conjecture that the variance ratios 

W"L/(W"L + σbL) = nugget/sill or σbL/(W"L + σbL) = partial-sill/sill are more important for 

spatial noise estimation than the range which is sometimes fixed in the estimations (81, 
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82). As such, the partial-sill-to-sill ratios σbL/(W"L + σbL) of <25%, 25-75% and >75% 

indicate weak, moderate and strong spatial dependences respectively (130, 131). 

 

2.2.5 Single outcome spatial random effects Bayesia n models 

Adiposity measures; BMI, waist circumference and percentage body fat, provide useful 

indications of accumulated body fat in the human body and are often measured 

seperated. These adiposity data for each measure can be denoted as ( )iY s , (i =
1,2, … , N) at a household location (longitude and latitude) 2

is ∈ℜ , where is  varies 

continuously over an area D, a fixed subset of 2ℜ ⊂ D . The spatial and non-spatial 

random effects model for the ith (i = 1,2, … , N) child at location is  can be written as: 

( ) ( ) ( )T
i i iY s X s s+ ϕ= ββββ                                                (2.5) 

where ( )T
iX s is the vector of explanatory variables, ββββ  the vector of regression 

coefficients and random effects f(g) = (f(�@), f(�L)… . . f(�R))h~jCS(0,∑) with 

2 2( )s s Iσ ρ φ τ= +ΣΣΣΣ  made up of the of spatial (with spatial variance2
sσ  and decay ( )ρ φ

parameters) and non-spatial (2
sτ  nugget parameter) random effects. 

 

We fit two single outcomes spatial random effects models, these were; lowrank kriging 

(using a sub-sample of the locations) and global kriging (using all the locations) via 

Bayesian inference’s Markov chain Monte Carlo (MCMC) parameter estimations. The 

lowrank kriging model computes latent spatial random effects which follow a 

multivariate Gaussian random field (GRF) with zero stationary mean which are 

projected onto an n × 1 sub-sample 
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f∗(g) = (f∗(�@), f∗(�L)… . . f∗(�!))h~jCS(0,∑∗). To reduce the computational 

burden associated with many locations,  also known as the ‘Big N’, we estimated 

f(g) = l"mn�f∗(g) , where Zbpqr the S × 
 matrix is a product of the covariance matrix 

between the sub-sample and the original locations	�h(S × S) and it’s variance-

covariance matrix ∑∗(
 × 
) (85). The variance-covariance matrix ∑∗ follows an 

isotropic parametric correlation structure with geographical between-households 

variance σbL (partial-sill). For the exponential correlation the multivariate distribution 

has variance ∑∗ = V"∗L��]s−Tt��<u + W"∗L+, where ��< is the Euclidean distance between 

households i and j from the sub-sample, and Tt = ����,<v�� − �<v /0.001 is empirically 

estimated from all the locations and then fixed; rate of spatial correlation decay (82). 

The ‘representative’ sub-sample was selected using the mini-max space filling criteria 

(82, 132). Lowrank kriging predicted for the remainder of 23% (148/648) of the 

locations after fitting parameters using the 77% (500/648). Whereas the global 

(universal) kriging model uses all the geo-locations to estimate the latent spatial random 

effects.  

 

For a full Bayesian model we will require the priors for the parameters and functions. 

For the fixed effects parameters ββββ  we assume diffuse priors or weakly informative 

Normal priors. For spatial random effects priors used in the lowrank kriging we had 

](U∗|V"mn�∗L ) ∝ |∑∗|J45��] x J@
Lyz{|}∗5 (U∗)~∑∗J@U∗� and the independent non spatial 

random (nugget) effects had Normal priors and all hyper-priors were Inverse Gamma 

(IG) (133).  
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2.2.6 Multivariate spatial random effects Bayesian model 

We also jointly modelled the three child adiposity measures assuming they follow a 

Multivariate (Trivariate) Normal distribution: 

( ) ( )TY X + ω=
% %%

ββββs s                                                 (2.6) 

where 3
1( ) [ ( )] q

k kY Y =
==

%
s s  is a vector with BMI, waist circumference and percentage body 

fat at all households, 3
1[ ] q

k k
=
==

%

β ββ ββ ββ β  and ( ) ~ [ , ( ; , ) ]nMVN K s s Iω θ ′ + ⊗ Ψ0
% %

s with vector of 

spatial decay parameters 3
1[ ] q

k kθ φ =
==

%
 ,the qn x qn variance-covariance matrix ( ; , )K s sθ ′  

which should be symmetric and positive definite.  
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To complete Bayesian specification we adopt the inverse Wishart prior 

1 ( )~ ( ,3)KK Wish− Ω  for the variance-covariance matrix, non informative Normal priors 

( ) 2( )~ ( , )k k kN β βµ σββββ  for the regression coefficients, Uniform priors for the spatial decays 
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 and an inverse Wishart prior for the matrix of non spatial 

random effects 1 ( )~ ( ,3)Wish− ΨΨ Ω . 

To fit this multivariate spatial random effects model we used all the 648 household geo-

locations (global kriging technique). Estimation of the spatial parameters via Bayesian 

inference’s MCMC employing the Metropolis Hastings (MH) step whenever necessary 

for conditionals without a closed form. 
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2.2.7 Software for geo-statistical analyses  

Preliminary analysis and semi-variogram analysis were done in STATA 12.0 and SAS 

version 9.2 respectively (134, 135). Bayesian global and lowrank kriging models were 

fit using R version 2.12.2 packages (spBayes, maptools and coda) and BayesX 

respectively (136, 137). Semi-variogram plots were done in SAS; simulated data, 

Moran’s scatter plots, diagnostic plots, observed adiposity measures contours and maps 

were done in R; and box plots of simulated data estimates were generated using 

STATA. Bayesian model parameters were fit via Gibbs sampling and, where 

appropriate, the Metropolis Hastings (MH) within Gibbs by Markov chain Monte Carlo 

(MCMC) (85). Inference was based on a total of 105,000 three chain iterations, the first 

5000 were discarded as burn-in and to reduce auto-correlation every 25th value was 

taken to form a posterior sample of 4000. Model convergence was assessed by 

inspecting the diagnostic graphical outputs (trace-plots and density plots), tests of 

convergence and closeness of measures of central tendency for Normally distributed 

data (138, 139).  

2.3. Results 

Initially we used univariate simulated data to compare how well all the approaches we 

discussed were able to capture the true values and to make comparisons between them. 

We then give results of the spatial autocorrelation investigations using Moran’s and 

Geary’s indices for the adiposity measures. Then we ran analysis on the adiposity 

measures based on the techniques that utilise all the geo-locations in multiple variable 

as well as multivariate Trivariate models. 
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2.3.1 Simulated data results 

Univariate models were fit to simulated data with a constant of 1.5, spatial variance 

(partial-sill) 5.00, effective range of 1.80 and non-spatial variance (nugget) 2.00 

generated using the geo-locations in our real data. As we assumed our data to follow 

either the exponential or spherical parametric distributions, model fit was done using the 

aforementioned graphical and theoretical procedures. Not all of our models were able to 

capture the true values in the 95% confidence and credible intervals as shown in table 

2.1 and figure 2.3.  

 

 

Table 2.1: Graphical, theoretical and Bayesian derived spatial parameter estimates for simulated data 

 Simulated data 

 True value; Estimate (95% Confidence/Credible interval) 

Partial Sill-spatial variance (V�2)  Exponential OLS 5.00;5.02(2.22;7.92) 

WLS 5.00;5.02(4.08;5.98)# 

Gaussian OLS 5.00;3.88(2.02;5.74) 

WLS 5.00;3.86(3.14;4.58) 

Bayesian 

Kriging 

Lowrank 5.00;5.03(2.48;8.27) 

Global 5.00;4.80(3.02;8.10) 

Range (� × �) Exponential OLS 1.80;1.63(0.05;3.20) 

WLS 1.80;1.99(1.16;2.82)# 

Range (√� × �) Gaussian OLS 1.80;2.18(0.74;3.62) 

WLS 1.80;2.35(1.59;3.12) 

Range (� × �) Bayesian 

Kriging 

Lowrank 3.42 (fixed) 

Global 1.80;1.68(0.79;2.84) 

Nugget-Non spatial variance (W"L) Exponential OLS 2.00;1.68(-1.20;4.55) 

WLS 2.00;1.94(0.95;2.92)# 

Gaussian OLS 2.00;2.85(1.01;4.68) 

WLS 2.00;2.98(2.29;3.68) 

Bayesian 

Kriging 

Lowrank 2.00;2.04(1.73;2.40) 

Global 2.00;2.32(1.93;2.76) 

Key:* - significance at 5%, ** - significance 1%, # - graphical ‘better’ fitting semi-variogram estimates. 
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Figure 2.3: Box plots of 95% credible intervals and point estimates for simulated data.
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Generally, the exponential models captured all the parameter estimates; the Gaussian 

models overestimated the nugget and effective range but underestimated the spatial 

variance. These Bayesian models estimated the nugget well but gave wide credible 

intervals for the spatial variance. In estimation of the nugget two models’ point 

estimates were very close to the true value and the Bayesian lowrank model gave the 

narrower credible interval. When estimating the effective range, the model that fixed the 

range model was the worst and the Bayesian model using all locations (global) had the 

closest point estimate, later we discuss this approach further. Three models were very 

close to the partial-sill point estimate and the best was from the exponential weighted 

least squares (Exp-WLS). Figure 2.3 shows that the Gaussian weighted least square 

(Sph-WLS or Gau-WLS) performed the worst as it completely missed the true value in 

two of the three estimates. A similar pattern can be seen in figure 2.4 as it leaves out 

more of the graphical and robust estimates compared to the others.  

 

Figure 2.4: Graphical semi-variogram plots for classical and robust semivariance 

estimates for simulated data. 
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These results are based on a model fit using the global kriging technique involving all 

648 locations. Model diagnostics plots for the full (no burning or thinning) MCMC 

posterior sequence are shown in figure 2.5, for the Normally distributed constant a 

perfectly symmetrical pattern was observed. These plots indicated that the model fit did 

very well in capturing the true values. Upon employing the Heidelberger and Welch's 

convergence diagnostics test of model convergence, all the posterior sequences passed 

the stationary test indicating that the samples used were sufficient for convergence and a 

longer sequence was not necessary (140). Lastly, a close inspection of the summary 

estimates indicates that the model credible intervals were able to capture the true 

parameter values and the point estimates were well within the true values. 
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Figure 2.5: Diagnostic (autocorrelation and density) plots for simulated data parameters.
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2.3.2 Spatial autocorrelation analysis results 

Moran’s coefficient for spatial correlation of body mass indices showed a significant positive 

autocorrelation (I = 0.023 > A(I) = −0.002) (see table 2.2) hence the spatial distribution of 

high and/or low values in the BMIs is significantly spatially clustered. Similarly for Geary’s 

sample spatial correlation (c = 0.965 < A(c) = 1.00) which suggests a trend of neighbouring 

household values had similar deviations. Analysis of waist circumferences showed statistically 

significant positive Moran’s and Geary’s coefficients, hence the data were more prone to be 

spatially clustered rather than random and significant local spatial clustering, respectively. The 

body fat masses show more randomness than neither global nor local clustering as 

indicated by the Moran’s and Geary’s indices.  

2.3.3 Descriptive statistics for Agincourt child ad iposity outcomes and 

malnutrition explanatory variables 

We analysed data for 648 children located in the Agincourt sub-district, rural north-east 

South Africa, whose average age was 3.15 years with slightly more males (50.6%) as 

shown in table 2.3. Amongst the explanatory variables were child malnutrition Z-scores 

less than -2 which have health significance: 6.79% were wasted (WHZ< −2), 17.13% 

were stunted (HAZ< −2) and 10.2% were underweight (WAZ< −2). Socio-economic 

status quartile indices, computed from household assets using principle component 

analysis, showed that 19.75% were least poor and 20.68% were in the most poor 

Table 2.2: Graphical, theoretical and Bayesian derived spatial parameter estimates for simulated data 

Variable Measure Index  
(I) 

Expected value 
 E(I) 

Standard deviation 
sd(I) 

Z; p-value 

Body mass index Moran’s 0.023 -0.002  0.007 3.748; p<0.001 
 Geary’s 0.965 1.000 0.023 -1.562; p=0.059 

Waist circumference Moran’s 0.011 -0.002 0.007 1.820;p=0.034 
 Geary’s 0.969 1.000 0.015 -2.166;p=0.015 

Body fat mass Moran’s -0.002 -0.002 0.007 0.029;p-0.488 
 Geary’s 1.000 1.000 0.016 0.029;p-0.488 
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categories. In the following subsections we give the results from the geostatistical 

exploratory analysis (autocorrelations) followed by the univariate and multivariate 

geostatistical Bayesian analysis.  

2.3.4 Spatial multiple and multivariate results for  three adiposity 

measures. 

The three adiposity measures were correlated such that: BMI and waist circumference 

(r=0.2381,p<0.001); BMI and body fat mass (r=0.4367, p<0.001) and waist 

circumference and body fat mass (r=0.2697,p<0.001). Spatial investigations using 

multiple variable and multivariate models showed more variability (12% vs 47% 

partial-sill-to-sill ratio), smaller nuggets and slower decay with the latter multivariate 

models.  
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. 

Table 2.3: Body mass indices descriptive statistics, Univariate, multiple variable and spatial multiple and multivariate results  

Descriptive measures Single outcome models Several outcomes models 
Variable and 

categories 
Summary statistics Univariate regression 

Coefficient (95%CI) 
Spatial multiple 

regression Coefficient 
(95%BCI) 

Multivariate multiple 
regression Coefficient 

(95%BCI) 

Spatial multivariate multiple 
regression Coefficient (95%BCI) 

Sex - Male 328(50.62%) ref  ref  ref  ref  
 Female 320(49.38%) -0.47* -0.75 -0.18 -0.37* -0.60 -0.15 -0.4* -0.64 -0.16 -0.38* -0.42 -0.34 
Age in years 3.15±1.11 -0.54* -0.67 -0.42 -0.49* -0.59 -0.39 -0.04 -0.15 0.07 -0.48* -0.50 -0.46 
Wasted - No 604(93.21%) ref   ref   ref   ref   
 Yes 44(6.79%) -3.84* -4.34 -3.34 -2.41* -2.97 -1.84 -2.61* -3.21 -2.01 -2.54* -2.64 -2.43 
Stunted - No 537(82.87%) ref   ref   ref   ref   
 Yes 111(17.13%) 0.72* 0.34 1.11 0.86* 0.53 1.19 1.12* 0.77 1.47 0.85* 0.79 0.92 
Underweight -No 582(89.81%) ref   ref   ref   ref   
 Yes 66(10.19%) -2.50* -2.94 -2.05 -1.66* -2.16 -1.17 -1.69* -2.22 -1.16 -1.69* -1.78 -1.60 
Socio-economic 
status - Most poor 

134(20.68%)  
ref 

 
 ref   ref 

  
ref   

 Very Poor 129(19.91%) 0.05 -0.41 0.51 0.10 -0.25 0.46 0.03 -0.34 0.41 0.11* 0.05 0.18 
 Moderately poor 128(19.75%) 0.09 -0.37 0.55 0.25 -0.11 0.61 0.16 -0.21 0.53 0.25* 0.19 0.32 
 Poor 129(19.91%) 0.15 -0.31 0.61 0.25 -0.11 0.61 0.15 -0.22 0.53 0.26* 0.19 0.33 
 Least poor 128(19.75%) 0.37 -0.09 0.83 0.41* 0.05 0.77 0.32 -0.05 0.7 0.38* 0.31 0.45 
Spatial variance     0.26* 0.14 0.48    0.58* 0.21 1.21 
Nugget     1.92* 1.69 2.17     0.66* 0.15 1.43 
Spatial decay     1.03* 0.32 2.89    3.02*x10-3 2.99x10-3 4.10x10-3 

*:-significant at the 5% level; ref:-reference (coefficient equal to 0); CI:-confidence interval, BCI:-Bayesian credible interval 
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Figure 2.6: Observed (left) and spatial multivariate posterior (right) maps and 

contour for body mass indices for children in Agincourt 2007. 

Several factors were significantly associated with a worsening BMI: being female, older 

child age, childhood wasting, being underweight and better socio-economic status (table 

2.3). Figure 2.6 (left hand side) shows the observed BMIs of two northern areas, with 

significantly higher and one region north-easterly had significantly low BMI. These 

patterns are consistent with the low spatial autocorrelations of BMIs highlighted in 

section 2.3.2. The BMIs posterior maps figure 2.6 (right) adjusting outcomes: waist 

circumference and percentage body fat and for covariates: child’s gender, age, wasting, 

underweight and better socio-economic status. This indicated several areas predisposed 

to lower (blue areas – cold spots) BMI related adiposity compared to those with high 

adiposity (red to yellow areas – hot spots).  
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Table 2.4: Waist circumferences descriptive statistics, Univariate, multiple variable and spatial multiple and multivariate results 

Descriptive measures Single outcome models Several outcomes models 
Variable and 

categories 
Summary 
statistics 

Univariate regression 
Coefficient (95%CI) 

Spatial multiple 
regression Coefficient 

(95%BCI) 

Multivariate multiple 
regression Coefficient 

(95%BCI) 

Spatial multivariate multiple 
regression Coefficient (95%BCI) 

Sex - Male 328(50.62%) ref   ref   ref   ref   
 Female 320(49.38%) -7.97* -13.10 -2.85 -9.17* -13.7 -4.63 -8.73* -13.53 -3.91 -9.17* -9.28 -9.06 
Age in years 3.15±1.11 11.10* 8.93 13.27 10.03* 7.96 12.1 3.26* 1.07 5.44 10.03* 9.98 10.09 
Wasted - No 604(93.21%) ref   ref   ref   ref   
 Yes 44(6.79%) -17.87* -28.03 -7.71 -3.33 -14.61 8.1 -2.04 -14.15 10.09 -3.28* -3.55 -3.00 
Stunted - No 537(82.87%) ref            

 Yes 
111(17.13%) -22.09* -28.72 -

15.46 -10.42* -17.12 -3.77 -15.82* -22.81 -8.8 -10.42* -10.58 -10.26 
Underweight -No 582(89.81%) ref   ref   ref   ref   

 Yes 
66(10.19%) -29.65* -37.86 -

21.44 -22.61* -32.64 -12.68 -22.78* -33.4 -12.19 -22.61* -22.85 -22.38 
Socio-economic 
status - Most 
poor 

134(20.68%)  
ref 

  

ref   ref   ref   
 Very Poor 129(19.91%) 12.31* 4.28 20.34 8.29* 1.17 15.42 9.55* 2.02 17.11 8.29* 8.11 8.46 
 Moderately poor 128(19.75%) 12.20* 4.14 20.24 8.29* 1.05 15.45 9.61* 2.03 17.17 8.27* 8.10 8.45 
 Poor 129(19.91%) 12.39* 4.35 20.42 6.47 -0.69 13.63 7.7* 0.09 15.34 6.47* 6.29 6.64 
 Least poor 128(19.75%) 9.16* 1.11 17.21 5.42 -1.68 12.54 5.84 -1.72 13.41 5.41* 5.24 5.59 
Spatial variance     0.64* 0.18 4.03    0.71* 0.28 1.20 
Nugget     855.50* 768.46 956.95    775.40* 0.38 908.64 
Spatial range     1.75* 0.39 2.96    3.00*x10-3 2.99x10-3 3.00x10-3 

*:-significant at the 5% level; ref:-reference (coefficient equal to 0); CI:-confidence interval, BCI:-Bayesian credible interval 
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Figure 2.7: Observed (left) and spatial multivariate posterior (right) maps and 

contour for waist circumferences for children in Agincourt 2007. 

 

Similarly for waist circumference had several factors significantly associated with a 

worsening adiposity such as being female, elderly child age, childhood wasting, being 

underweight and better socio-economic status, shown in table 2.4. Figure 2.7 (left hand 

side) shows the observed waist circumferences show some north-easterly and south-

westerly regions with significantly moderate to high adiposity measures. However the 

prediction posteriors map in Figure 2.7 (right) shows the predicted waist circumferences 

show several north-easterly and south-westerly regions with significantly lower 

adiposity measures. It appears that waist circumference adjusting for outcomes BMI and 

percentage body fat and for covariates: child’s gender, age, wasting, underweight and 

better socio-economic status shows severely lower adiposity in the region. 
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Table 2.5: Body fat mass descriptive statistics, Univariate, multiple variable and spatial multiple and multivariate results 

Descriptive measures Single outcome models Several outcomes models 
Variable and 

categories 
Summary  
statistics 

Univariate regression 
Coefficient (95%CI) 

Spatial multiple 
regression Coefficient 

(95%BCI) 

Multivariate multiple 
regression Coefficient 

(95%BCI) 

Spatial multivariate multiple 
regression Coefficient (95%BCI) 

Sex - Male 328(50.62%) ref   ref   ref   ref   
 Female 320(49.38%) -6.27* -7.44 -5.10 -6.12* -7.22 -5.02 -6.21 -7.36 -5.04 -6.12* -6.17 -6.07 
Age in years 3.15±1.11 -2.17* -2.72 -1.62 -2.12* -2.63 -1.62 -0.02 -0.55 0.51 -2.11* -2.13 -2.09 
Wasted - No 604(93.21%) ref   ref   ref   ref   
 Yes 44(6.79%) -4.63* -7.12 -2.13 -1.88* -4.63 0.91 -2.22 -5.12 0.71 -1.86* -1.97 -1.73 
Stunted - No 537(82.87%) ref   ref   ref   ref   
 Yes 111(17.13%) 1.32 -0.36 3.00 0.41 -1.22 2.03 1.59 -0.11 3.27 0.39* 0.32 0.46 
Underweight -No 582(89.81%)             
 Yes 66(10.19%) -3.12* -5.20 -1.03 -3.01* -5.45 -0.58 -2.99 -5.55 -0.43 -2.99* -3.10 -2.89 
Socio-economic 
status - Most poor 

134(20.68%)  
ref 

  
ref   ref   ref   

 Very Poor 129(19.91%) 0.41 -1.59 2.40 0.30 -1.44 2.04 -0.07 -1.89 1.75 0.32* 0.25 0.40 
 Moderately poor 128(19.75%) 1.71 -0.29 3.70 2.02* 0.25 3.76 1.55 -0.29 3.38 2.00* 1.92 2.07 
 Poor 129(19.91%) 0.27 -1.72 2.27 0.55 -1.2 2.29 0.06 -1.78 1.92 0.58* 0.51 0.66 
 Least poor 128(19.75%) 0.64 -1.35 2.64 0.59 -1.15 2.33 0.27 -1.57 2.1 0.59* 0.52 0.66 
Spatial variance     0.72* 0.2 3.33    39.04* 0.25 49.02 
Nugget     49.9* 44.37 55.94    1.83* 0.24 4.09 
Spatial range     1.66* 0.48 2.95    3.00*x10-3 2.99x10-3 3.00x10-3 

*:-significant at the 5% level; ref:-reference with coefficient equal to 0; CI:-confidence interval, BCI:-Bayesian credible interval 
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Figure 2.8: Observed (left) and spatial multivariate posterior (right) maps and 

contour for body fat masses for children in Agincourt 2007. 

 
The observed percentage body fat spatial distribution for hot spots was very similar to 

that of the BMIs, which also had the better pair-wise correlations. However they 

generally are less clustered (more random) than the BMIs as shown by the insignificant 

Moran’s and Geary’s indices in table 2.2. The percentage body fat adjusted (for BMIs 

and waist circumference) posterior map shows several cold spots adjusting for 

covariates: child sex, age, wasting, underweight, malnutrition and socio-economic 

status. 

2.4 Discussion 

In this paper we demonstrated that there are differences in spatial variability on three 

adiposity measures for children aged 1-5 years in a small rural area in South Africa. The 

multivariate analysis adjusting for the other similar outcome measures as well as 

covariates indicated that that gender, age, malnutrition indicators (underweight, stunted 

and wasted) and socio-economic status. Similar findings have also been found in other 
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studies (141-144), however they did not adjustment for both outcomes and covariates 

whilst fitting a spatial random effect model. This is an emerging discipline in 

epidemiological studies. 

 

It is evident in this area that there are severe levels of adiposity mostly for those 

children residing north-easterly and also on the south-westerly parts. This information 

can be used to inform how interventions for the area are administered to obtain the most 

effective public health impact. Such knowledge can also better the manner in which 

analysis is done and how morbidity/mortality data are reported for this area and beyond. 

Often regional (country-specific) estimates are reported which mask the true estimates 

resulting in under or over estimation of diseases and mortality. 

  

We also demonstrated that semi-variogram fitting to data is an interactive process where 

the modeller has to visually assess how well the theoretical models fit to their data. 

Often all parameters may not be estimated well enough and sometimes stricter 

assumptions have to be made to settle for a given theoretical model. The technique we 

used to estimate then fix the spatial range parameter has been favoured by some authors 

because often convergence of the range is very difficult to attain (145). This is because 

its’ very sensitive to the fitted theoretical distribution, as our graphical semi-variogram 

analysis disclosed. 

2.5 Conclusion 

Geospatial analyses maps can guide to further in-depth studies to determine major 

causes of adiposity in areas of high HIV/AIDS, related conditions and poverty. With 
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less than three years to the end of the MDGs (in 2015) there is need for more accurate 

reporting of morbidity and mortality in member countries as this impacts on allocation 

of global interventions and accuracy of burden of diseases. 

 

Epidemiological modelling catering for spatial random effects has been getting 

increasingly more complex due to the nature of the data (large) and interrelatedness of 

outcomes and explanatory variables. Our study has demonstrated that a univariate as 

well as multivariate model can be used and the results will be comparable. Lowrank 

kriging is a potentially very useful technique to handle “large” spatial dataset it 

performed considerably well and yielded similar results to estimations based on all geo-

locations (global kriging). When several correlated outcomes are in consideration 

spatial multivariate techniques that can handle such relations are available using 

software from the public domain. This allows us to model biological or natural 

processes in accordance with their original state properties. In conclusion we propose 

that geo-statistical modelling has a great potential in public health research and can be 

effectively used by researchers to inform policy makers and on high and low risk areas 

for interventions.  
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Chapter three abstract 

Background: The extent of geographical disparities on childhood malnutrition and effects of 

HIV has hardly been explored, yet it is a reservoir of information for effective public health 

interventions. 

Objective: Our primary aim was to determine factors associated with two malnutrition 

outcomes (weight-for-age and height-for-age) adjusting for their multivariate spatial random 

effects. Secondarily, pathways linking independent factors, HIV and malnutrition outcomes, 

were examined. We tested the hypothesis: “HIV retards child growth controlling for other 

factors and household spatial random effects”. 

Design: We analyzed data from a cross-sectional anthropometric survey of 648 children aged 

1 – 5 years collected in 2007. We employed a Bayesian multivariate spatial model to 

simultaneously analyze the two indicators of child malnutrition. To assess the mediator 

impact of HIV on correlated malnutrition outcomes and other explanatory variables, 

structural equation models were used. 

Results: Spatial multivariate adjusted analyses revealed a negative mean effect due to HIV 

and protective effects with older aged children and mothers, and maternal education. Pathway 

analyses of these factors showed that HIV had a significant mediator effect and the greatest 

worsening effect of -0.55 (95% CI: -1.09,-0.02) and -0.61(95% CI: -0.98,-0.24) for weight-

for-age and height-for-age z-scores respectively. 

Conclusions: Child malnutrition interventions can be more effective if there is a dual focus 

on those HIV infected and the geographical areas of greatest risk. Public health population 

level interventions aimed at reducing child malnutrition are pivotal in lowering morbidity and 

mortality in remote areas. 
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3.1 Introduction 

Childhood malnutrition is a good proxy for child wellbeing and is associated with mortality, 

morbidity and child development (112). Malnutrition accounts for more than half of the 10 

million child deaths yearly worldwide (146). HIV and malnutrition are major problems in 

children of the sub-Saharan Africa region. The impact of HIV/AIDS on child malnutrition 

and vice versa is of paramount concern in the public health of developing nations. 

Knowledge of inter-linkages between the HIV virus and the child’s nutritional status may 

help focus interventions in different geographic regions of the globe. South Africa has more 

than two million AIDS orphans (2). Malnutrition indicators in South Africa a 2008, ranged 

from 8.7% to 23.9 % for children underweight and stunted respectively (147).  

The association between HIV and malnutrition is two-way, usually modelled as a vicious 

cycle. Malnutrition affects the human immune system leading to depletion of disease fighting 

cells (CD4, T-cells), increased viral load, reduction of essential macronutrients (proteins, fats 

and carbohydrates) and micronutrients (vitamins A, B, C and zinc) (10, 12-15, 148). HIV on 

the other hand affects nutrition by loss of appetite, drug side effects such as vomiting and 

diarrhoea and nutrient mal-absorption (14, 16, 17, 149, 150).  

Several studies have demonstrated that anthropometric indices (weight loss, stunting and 

wasting) were associated with increased risk of opportunistic infections and lower life 

expectancy regardless of the infection staging (151-157). Analyses of child growth using the 

anthropometric indicators, height adjusted for age (HAZ), weight adjusted for height (WHZ) 

and weight adjusted for age (WAZ), are usually carried out independently. Human growth is 

however multidimensional, the child grows in height, age and weight simultaneously, yet 

analytic procedures often ignore this correlation.  
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Geographical variation in child growth has been investigated in the past ignoring the impact 

of HIV (111, 113, 158). Limited earlier work has also looked at child growth using 

multivariate Bayesian spatial areal models known as the multivariate conditional 

autoregressive (MCAR) (159). 

 

To our knowledge no single study has simultaneously examined how malnutrition risk factors 

interlink (correlations, direct and indirect effects) as well as adjusted for household spatial 

random effects, hence this study is among the first to do so. 

 

In this paper our primary aim was to determine factors associated with two malnutrition 

outcomes -WAZ and HAZ - adjusting for their multivariate spatial random effects. 

Secondarily our aim was to determine the pathways linking the significant factors, HIV/AIDS 

and malnutrition outcomes.  

3.2 Materials and methods 

3.2.1 Study site and anthropometric survey descript ion 

This study was conducted in rural northeast South Africa, in the Agincourt sub-district, 

Mpumalanga province, alongside the country's border with Mozambique. Agincourt is a 

semi-arid setting, situated in the former Gazankulu homeland. The study was nested within 

the Agincourt health and socio-demographic surveillance system (HDSS), of the University 

of the Witwatersrand, which was established in 1992 covers the entire Agincourt sub-district. 

The Agincourt HDSS follows some 80,000 people living in 12,500 households in 27 

contiguous villages. Health care services are limited in the area: a network of five primary 

care clinics refers to a larger public health centre; the nearest district hospital is 25 kilometers 

away (71).  
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The study is a secondary data analysis based on data collected between April and July 2007 

from 4658 children and adolescents aged between 1 and 20 years, randomly selected from 

the Agincourt HDSS. The sampling targetted at least 100 children in each sex and year of 

age. Our analysis was done on 648 children aged 1-5 years; figure 3.1 shows how the 

sample was obtained. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
Figure 3.1: Flow diagram of anthropometric survey participants, Agincourt sub-district 

2007. 

Anthropometric measurements included height and weight: height was measured using a 

stadiometer (Holtain, UK) calibrated in millimeters. For all children aged less than 24 

months, length was measured using an inelastic tape measure in a recumbent position on a 

flat surface. Weight in kilograms (to one decimal point) was determined using a 

mechanical bathroom scale (Hanson, UK). HIV testing of children aged 1-5 years was 

Children & youth aged 1 to 20 years 
(n=4658) 

 

Children and youths aged 5 – 20 
years 

 (n=3988) 

Children aged 1 to less than 5 years 
(n=670) 

Children HIV positive 
(n=27) 

Children HIV negative 
 (n=621) 

Not geo-coded 
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carried out using two concurrent rapid tests: Uni-GoldTM (Trinity Biotech, Bray, Ireland) 

and DetermineTM (Abbott, Wiesbaden, Germany), with pre- and post-test counselling. 

Informed consent was obtained from the parent/caregiver for HIV testing of children aged 

1-5 years. Ethical clearances were granted by the University of the Witwatersrand 

Committee for Research on Human Subjects, Medical (M070244 and M081145). Details 

of the sampling, data collection procedures and HIV testing are provided elsewhere (71, 72, 

117). This paper uses data from 648 children aged 1-5 years, each coming from a different 

household. 

3.2.2 Outcomes and Covariates 

Our main outcomes were WAZ and HAZ malnutrition indices, generated using the World 

Health Organization (WHO) 2006 growth standards with the WHO Anthro 2005 program, 

Beta Version (160). Several explanatory variables were chosen with the notion that they 

could be confounders, mediators or effect modifiers. These variables were either child 

specific factors (age in years, gender, HIV status, breastfeeding status, nationality and place 

of birth), maternal factors (age group, highest education attained, reported HIV status), or 

household-level factors (access to water, toilet and electricity, socioeconomic status and geo-

locations). Geographical longitudes and latitudes were used in approximating the multivariate 

spatial random effects for the households. 

 

3.2.3 Multivariate geo-statistical Bayesian model 

We employed a Bayesian multivariate spatial model to simultaneously analyse two indicators 

of child malnutrition, WAZ and HAZ; these also provide useful indications of the multi-

dimensional growth patterns of the human body and are often modelled singularly. We 
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modelled the two outcomes of child malnutrition jointly assuming they follow a Multivariate 

Normal distribution 

~ ( , )k iki MVN ΣY µµµµ  

with mean T
ik j ikβ=

%%

µ X  where ��� = 1 2( , )T
ik iky y , ikjy corresponds to nutritional indicator 

related to WAZ (j=1) and HAZ (j=2) for child 	 = 1, . . , 
 at household � = 1, . . , �. The 

matrix { }mnσΣ =  models the variances and covariances of the nutritional indicators with

cov( , )mn im inY Yσ = . The parameter 1 2( , ,.... )Tj j j jpβ β β β=
%

is the vector of regression 

coefficients associated with the jth score and (1) (2) ( )( , , ,...., )p
ik ik ikik X X X= 1

%
X is the vector of p 

covariates.  

 

To take into account spatial correlation and random effects we introduce household-specific 

random effects, kjφ and kjε on the mean structure, that is T
ikj j ik kj kjφ εβ += +

%%

µ X assuming that 

they are latent data from an unobserved isotropic spatial Gaussian processes that is 

~ [ , ( ; , )]0MVN K s sφ θ ′
%%

 with vector of spatial decay parameters 2
1[ ] q

j jθ θ =
==

%

 ,the qn x qn 

variance-covariance matrix 2
1( ; , ) [ ( , ; )]q T

mn j j j mnK s s s sθ σ ρ θ σ=
=′ ′= ⊕  which should be symmetric 

and positive definite.  

The random (nugget) effects from normal distributions, ~ [ , ]0MVNε Ψ
%

  

where                                                   

2 2
1,1 1,2
2 2
2,1 2,2

τ τ
τ τ
 

Ψ =  
 

 

To complete Bayesian specification we adopt the inverse Wishart prior 1 ( )~ ( ,2)KK Wish− Ω  

for the variance-covariance matrix, non informative Normal priors ( ) 2( )
0 ~ ( , )j j jN β ββ µ σ  for 
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the regression coefficients, Uniform priors for the spatial decays 
1 1

~ ,
max( ) min( )j

ij ij

U
d d

θ
 
  
 

 

and an inverse Wishart prior for the matrix of non spatial random effects 1 ( )~ ( ,2)Wish− ΨΨ Ω

. 

3.2.4 Structural equation modelling 

To assess the mediatory impact of HIV on the correlated malnutrition outcomes and other 

significant explanatory variables, structural equation models were used. Variables which 

were used as explanatory (exogenous) were mother’s age group, mother’s education and 

child’s age. Child HIV status was used as both explanatory and outcome (endogenous), 

whilst the malnutrition indices WAZ and HAZ were endogenous and correlated among them. 

Three structural equations were fitted with each of the endogenous variables as outcomes 

together with correlations of some exogenous and endogenous variables. Goodness of global 

model fit was determined by the chi-square statistic, testing the null hypothesis that the 

reproduced covariance matrix has the specified structure (model fits the data well) (161). 

3.2.5 Bayesian inference and statistical software u sed 

The model fitting was done using Monte Carlo Markov Chain (MCMC) via Gibbs sampling 

and Metropolis Hastings within Gibbs sampling when the conditionals were numerically 

intractable (162) (85). Bayesian-based model fitting involved the inversion of a spatial 

covariance matrix with the same size as the number of geo-locations (households). We did 

this directly for all our 648 households. A total of 55,000 iterations were done with the first 

5000 discarded as burn-in, and to reduce auto-correlation every 25th value was taken to form 

a posterior sample of 2000. Model fitting was done in R version 2.12.2 (163) using the 

package spBayes (164) and preliminary analyses and structural equation modelling was done 
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in STATA 12.0 (134). The multivariate spatial model took 15 days to run on an 8.0 gigabits 

random access memory (RAM) Intel i7 processor in the Windows environment.  

3.3 Results 

3.3.1 Descriptive characteristics of the survey sam ple 

Ages were symmetrically distributed and there was balance in the sexes, maternal age groups 

and socio-economic status (Table 3.1). The majority had breastfed, were HIV negative, of 

South African origin and born in a health facility. Our investigation of the unsmoothed spatial 

distribution of those severally underweight (weight-for-age z-score less than -2), stunted 

(height-for-age z-score less than -2) and HIV positive is summarised in figure 3.2. This figure 

shows that there is a geographical scatter of malnutrition indicators and HIV of children 

living in the rural Agincourt sub-district. Almost 10% of the children were underweight; 11% 

boys and 9% girls. Effect of HIV on being underweight was greater in boys (20%) than girls 

(11%). More than 17% of the children were stunted, a pooled estimate from 19% boys and 

15% girls. HIV had an impact on how tall the children were growing in relation to their age, 

such that 30% of the boys and 28% of the girls were HIV positive and stunted. The 

proportion of those underweight was slightly higher than the national level (10% vs 8.7%) 

whereas those stunted was lower (17% vs 23.9%). 
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Table 3.1: Bayesian spatial multivariate regression results for malnutrition weight-for-age and height-for-
age Z-score outcomes. 

Summary statistics 
N=648 

Spatial Multivariate results 
Weight-for-Age Z-scores 

Spatial Multivariate results 
Height-for-Age Z-scores 

Variable Category Descriptive 2.50% 50% 97.50% 2.50% 50% 97.50% 

Constant   -1.38 -0.83* -0.28 -2.51 -1.94* -1.35 

Age (years)1 3.14±1.11 -0.09 -0.03 0.03 0.14 0.21* 0.28 

Gender2 Male 326(50.37) 

  Female 322(49.63) -0.18 -0.05 0.08 -0.04 0.11 0.26 

Breastfeeding No 24(3.70) 

  Yes 607(93.67) -0.41 -0.05 0.33 -0.49 -0.08 0.32 

HIV status child Negative 621(95.83) 

  Positive 27(4.17) -1.23 -0.75* -0.27 -1.30 -0.78* -0.28 

Child nationality South African 419(64.66) 

  Mozambican 229(35.34) -0.17 0.06 0.29 -0.20 0.05 0.30 

Mother's age group 15-24 209(32.25) 

  25-34 257(39.66) 0.07 0.23* 0.40 0.10 0.28* 0.46 

  35+ 178(27.47) 0.07 0.26* 0.44 0.04 0.24* 0.45 

Mother’s HIV status Negative 624(96.59) 

  Positive 22(3.41) -0.13 0.26 0.64 -0.30 0.12 0.53 

Mother's nationality South African 418(64.51) 

  Mozambican 219(33.80) -0.18 0.06 0.30 -0.21 0.06 0.33 

Education level mother None 75(11.57) 

  Below metric 356(54.94) 0.01 0.25* 0.49 -0.16 0.09 0.35 

  Metric and higher 146(22.53) 0.19 0.47* 0.74 -0.02 0.28 0.57 

Type of dwelling Non slum 396(61.11) 

  Slum 252(39.89) -0.24 -0.08 0.08 -0.22 -0.04 0.14 

Birth place Health facility 459(70.68) 

  Home 85(13.12) -0.13 0.08 0.28 -0.12 0.10 0.33 

  Unknown 98(15.12) -0.31 -0.11 0.08 -0.33 -0.12 0.09 

Socio-economic status Low 216(33.33) 

  Middle 206(31.79) -0.37 -0.08 0.21 -0.34 -0.04 0.26 

  High 170(26.23) -0.24 0.05 0.34 -0.22 0.08 0.39 

Multivariate spatial vector estimates 2.50% 50% 97.50% 

Spatial variance WAZ σ�q�,�q�L  0.04 0.23* 0.43 

Spatial covariance WAZ, HAZ σ�q�,�q� 0.02 0.42* 0.65 

Spatial variance HAZ σ�q�,�q�L  0.05 0.85* 1.11 

Spatial nugget WAZ τ�q�,�q�L  0.04 0.48* 0.74 
Spatial combined nugget WAZ, 
HAZ τ�q�,�q� -0.13 -0.07 0.03 

Spatial nugget HAZ τ�q�,�q�L  0.05 0.08* 0.11 

Spatial decay WAZ ρ�q� × 10J� 2.99 3.00* 3.01 

Spatial decay HAZ ρ�q� × 10J� 3.00 3.02* 3.03 
Key: * significant at the 5% level that is 95% credible interval not containing zero, 1mean ± standard deviation, 
2frequency (percentage), 2.50% lower 95% Bayesian credible band and 97.50% upper 95% Bayesian credible band  
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Figure 3.2: Spatial distribution of underweight, stunting and HIV positive children in 

Agincourt rural South Africa. 

3.3.2 Multivariate spatially adjusted determinants of childhood malnutrition 

and pathway analyses results 

We investigated the presence of spatial variability and found significant malnutrition 

indicators (WAZ and HAZ) and their interaction, with the greatest on the height-for-age z-

score (Table 3.1). Spatial decay was very similar for the two malnutrition indicators in this 

area. Non spatial (nugget) variability was only present for the individual malnutrition levels 

but the interaction was not significant.  

Spatial adjusted multivariate regression results with weight-for-age and height-for-age z-

scores as outcomes showed significant mean decreases due to HIV and protective effects with  
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 much older children and women and those whose mothers were educated as shown in Table 

3.1. To find out how the significant determinants were inter-linked to each other and how 

they were related to the outcomes, we performed pathway analyses. The results are shown in 

Table 3.2 and Figure 3.3.  

Table 3.2: Path analyses structural estimation results for variables in figure 3.3 

Summary statistics N=648 Results 
Structural 
Outcome Independent variable Category mean 

95% Confidence 
interval 

HIV status child 
(status) Constant 0.25** 0.17 0.32 

Education level mother (mumedu) None (ref) 

  

Below and above 
metric -0.20** -0.26 -0.13 

 
Mother's age group (mumagecat) 15-24(ref) 

 
  25+ -0.075** -0.11 -0.04 

Weight-for-Age Z-
score(waz2005) Constant -0.86** -1.08 -0.63 

 
HIV status child (status) Negative(ref) 

 
Positive -0.55* -1.09 -0.02 

 
Education level mother (mumedu) None (ref) 

 

Below and above 
metric 0.17* 0.005 0.34 

Mother's age group (mumagecat) 15-24(ref) 
  25+ 0.27** 0.078 0.47 

Height-for-Age Z-
score(haz2005) Constant -1.90** -2.12 -1.58 

HIV status child Negative(ref) 
  Positive -0.61** -0.98 -0.24 
Mother's age group (mumagecat) 15-24(ref) 
  25+ 0.29** 0.098 0.49 
Child’s age in years (ageyear) 0.23** 0.16 0.30 

Variances  Variance(HIV Status-Ɛ1) 0.033** 0.024 0.044 
Variance(waz2005-Ɛ2) 1.30** 1.14 1.47 
Variance(haz2005-Ɛ3) 1.30** 1.12 1.49 

Covariances 
Covariance(waz2005- Ɛ2 ,Error 
haz2005- Ɛ2) 0.77** 0.65 0.89 
Covariance(mumedu ,mumagecat) -0.026** -0.040 -0.013 
Covariance(mumagecat ,ageyear) 0.081** 0.04 0.12 

Key: **and* significant at the 1% and 5% level that is p-values 0.01 and 0.05 respectively 
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Pathway analysis revealed a significant mediatory and direct effect of HIV on malnutrition 

outcomes. A 60% ( �.��√@.�×@.�) correlation existed between the outcome variables and also -13% 

and 16% among the explanatory variables mother’s education and age, and child’s age and 

mother’s age respectively. 

 

  

Figure 3.3: Pathway analyses structure of malnutrition outcomes, HIV and maternal 

factors 

 

We further analysed the data to find out how these significant variables directly or indirectly 

impacted on the outcomes (Table 3.3). Keeping other variables constant, HIV reduced the 

mean z-scores by greater than 0.55 and upon adjusting for multivariate spatial random effects 

the impact was more pronounced to greater than 0.75 (Table 3.1). Maternal education’s mean 

effect on the correlated weight-for-age z-scores was 61% direct and 39% indirect (mediation 

proportion) whereas mother’s age had an 87% direct and 13% indirect impact.  
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Similarly, on the correlated height-for-age z-scores child’s age had a purely direct impact and 

mother’s education purely indirect, whereas mother’s age had an 84% direct and 16% indirect 

effect. 

3.3.3 Spatial distribution of malnutrition outcomes  

Our results from the multivariate regression and path analyses revealed that HIV had the 

greatest negative impact on child malnutrition outcomes. From the descriptive map shown in 

Figure 3.2, those who are HIV positive are scattered all over the area with no apparent visible 

clustering. However a posterior predictive map Figure 3.4 shows clear patterns of high and 

low risk areas of underweight and stunting. From these smoothed maps (Figure 3.4), 

generally stunting is more severe in this area than being underweight; this confirms patterns 

shown by descriptive statistics and the unsmoothed map in Figure 3.4. The smoothed maps 

show similar areas of negative impact on childhood malnutrition which are north-westerly 

area and the diametrically opposite south-easterly. The northern, central and extreme south-

Table 3.3: Direct and indirect effects on malnutrition outcomes for children under five from 
Agincourt sub-district, rural south Africa. 

Outcome Intermediate Exogenous Direct effect 
(% of Total) 

Indirect 
effect (% of 
Total) 

Total 
effects 

Weight-for-Age 
Z-score 

Childs HIV 
status (Positive) 

 -0.55(100) - -0.55 

 Education level 
mother (Educated) 

0.17(61) 0.11(39) 0.28 

Mother's age 
group(25 years) 
plus 

0.28(87) 0.04(13) 0.32 

Height-for-Age 
Z-score 

Childs HIV 
status (Positive) 

 -0.61(100) - -0.61 

 Education level 
mother (Educated) 

- 0.12(100) 0.12 

Mother's age 
group(25 years) 
plus 

0.29(84) 0.05(16) 0.34 

Child’s age in 
years 

0.23(100) - 0.23 
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easterly areas indicated more protective effects to underweight, whereas the central area was 

more protected against stunting.  

 

Figure 3.4: Posterior smoothed maps of malnutrition outcomes in Agincourt, rural 

South Africa 

3.4 Discussion 

In our study we found that HIV infection was the central direct cause of under-nutrition in 

rural South African children resulting in retarded growth and weight gain, a finding which is 

generally well documented in the literature (165-171). This effect was exacerbated when we 

adjusted for maternal education, maternal age, child’s age and spatial random effects. The 

physiological drivers of this impact area compromised immune system and micro and/or 

macro nutrient deficient diets (14, 15, 17, 149, 150, 172-174), which are more severe in poor 

rural settings. Several interventional and observational studies, mainly from urban settings, 

with higher socio-economic status, demonstrated an improvement in nutritional z-scores upon 

uptake of antiretrovirals (ARVs) and nutritionally richer diets (175-179). It is noteworthy that 
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all our study participants were treatment naive as ARVs therapy was only introduced in 2007 

in the area.  

Our methodological approaches were able to tease out the areas of highest impact and 

demonstrate how other risk factors indirectly and directly impact on nutritional z-scores, 

which was not possible by using spatial multivariate regression or structural equation 

modelling seperately. Several malnutrition and methodological studies have used these 

modelling techniques (159, 161, 164, 180). However non-have simultaneously disclosed how 

child malnutrition risk factors interrelate to each other, the mediatory effect of HIV and 

modeled the seemingly unrelated nature of the outcomes as we have done in our study. 

 

Regardless of the strengths of spatial multivariate and pathway analyses, our study had some 

limitations. In particular, the cross-sectional study design limited us to discuss associations 

without extending these to causality. A longitudinal study following individuals over time 

and then investigating the spatiotemporal patterns and how ARVs have impacted the 

nutritional status of the cohort is an important future study. 

 

We recommend that for resource-scare areas individual, community level and household 

based approaches be used to reduce the level of child malnutrition. At community and 

individual level we advocate that government sources such as child support grants and 

prevention of mother-to-child transmission (PMTCT) programs be made more accessible 

especially in areas of high malnutrition. This will directly impact on childhood malnutrition 

and subsequently on morbidity and mortality. We also observed maternal age and education 

had both a direct and indirect protective effect on malnutrition, which persisted even after 

adjusting for spatial random effects. Hence indirect approaches to reducing child 

malnutrition, such as community health educational campaigns targeting young mothers and 
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promoting knowledge-sharing between more mature and new mothers, are important. These 

types of interventions have been effective in resource scarce environments (181-184). A more 

focused approach, suitable in severely resource-constrained environments, would be to 

provide health programmes relevant to childhood needs mainly in areas of higher 

malnutrition. This, coupled with HIV testing of pregnant women, will reduce infections and 

promote earlier uptake of treatment.  

In conclusion, in this study community HIV was at the centre of poor child growth 

independent of geographical location and maternal factors. Therefore, early interventions to 

decrease HIV are important to achieve the Millennium Development Goals to reduce the 

burden of disease, rate of infections and ultimately create an “HIV free generation”. 

 

3.5 Acknowledgements 

EM – formulated the research question, writing the literature, undertook data management 

and analyses and writing of the manuscript; EK-M: formulation of data sampling design, 

managed data collection contributed to the manuscript; PV gave advise on the statistical 

modelling and analyses; SAN: acquisition of funds for primary data collection, sampling 

frame design and revision of manuscript and KK: custodians of the site where data were 

collected, acquisition of funds for primary data collection, sampling frame design and 

revision of manuscript. None of the authors declared a conflict of interest.



 
 

 

Chapter 4 - page 100 
 

Chapter 4  

4.0 The contribution of spatial analysis to underst anding and 

responding to HIV/TB mortality in children: a struc tural 

equation modelling approach. 

 
Eustasius Musenge 1,2§, Penelope Vounatsou 3, Mark Collinson  1,4,5, Stephen 

Tollman 1,4,5, Kathleen Kahn 1,4,5 

 

1 MRC/Wits Rural Public Health & Health Transitions Research Unit (Agincourt), 

School of Public Health, Faculty of Health Sciences, University of the Witwatersrand, 

Johannesburg, South Africa. 

2 Division of Epidemiology and Biostatistics, School of Public Health, Faculty of 

Health Sciences, University of the Witwatersrand, Johannesburg, South Africa. 

3 Swiss Tropical and Public Health Institute, Socinstrasse 57, 4051 Basel, Switzerland. 

4 Centre for Global Health Research, Umeå University, Umeå, Sweden. 

5 INDEPTH Network, Accra, Ghana. 

 

 

 

 

 

 

This paper is in press the Global Health Action journal and attached in section 

9.0 



 
 

 

Chapter 4 - page 101 
 

 

Chapter 4 abstract 

Background: South Africa accounts for more than a sixth of the global population of 

people infected with HIV and TB, ranking her highest in HIV/TB co-infection 

worldwide. Remote areas often bear the greatest burden of morbidity and mortality, 

yet there are spatial differences within rural settings. 

 

Objectives: The primary aim was to investigate HIV/TB mortality determinants and 

their spatial distribution in the rural Agincourt sub-district for children aged 1-5 years 

in 2004. Our secondary aim was to model how the associated factors were interrelated 

as either underlying or proximate factors of child mortality using pathway analysis 

based on a Mosley-Chen conceptual framework. 

 

Design: We conducted a secondary data analysis based on cross-sectional data 

collected in 2004 from the Agincourt sub-district in rural northeast South Africa. 

Child HIV/TB death was the outcome measure derived from physician assessed 

verbal autopsy. Modelling used multiple logit regression models with and without 

spatial household random effects. Structural equation models were used in modelling 

the complex relationships between multiple exposures and the outcome (child 

HIV/TB mortality) relayed on a conceptual framework. 

 

Results: Fifty four of 6,692 children between 1-5 years died of HIV/TB, from a total 

of 5,084 households. Maternal death had the greatest effect on child HIV/TB 

mortality (adjusted odds ratio=4.00, 95% confidence interval [1.01 - 15.80]). A 
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protective effect was found in households with better socio-economic status and when 

the child was older. Spatial models disclosed that the areas, which experienced the 

greatest child HIV/TB mortality, were those without any health facility. 

 

Conclusion: Low socioeconomic status and maternal deaths, impacted indirectly and 

directly on child mortality, respectively. These factors are major concerns locally and 

should be used in formulating interventions to reduce child mortality. Spatial 

prediction maps can further guide policy makers to target interventions where they are 

most needed. 

 

Keywords: HIV/TB, child mortality, conceptual framework, spat ial analysis, path 

analysis, South Africa 
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4.1 Introduction  

Tuberculosis (TB) and the HIV epidemic are among the top public health research 

priorities especially in sub-Saharan Africa. The sub-Saharan African region which 

constitutes 10% of the world's population is home to more than 67% (22.9 million) of 

people living with HIV/AIDS (185). TB which is preventable and curable was 

responsible for 25% of HIV related deaths in 2009 and infected 33% of those living 

with HIV, as such the World Health Organisation (WHO) targets to reduce TB related 

deaths by 1 million by year 2015 (186). South Africa’s population is about 7.0% (50.6 

million (47)) of the sub-Saharan African population, yet accounts for 24.6% (5.63 

million of the 22.9 million) of the people living with HIV and an estimated 67% of 

these have TB , thus ranking as the country with amongst the highest co-infection 

rates (185). 

 

Children were affected in two ways: a very high proportion of child deaths (60% in 

the year 2000) were attributed to the HIV epidemic (187) and in addition 

approximately 1.9 million children were left orphaned by the HIV epidemic in South 

Africa (185). The nation at the onset of the 21st century had an estimated 70,000 

children (about 25% rate of mother-to-child-transmissions (MTCT) ) newly infected, 

whereas 10 years later only 10,000 ( 4.5% rate of MTCT (188)) which is indicative of 

an improved and more effective mother-to-child prevention programs(4). In public 

health, determining patterns of disease occurrence provides the first steps toward 

increased understanding of determinants and potentially greater control of the disease 

(25). Understanding the associated factors of child HIV/TB mortality and how these 

are geographically distributed is key for effective interventions.  
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Several determinants of child mortality have been reported over the past three 

decades. In the 1980s, researchers explored causes of child mortality including 

medical, socio-economic and demographic (32). In the 1990s, fertility behaviour, 

nutritional status, breastfeeding and infant feeding, the use of health services by 

mothers and children, ecological variables and socioeconomic status were studied 

(189). In the 21st century the focus has been on: HIV exposure, poor maternal health, 

inadequate infant care, increased exposure to infections, deaths of parents or 

caregivers, immune system abnormalities, poor nutrition, reduced breastfeeding and 

antiretroviral treatment exposure (33). These determinants are inter-related and can be 

combined into a conceptual (or theoretical) framework. This combined with spatial 

aspects forms social ecological models which are a component of the fast developing 

systems science that examines multiple effects and interrelatedness of social elements 

in an environment (190). Analysis of such frameworks can now be handled with the 

aid of structural equation models also known as pathway analysis. 

 

The motivation for spatial analysis in epidemiological modelling is based on the 

notion that people living in a household and those in close proximity share similar 

exposures which impact on the observed outcomes. In HIV/TB epidemiological 

research the focus has largely been on drug development, societal integration, 

personal nutrition, physical health and care giving (32, 33, 189, 191). Country-wide or 

region-specific pooled results are often reported, disregarding geographical 

confounding that often exists. Little has been done to inter-link factors associated with 

child HIV/TB mortality or model their impact on areas of residence (households) 

(192). The few studies implementing spatial analysis have looked across different 

infectious diseases (64, 66, 193), used different study designs (cross sectional and 



 
 

 

Chapter 4 - page 105 
 

longitudinal) (50, 194) and on varying levels of analysis (village, household and 

individual) (64, 194, 195). As this is an emerging field few studies have focused on 

HIV/TB cause-specific mortality assessing geographical differentials in South Africa 

over time (195).  

 

The primary aim of this paper was to investigate the cause-specific (HIV/TB) 

mortality determinants and their spatial (geographical) distribution in the Agincourt 

sub-district of rural northeast South Africa for children aged 1-5 years in 2004. Our 

secondary aim was to model how the associated factors were interrelated as either 

direct (underlying) or indirect (proximal) factors of child HIV/TB mortality using 

pathway analysis based on the Mosley-Chen conceptual framework that incorporates 

social, biological and ecological determinants of child mortality (32). 

4.2 Methods 

 4.2.1 Agincourt sub-district data and study design  

The Agincourt health and socio-demographic surveillance system was established in 

1992 in a remote rural sub-district in the Bushbuckridge Municipality of Mpumalanga 

Province, northeast South Africa near the Mozambique border (196). There are annual 

census updates that collect socio-demographic information including in-migration and 

out-migration, mortality, fertility, health and behavioural data (196).  

 

In this study we extracted data for 2004 describing a cross sectional study of 

households in the study site. In that year, the Agincourt health and socio demographic 

surveillance system covered a sub-district population of over 70,000 persons living in 

approximately 12,000 households scattered throughout 21 neighbouring villages. 
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There were several health facilities, clinics and private clinics in the area as shown in 

figure 4.1. 

 

Figure 4.1: Agincourt sub-district in 2004 showing villages (dark grey shading) 

schools (flags) and clinics and health facilities (circled white and black crosses). 

 

Cause of death data were obtained through verbal autopsies conducted on every 

recorded death during the year (197). Interviews were conducted by trained lay field 

workers, within one to eleven months after a death, with the closest caregiver of the 

deceased in their mother tongue. Cause of death was independently determined by 

two medical practitioners; a third was sought to resolve discrepancies. Their 

consensus cause of death was classified according to the World Health Organization’s 

International Classification of Diseases 10 (ICD10) (198). HIV/TB mortality in 

children was ascertained by the reported signs and symptoms, and in some instances 
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this was substantiated by the mother’s cause of death (198). Over 90% of the HDSS 

households were geo-coded thus enabling spatial analyses at household level.  

 4.2.2 Dependent and independent variables 

The study sample included all children aged between one and under five years who 

were registered in the Agincourt HDSS between January and December 2004. The 

independent variables used were: child’s gender, nationality and age, mother’s age, 

parity and death, gender of household head, cumulative deaths in household, number 

of household dwellers, minimum distance to health facility and household socio-

economic status. The latitude and longitude of each household were used to construct 

the variables for the spatial correlation (random effects), based on the straight line 

(Euclidean) distances between all pairs of households. The dependent variable was 

death due to HIV and tuberculosis (TB) determined by the WHOs ICD10 codes A16-

A193 for TB and B20-B244 for HIV. The verbal autopsy cannot reliably distinguish 

HIV and TB due to low sensitivity and specificity, thus these were combined in our 

analysis (199). 

 4.2.3 Conceptual framework: determinants of child m ortality  

As a way of interrelating child mortality determinants we formulated a hybrid 

conceptual framework for child mortality determinants and disease ecology as 

proposed by Mosley-Chen and Meade (32, 67). This approach integrates ecological, 

social and biological variables in the analysis, with the idea that these determinants 

                                                 
3 A16=Respiratory tuberculosis; not confirmed bacteriologically or histologically ; A17=Tuberculosis of nervous system; 

A18=Tuberculosis of other organs; A19=Miliary tuberculosis 
 
4 B20=Human immunodeficiency virus (HIV) disease resulting in infectious and parasitic diseases; B21=Human 

immunodeficiency virus (HIV) disease resulting in malignant neoplasms; B22=Human immunodeficiency virus (HIV) disease 

resulting in other specified diseases ; B23=Human immunodeficiency virus (HIV) disease resulting in other conditions; 

B24=Unspecified human immunodeficiency virus (HIV) disease 
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operate through a common set of either ‘proximate’ (intermediate or indirect) or 

‘underlying’ (direct) variables that impact on HIV/TB child mortality (32, 200-202). 

Variables are either endogenous (outcome variables) or exogenous (explanatory) or 

both and these are modeled using structural equation models. Details of the structural 

equation model are given in Appendix A. 

Maternal variables: Mother’s age, 
Parity and Mother deceased or 

absent. 

Household related variables: 
Socio-economic status, Number 

of deaths in household, Gender 

of household head, Total number 

of household residents.

Child variables: Age 
Gender, Foreign 

nationality

Outcomes: Death 
due to HIV/TB

Ecological variables: Spatial variables, 
Distance to Health facility 

 
Figure 4.2: Conceptual framework for modelling childhood HIV/TB related 

mortality: adapted from Meade (1977) (67).  

Note: The red arrows reflect a direct effect on mortality and the purple (explanatory 

variables) and orange (spatial random effects) arrows depict an indirect effect. 

 
We used the observed variables: child specific, mother specific, household related; 

and unobserved (latent) variables: socio-economic quintiles and spatial (ecological) 

variables. We tested the pathways shown in figure 4.2, to measure the direct and 

indirect determinants of child mortality for the Agincourt sub-district in 2004. Two 
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approaches that complemented each other were used in our modelling. Firstly we 

modelled the HIV/TB mortality determinants for children aged 1-5 years in 2004 and 

adjusted for their spatial random effects. In relation to our figure 4.2 we estimated the 

direct effects pathways (red arrows) from all categories of the explanatory 

(exogenous) variables controlling for confounders amongst them and their spatial or 

geographical effects (orange arrows); results for these are presented later in table 4.1 

and figure 4.4. Lastly using the significant variables as outcomes (endogenous) we 

determined the indirect (proximal denoted by purple arrows) within and between 

categories to establish those factors impacting on child HIV/TB mortality. 

 

 4.2.4 Statistical methodology 

We modelled the child HIV/TB mortality data to find associated factors and 

determine geographic disparities. Statistical techniques take into account spatial 

correlations by introducing in the model spatially structured random effects. These are 

usually based on independent observations however, with multilevel correlated 

structures commonly used, maximum likelihood estimation (MLE) methods often 

underestimate the standard error and thus the statistical significance is overestimated 

(91). Analysis was done using a geospatial logit regression model which catered for 

individual as well as household level random effects (85). Inference was done using 

classical MLE as well as Bayesian inference techniques to fit the non-spatial and 

spatial models respectively. Bayesian estimation of the many parameters was done 

using Markov Chain Monte Carlo (MCMC) simulations with the aid of Metropolis 

Hastings (MH) steps (85). Geospatial prediction maps showing the geographical 
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coordinates, adjusting for child HIV/TB mortality determinants were used in the 

analysis.  

 

Data extraction was carried out using Structured Query Language (SQL), data 

management was done in STATA 10.0 (203), and structural equation modelling was 

peformed in STATA 12.1 (Stata Corporation, College Station, Texas USA). The 

Bayesian models were fit using software available on the public domain: BayesX 

version 2.1 for the spatial modelling and R-cran version 2.12.2 for geospatial mapping 

using the analysis and mapping packages; maptools, maps, spBayes and Multilevel B-

spline Approximation (MBA) (33, 136).  

 

 4.2.5 Ethical clearance and informed consent  

While this study used secondary data the original study on which it was based was 

careful to consider ethical issues. Verbal informed consent was obtained when the 

Agincourt health and socio-demographic update rounds were conducted and also 

when verbal autopsy data were collected from a close relative of the deceased. To 

avoid emotional harm to the interviewee a culturally accepted period of one month 

was observed before the interview was conducted. Risks of stigmatisation were 

minimised through special training of fieldworkers on the importance of 

confidentiality. This work was granted ethical clearance by the University of the 

Witwatersrand’s Committee for Research on Human Subjects (No. 960720 and 

M081145). 
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4.3 Results 

A total of 6,692 children between 1 and less than 5 years, with a mean age of 2 years 

8 months of which 54 HIV/TB-related deaths were recorded in the HDSS in 2004. 

There were 5,084 fully geo-coded households with children living or dead. Just over 

half the children were female (51%) and more than a third (36%) were born to former 

Mozambican refugees. The mean age of mothers was 29 years and the mean distance 

to the nearest health facility was 2.33 kilometres. Table 4.1 shows the results for the 

descriptive, univariate and multivariable logit regression analyses. Maternal death had 

the greatest effect on child HIV/TB mortality (logit=1.386 (0.707), equivalent to an 

adjusted odds ratio (AOR) of 4.00 (95% Bayesian credible interval (BCI) [1.01 - 

15.80]) controlling for spatial correlation and keeping all other variables constant. 

 

Multivariable analysis showed three further significant predictors of child mortality in 

2004; these were child, maternal and household specific. Adjusting for spatial 

correlation and keeping all other variables constant there were several significant 

determinants of child HIV/TB mortality. Child specific differentials showed that boys 

were almost twice as likely to die compared to girls (logit=0.641(0.291) AOR=1.89, 

95% BCI [1.07 – 4.36]). As the children got older there was a protective effect against 

death; for every year older the child got the likelihood of death decreased by about 

50% (logit=-0.630(0.137), AOR=0.53, 95% BCI [0.40 – 0.70]). Male-headed 

households had a 60% lower risk of child HIV/TB mortality compared to female 

headed households (logit=-0.895(0.30), AOR=0.41, 95% BCI[0.23 - 0.74]).  
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Table 4.1: Child HIV/TB mortality: descriptive stat istics and results of two 

multiple logit regression analyses, Agincourt sub-district 2004 

Variable Summary  Univariate logit Non Spatial Multiple logit  Spatial Multiple logit  

 Number (%)  coefficient (standard error) coefficient (standard error) coefficient (standard error) 

Age of child in years1 2.77 ±1.20 -0.617(0.131)** -0.601(0.146)** -0.630(0.137)** 

Gender          

Female 3,379 (50.52) 0 0 0 

Male 3,310 (49.48) 0.556(0.283)* 0.698(0.303)* 0.641(0.291)* 

Child’s parents former refugee        

Yes 2,388 (35.71) 0    

No 4,299 (64.29) -0.137(0.280)     

Mother's age in years1 28.70 ±7.59 -0.003(0.018)    

Cumulative household deaths2 0.68±0.96;(0-6) 0.684(0.086)**    

Mother deceased by 2004        

No 6,634 (99.13) 0 0 0 

Yes 58 (0.87) 1.508(0.732)* 1.504(0.867)* 1.386(0.707)* 

Minimum distance to health facility1 2.33 ±1.61 0.078(0.083)    

Household size1 4.88±2.92 -0.011(0.048)    

Gender of household-head        

Female 2,434(36.37) 0 0 0 

Male 4,258 (6 4.63) -0.865(0.418)**  -0.880(0.302)** -0.895(0.30)** 

Parity2 2.12±1.43;(1-10) 0.085(0.090)    

Socio-economic status quintiles        

Most poor 1,823(27.24) 0    

Very Poor 1,073(16.03) -0.112(0.393)    

Moderately poor 1,120(16.74) -0.516(0.444)    

Poor 1,316(19.67) -0.425(0.406)    

Least poor 1,360(20.32) -0.458(0.406)     

Non-spatial variance     0.10;95%BCI(0.001;0.68) 0.04;95%BCI(0.001;0.40) 

Spatial variance estimate       0.04;95%CI(0.001;0.28) 

Deviance information criteria     457.26±15.56 555.87±11.65 

Significance :*p<0.05; ** p<0.01.Notes: 1 mean ±standard deviation, 2 mean ± standard deviation 
(range)). 95% BCI =95 percent Bayesian credible interval 
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Figure 4.3: Child HIV/TB mortality: Posterior adjus ted Odds Ratio map, 

Agincourt sub-district, 2004. 

 
Spatial disparities can be viewed on maps which are able to show unexpected 

relationships that may have been overlooked in standard regression analysis. We 

obtained household specific posterior odds ratios which were adjusted for child, 

maternal and household related variables in the multivariable models. One main 

hotspot emerged with high mortality in the north and there were two southerly areas 

with low mortality. The odds ratio posterior map in figure 4.3 shows the hotspot area 

between longitude 20 degrees and 25 degrees and latitude -2,750 degrees and -2,745 

degrees. This area is characterised by the following: higher rate of maternal deaths, 
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more male child mortality, lack of a public or private health facility and being furthest 

from any health facility as shown in figure 4.1.  

The results from the conceptual framework analysis of child HIV/TB mortality are 

shown in figure 4.4 and table 4.2. All the connected arrows show pathways that were 

statistically significance whether directly or indirectly. Being male (logit=5.2 x 10-3) 

and older child age (logit=-4.6 x 10-3) both impacted directly on HIV/TB mortality 

controlling for potential confounders related to the maternal and households variables. 

Upon treating male household headship as an exogenous variable this directly 

impacted negatively on child HIV/TB deaths (logit=-7.6 x 10-3) adjusting for 

household variables. Moreover when male headship was an endogenous variable the 

following household variables indirectly impacted mortality: better socio-economic 

status and larger household size had a protective effect (logit=7.7 x 10-3) and increase 

in household deaths resulted in greater child HIV/TB mortality (logit=-8.3 x 10-2). 
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Figure 4.4: Conceptual framework pathways results for Agincourt sub-district 

child mortality determinants in 2004 

Key for variable names: Very poor versus Most poor (vpoor_mostpoor), Moderately 

poor versus Most poor (modpoor_mostpoor), Least poor versus Most poor 

(leastpoor_mostpoor), Poor versus Most poor (poor_mostpoor), Age of child in 

years(age_ch), Household size (hh_size), Cumulative household deaths 

(cum_hh_deaths), Gender of household head (hh_gender), mother age in years 

(age_mum), mother deceased by 2004 (mother_deceased), child born to former 

refugee parents(refuge), Gender (gender),Minimum distance to health facility 

(min_dist) Parity (parity), Child deceased in 2004 (dead). Other; the arrows pointing 

from the exogenous (explanatory) to endogenous (dependent) variables and the error 

terms (ε) placed on all five endogenous variables. 
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Table 4.2: Direct, indirect and total effects of child HIV/TB mortality in 2004, Agincourt sub-distric t 

 Direct effects on child deceased as shown in figure 4.2 conceptual framework results Indirect effects on 

child HIV/TB death 

Total effects on child 

HIV/TB death 

 Gender of 

household-head 

Child a former 

refugee 
Child deceased Mother deceased  

by 2004 

Age of child in years   

Very Poor vs Most Poor -0.029(0.019) 0.140(0.015)**    2.6 x 10-4 (1.6x 10-4)ns! 2.6x 10-4(1.6x 10-4)ns 

Moderately poor vs Most Poor -0.059(0.020)**     4.5x 10-4(2.1x 10-4)* 4.5x 10-4(2.1x 10-4)* 

Poor vs Most Poor -0.052(0.020)**     4.0x 10-4 (2.0x 10-4)* 4.0x 10-4 (2.0x 10-4)* 

Least poor vs Most Poor -0.111(0.018)**     8.4x 10-4( 4.0x10-4)** 8.4x 10-4( 4.0x10-4)** 

Household size vs Most Poor 0.008(0.002)**     -5.9x 10-5(2.5x 10-5)* -5.9x 10-5(2.5x 10-5)* 

Cumulative household deaths -0.083(0.006)**     6.4x 10-4(2.1x 10-4)** 6.4x 10-4(2.1x 10-4)** 

Minimum distance to health 

facility 

 0.031(0.004)**    7.72x 10-6 (4.88x 10-6)ns 7.72x 10-6 (4.88x 10-6)ns 

Male household-head    -0.0076(0.002)**    -0.0076(0.002)** 

Mother deceased by 2004   0.027(0.012)*    0.027(0.012)* 

Age of child in years   -0.0046(0.001)**    -0.0046(0.001)** 

Gender   0.0052(0.0023)*    0.0052(0.0023)* 

Mother's age (years)    0.001(0.000)**  1.9x 10-5(9.99x 10-6)+ 1.9x 10-05(9.99x 10-6)+ 

Parity    -0.003(0.001)*  -7.0x 10-5(4.0x 10-5)ns -7.0x 10-05(4.0x 10-5)ns 

Parents former refugee      -0.054(0.032)+ -2.5x 10-4(1.5x 10-4)+ -2.5x 10-4(1.5x 10-4)+ 

Intercept 1.719(0.017)** 1.537(0.011)** -0.002(0.014) 0.995(0.005)** 2.814(0.054)**   

        

+ p<0.10; * p<0.05; ** p<0.01, ns-not significant;! Indirect effects computed as the product along the related pathways i.e -0.029x-0.0076+0.14x-0.054x-0.0046=2.55 x 10-4≈2.6 x 10-4 
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Table 4.2 details the direct pathways for child HIV/TB deaths (arrows directly linked to 

the red square) and the indirect pathways all possible routes for child HIV/TB deaths as 

shown in figure 4.4. In our analysis poverty indirectly impacted on HIV/TB child 

mortality as conferred by two pathways: firstly, male headship of households 

(protective) and secondly, refugee status (a risk) controlling for child’s age (as shown 

on table 4.2 foot note). The greatest direct impact on child HIV/TB mortality was 

maternal death (logit=2.7 x 10-2) adjusting for the indirect effects of parity (logit=-2.6 x 

10-3) and mother’s age (logit=6.8 x 10-4). 

 

4.4 Discussion  

In this study we showed that HIV/TB child mortality is influenced by a combination of 

child, maternal, household and spatial determinants. Over the years 2002 to 2005 

HIV/TB alone accounted for 34% of all cause-mortality among the children living in the 

area (199). While being male was a risk factor for HIV/TB mortality as children got 

older, irrespective of sex they were less likely to die. A major finding in our study was 

that maternal death had the greatest direct impact on HIV/TB child deaths. A 

comparable study in the same area, adjusting for spatial random effects at village level, 

showed that infants whose mother’s had died (presumptively of HIV) were at greater 

risk of death during the first 12 months of life (64).  

 

The main source of TB transmission among children are adults, as shown by a study on 

a high risk spatial cluster in South Africa with an incidence three times higher than the 

WHO levels (50). The most likely cause of HIV infection was mother-to-child 
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transmission. Prevention of mother-to-child transmission (PMTCT), using a single-dose 

of Nevirapine (sdNVP) administered to the child and mother, was found to reduce child 

mortality by about 9% in South Africa (204). From 2004 the guidelines for PMTCT and 

ART eligibility have changed compared to 2012. There is also a seven fold lower (from 

25% to 4.5%) rate of infection from mother to child over the period 2000 to 2010 (188). 

Kimani-Murage et al. (2009) found that knowledge of child HIV status influences the 

manner of care-giving as well as acceptance and up-take of community-wide 

interventions (205). The mother's survival significantly increases the likelihood of the 

child’s survival, a finding that strengthens the current policy focus on maternal health. 

In South Africa a comprehensive three stage process has been set up to improve 

maternal, foetus, infant and ultimately child survival during antenatal care, labour and 

delivery and postnatal care (48). Reduction of TB morbidity and mortality is the focus 

of the WHO 2015 goal of zero new TB infections and zero TB related death (186). The 

impact of PMTCT aided by sdNVP, ziduvudine (AZT) and ART has also been 

demonstrated from evidence gathered from another site in rural South Africa (206).  

 

In Agincourt, female headed households had a higher child mortality compared to those 

headed by males. Studies in Tanzania, Zambia and Limpopo province South Africa 

showed similar results (207-209). The pathway analysis (figure 4.4) demonstrates that 

male headship does not independently lead to lower mortality, but is a proxy for better 

socio-economic status of households. Main bread winners are usually male with females 

having fewer opportunities in the labour market and consequently earning less. The 

absence from the household of a male due to death or permanent out-migration tended 

to impact negatively on household socio-economic status, leading to 90% greater child 
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mortality odds (210). In other African countries similar patterns were observed as men 

temporarily migrate within a country or to neighbouring countries due to either pull or 

push factors (211-213). HIV/TB deaths have lowered the life expectancy of working 

men from the area who often "return home to die" from their jobs (197). A recent 

qualitative study found that a father's unemployment, inability to work and reluctance to 

provide support were common factors in HIV infected households (205). From our 

pathway analysis (table 4.2 and figure 4.4) we observed an indirect impact on child 

HIV/TB mortality: as the number of household deaths increased so the risk of child 

deaths was higher. This suggests that households with a greater burden of mortality are 

more vulnerable socio-economically through loss of bread winners and high health care 

and funeral costs. This compromises a family’s ability to feed and care for all children, 

including those who are HIV positive. We also observed that former Mozambicans are 

at greater risk of child HIV/TB deaths, indicating the need for health care interventions 

that target these marginalised and vulnerable households. 

 4.4.1 Strengths and limitations of the study 

The strengths and limitations of this paper are discussed in four categories: 

classification of exposures and outcomes; local or global relevance of results; 

confounding and effect modification and analysis deviance.  

 

A major strength in our observed variables is that the data are consistently updated, 

corrected and checked for inconsistencies. Nevertheless potentially there are two 

variable-related biases namely selection and recall bias. Selection bias may occur if 

permanent out-migrants differ from residents or temporary migrants which results in 
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incomparable groups. Recall bias on the outcome variable mortality is unlikely as death 

is a major household event, however it may affect the quality of the verbal autopsy 

(VA) interview, conducted at least one month but even up to 11 months after death, and 

hence the ability of medical experts to assign a valid cause of death .  

 

Our study focused on one sub-district only, but demonstrated geographical differentials 

in child HIV/TB mortality. There was one main hotspot with highest mortality and a 

visible downward trend in mortality moving southwards. These patterns are comparable 

to those found in other studies done on the area (64, 195). While many rural areas are 

not geo-coded to enable direct comparison of trends and patterns, our findings likely 

reflect similar patterns in other rural settlements at least in northeast South Africa.  

To deal with confounding variables we used multiple regression and added the spatial 

random effects in our modelling and also performed pathway analysis. Mediation was 

tested for in the pathway analysis as we determined factors directly and indirectly 

related to mortality and malnutrition. However we were unable to model time varying 

covariates as this was a cross-sectional study design. 

The robustness of our analysis procedures was demonstrated in that after catering for 

the spatial household random effects we obtained narrower confidence bands compared 

to the non-spatial analogue. Therefore catering for the spatial random effects further 

improves the model and parameter estimation compared to classical statistical models. 

Bayesian and pathway analysis combined were able to handle the complex structure of 

hierarchical data from the Agincourt health and socio-demographic surveillance system. 

Other advantages of Bayesian modelling are the ability to adjust for spatial 
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confounding, ability to handle many parameters and inclusion of prior known 

information on the distribution of data.  

4.5 Conclusion 

The growing field of spatiotemporal epidemiology brings in person, place and time 

aspects in the risk factor analysis. Spatial Bayesian models provide better fitting models 

compared to non-spatial models. This procedure also enables drawing of risk maps 

which can be used by policy makers to target and develop community-based 

interventions.  

Going forward, further studies investigating trends over time using spatiotemporal 

Bayesian analysis will strengthen the evidence on associated factors and trends found in 

this study and demonstrate the value of this analytic approach. Studies comparing 

deaths due to other causes with those for HIV/TB in children would be important in 

disclosing if there is any selection bias between the two groups. Also adopting a 

secondary analysis of a cohort study design would have enabled temporality to be 

investigated in greater detail and survival analysis. Moreover a combination of 

qualitative and quantitative analysis methods is needed to fully understand the proximal 

and distal factors that influence child HIV/TB mortality. Findings that can be used for 

policy nationally would require sentinel sites located strategically across the country. 
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4.7 Appendix A: Structural Equation Model for paths  analyses 

The structural equation model fit in this paper for given individual level outcome 

(endogenous) variables iy  (observed; child HIV/TB deaths) and/or iη  (for latent 

endogenous) which then form the vectors of exogenous variablesy and ηηηη . The 

individual level explanatory variables jx  (observed; maternal variables, child variables 

and household related variables) and/or jξ  (latent; spatial and household related 

variables such as socio-economic status) makes up the vectors of endogenous variables 

x and ξξξξ . These can be expressed in a multivariate equation as follows:  

 +Y = BY ΓX + α+ ζ  

where 
 
 
 

y
Y =

ηηηη
 is the vector of all endogenous variables with observed and latent 

variables y and ηηηη  respectively, the vector of exogenous variables 
 
 
 

x
X =

ξξξξ
 with 

observed and latent variables x and ξξξξ respectively and the vector of error terms 

.

.

e

e

 
 
 

y
=ζζζζ

ηηηη
 . [ ]ijβB = is the matrix of coefficients on endogenous variables predicting 

other endogenous variables which were; gender of household head, mother’s death, 
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former Mozambican and age of child’s in years. [ ]ij= γΓ is the matrix of coefficients on 

exogenous variables which were; parity at child’s birth, mother’s age, socio-economic 

status, total deaths in household by 2004, household size and minimum distance to 

health facility in kilometres. [ ]iαα =  is the vector of intercepts from the endogenous 

variables, whereas ζ is assumed to have mean zero and covariance 0cov(X,ζ) = such 

that ( , )MVN~ 0ζζζζ ΣΣΣΣ  where

'

( ) cov [ ]

cov ( ) [ ]
XX X ij

X ij

Var

Var
ζ

ζ ζζ

φ
ψ

= = =   
= =   = = =   

X (X,ζ) 0

(X,ζ) ζ 0

ΦΦΦΦ
ΨΨΨΨ

Σ ΣΣ ΣΣ ΣΣ Σ
ΣΣΣΣ

Σ ΣΣ ΣΣ ΣΣ Σ
. Let 

 
 
 

Y
Z =

X
be the 

vector of all endogenous and exogenous variables then ( , )Z ZMVNZ ~ µµµµ ΣΣΣΣ where 

( )

( )
Y

Z

E

E

= 
 = 

Y
=

X

µµµµ
µµµµ

κκκκ
 and ' '

YY YX YY YX
Z

YX XX YX

   
= =   
   ΦΦΦΦ

Σ Σ Σ ΣΣ Σ Σ ΣΣ Σ Σ ΣΣ Σ Σ Σ
ΣΣΣΣ

Σ Σ ΣΣ Σ ΣΣ Σ ΣΣ Σ Σ
 

with expectation vectors 1 1[( ) ( )] ( ) ( )Y E − −= − =I B ΓX +α+ ζ I - B Γκ+αµµµµ and jκ= [ ]κκκκ

, variance matrix with variables 1 ' 1 '( ) ( ) ( ){( ) }YY Var − −= =Y I - B Γ I - BΦΓ +ΨΦΓ +ΨΦΓ +ΨΦΓ +ΨΣΣΣΣ  and 

1cov( ) ( )YX
−= =Y, X I - B ΓΦΦΦΦΣΣΣΣ (134, 214-216). The parameter estimation was done 

using maximum likelihood in  

STATA 12.1 (Stata Corporation, College Station, Texas USA). 
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Chapter 5 abstract  

South Africa has the greatest burden of HIV/TB, with a prevalence of 17% and 2.1 million 

AIDS orphans. We used data from Agincourt located in rural northeast South Africa, 

collected longitudinally over the years 2000 and 2005. A total of 187 deaths were observed 

from 16,844 children aged 1-5 years coming from 8,863 households. In this paper we employ 

two zero inflated models adjusting for household spatiotemporal random effects using 

Bayesian inference. Bayesian zero inflated spatiotemporal models were able to detect hidden 

patterns within the data. Our main finding was that maternal orphans were almost thrice at 

greater risk of HIV/TB death compared to those with living mothers (AHR=2.93, 95% 

CI[1.29;6.93]). Risk factor analyses which adjusts for person, place and time enables policy 

makers to use estimates and maps for interventions. We conclude saying child survival is 

dependent on the mother’s survival and advocate for policies that promote maternal 

longevity. 

 

 

Key words: (Spatiotemporal confounding, HIV/TB, zero inflated, over-dispersed, 

Agincourt rural South Africa) 
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5.1 Introduction  

The years 2000 to 2005 mark the middle of the United Nation’s Millennium Development 

Goals (MDG) set out by the 192 member states and 23 international organizations (217). 

Goal 4.1 aims at reducing child (under five) mortality by two thirds over the years 1990 and 

2015. The Sub-Saharan African region has the greatest burden of disease and highest 

mortality of HIV/TB. In 1990 the Sub-Saharan Africa region had 184 child deaths per every 

1000 live births, by the year 2006 twenty seven of the countries in the region had made no 

progress in reducing child deaths (218). Globally 2.1 million children were living with 

HIV/TB in the year 2008 of which 90% were from the Sub-Saharan region (219). South 

Africa’s HIV/TB orphans in 2008 were about 1.4 million, the highest absolute number 

globally (220). In 1998 the year Demographic Health Surveys were started in South Africa, 

she had an under five mortality rate (U5MR) of 59.4 deaths per 1000 live births, aiming a 

reduction to 20 per 1000 by 2015 (221). The main cause of child deaths is the HIV epidemic, 

mainly due to mother-to-child-transmissions (MTCT) with over 70,000 new infections yearly 

(222).  

 

Public Health priorities such as disease control and intervention are made difficult in many 

developing countries due to lack of good data mainly due to poor resources, poor 

management and inadequate skills. The analyses of Public Health data often build from the 

statistical notion of each person having a risk or probability of contracting a disease. The 

main goals in analyses are to identify and quantify any exposures, behaviours and 

characteristics that may modify an individuals’ or a population’s risk. However HIV/TB 

interventions are hampered by the high rate of infectiousness, which is a factor of 

geographical proximity. 
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Many articles have been published on HIV/TB mortality in sub-Saharan Africa. The issues 

discussed focused mainly on the impact of epidemics, assessing for risk factors, measuring 

efficacy of interventions and identifying high risk clusters. A study done in rural Senegal 

showed a decreasing trend in child mortality over a 37 year period (52). Spatial analyses on 

39 rural villages in Burkina Faso under the Health and socio-Demographic Surveillance 

System (HDSS) over a nine year period, showed that village and distance from the health 

facility where among the risk factors for child mortality (53). A seasonal mortality trend was 

also disclosed by the same authors in another study of the same HDSS (223). A Tanzanian 

study used spatial modeling techniques and found that there is a need to adopt both a group-

based and a place-based approach in identification of high-risk HIV groups for intervention. 

(55). In South Africa rural Kwa-Zulu-Natal a study found that prevalence of HIV was 

associated with ethnicity, urban status, and unemployment based on over 11,000 persons in 

700 enumeration areas (224). In our area of study the relative risk (RR) of HIV and TB has 

increased ten-fold over an eleven year period, 32.3 and 3.2 for the period 2001-2003 

compared to 1992-1994, for the Agincourt HDSS (225). Covariates that have mainly been 

used to model child mortality in the 21st century are: HIV exposure, poor maternal health, 

inadequate infant care, increased exposure to infections, increased mortality, immune system 

abnormalities, poor nutrition, reduced breastfeeding and antiretroviral exposure (33). 

Methods applied in the analyses were mostly non-Bayesian based, which are limited in 

catering for large datasets, time and spatial random effects (58). 

 

In epidemiological research, two study designs have been used for follow-up studies: time 

series studies, these estimate acute risk associated with short-term exposure and cohort 

studies, these estimate chronic effects associated with long term exposure. These approaches 

have been criticized for potential confounding by time varying covariates and individual risk 
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factors or household level traits, respectively (226). Failure to account for extra-variation 

induced by temporal and spatial autocorrelation can lead to an understatement of the 

uncertainty of the risk of mortality (227). Several approaches can be used to address 

confounding, at the design level;-randomization, during the study;-use of experts and 

validated instruments and during analyses;-multivariable regression, standardization and 

stratification (228). Bayesian and spatial statistical techniques can be used to evaluate 

differences in rates observed from different geographical locations, separate noise from 

patterns and identify disease clusters. 

To date HIV/TB research has largely focused on drug development, societal integration, 

personal nutrition, physical health and care giving (189). Most of the research focuses on 

individuals and treatment cohorts. Little has so far been done on diseases’ impact on 

populations and their areas of residence. In this paper we did an exploratory analyses looking 

for risk factors for childhood HIV/TB mortality using spatial modelling. The modelling 

procedure adjusts for the household level spatial random effects for child HIV/TB mortality. 

Some related earlier work has looked at all-cause mortality adjusting for village (areal) level 

random effects (51, 64). Our findings can aid in understanding the household differentials 

adjusted risk factors of child HIV/TB mortality in a rural South African set-up for cohort data 

with rare occurrence count of the outcomes. 

5.2 Methods 

5.2.1 Agincourt Health and Socio-demographic survei llance system (HDSS) 

Data 

 
Agincourt HDSS was set up in 1992 in a rural sub-district in Bushbuckridge Municipality of 

Mpumalanga Province, northeast South Africa. The Agincourt HDSS site was set up in its 



 
 

 

Chapter 5 – page 129 
 

current location mainly due to availability of several clinics and presence of Mozambican in-

migrants (229). The Agincourt HDSS has a population of over 70,000 persons, living in 

approximately 12,000 households all scattered in 21 villages. The area covered is 432 square 

kilometres, with 34.2 kilometres as the maximum distance between two households. 

Information at individual level (infants, children and adults) is collected once every year 

together with other annual census updates, that compile migration, health, demographic, 

mortality and fertility data (230). 

 
Figure 5.1: Agincourt HDSS location, north-east South Africa. Source Kahn et al. (2000) 

 Special modules are run periodically such as the socioeconomic status and food security. 

Cause of death data are obtained through verbal autopsies conducted on every recorded death 

by trained lay fieldworkers (69). The cause of death is independently determined by two at 

most three medical experts and classified according to the World Health Organization’s 

International Classification of Diseases (ICD10). The HDSS’ every household is geo-coded 

thus enabling spatial analysis at household as well as at village level. Agincourt HDSS 

longitudinal data are correlated in time and space (spatiotemporal), since they are collected 
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yearly on the same population. This makes it difficult to analyze the data due to their 

collinearity and also their large size. 

 

5.2.2 Outcome and explanatory variables 

The child mortality independent variables were selected in accordance with the approach 

proposed by Rutstein (2000) who mentions six main risk factors for child mortality : socio-

economic status, nutritional status, use of health facilities, environmental health conditions, 

maternal factors and infant feeding (189). The persons included in the study were all the 

children aged between 1 and under 5 years who lived or had lived in the Agincourt HDSS 

between January 2000 and December 2005. The explanatory variables used were: child’s 

gender, child’s and mother’s nationality, mother’s age, parents’ dead or alive, gender for 

household head, antenatal clinic visit, mother’s parity at pregnancy and birth, cumulative 

deaths in household, number of household dwellers, number of deaths in household and 

mother’s total live births. The individual child’s age was treated as an offset variable. The 

variable years ranging from 2000 to 2005 was used in determining the temporal random 

effects and the household’s latitude and longitude were used construction of the variable to 

determine spatial random effects. 

 

The outcome variable was death due to HIV and or tuberculosis (TB) determined by the 

WHOs ICD10 verbal autopsy codes A16-A195 for HIV and B20-B246 for TB. The outcome 

death was treated as a discrete (count) variable since this provides epidemiologically better 

                                                 
5 A16=Respiratory tuberculosis; not confirmed bacteriologically or histologically ; A17=Tuberculosis of nervous system; 

A18=Tuberculosis of other organs; A19=Miliary tuberculosis 
 
6 B20=Human immunodeficiency virus (HIV) disease resulting in infectious and parasitic diseases; B21=Human immunodeficiency virus 

(HIV) disease resulting in malignant neoplasms; B22=Human immunodeficiency virus (HIV) disease resulting in other specified diseases ; 

B23=Human immunodeficiency virus (HIV) disease resulting in other conditions; B24=Unspecified human immunodeficiency virus (HIV) 

disease 
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estimates of prevalence and relative risk compared to the odds ratio which results from 

treating it as binary outcome (90, 231). Treating the outcome as such allowed us to employ 

the zero inflated Poisson (ZIP) and zero inflated Negative Binomial (ZINB) which yields 

more epidemiologically plausible relative risks for these cohort data. These models which are 

members of the exponential family have a log link function which has less identifiability 

issues in the generalized linear model compared to the logit link function which results from 

treating the outcome as binary and using logistic regression techniques (23).  

 

 

5.2.3 Spatiotemporal zero inflated Poisson and Nega tive Binomial models 

Agincourt child HIV deaths data had several problems that made it difficult to use standard 

statistical procedures: over dispersion, caused by unobserved heterogeneity or temporal 

correlation, large data, excess of zeros, and household spatial random effects. Conventional 

statistical methods applied to spatiotemporal data often underestimate the standard error and 

thus the statistical significance is overestimated (91). Bayesian analyses of sophisticated 

multilevel models for complex geographically referenced data can be done with the aid of the 

Markov Chain Monte Carlo (MCMC) parameter estimation procedure (85). Bayesian data 

models that can deal with the highlighted problems simultaneously and within a unified 

inferential approach were employed. These are models for over dispersed, zero-inflated data 

combined with semi-parametrically structured geo-additive predictors, resulting in flexible 

spatial regression models (232).  

 

 Geo-additive spatiotemporal zero inflated Poisson (ZIP) as well as Negative Binomial 

(ZINB) models (see appendix A) were used in the analysis. The ZIP and ZINB models have 
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many parameters and are hierarchical (multilevel), thus we resort to full Bayesian inference 

with the computationally efficient MCMC techniques. Multiple variables models were used 

to assess the effect of different covariates in the presence and absence of geographical 

heterogeneity (66). We investigated the presence of over-dispersion (when δ → ∞ it’s absent) 

and zero inflation (when θ = 0, it’s absent) (232). Spatial dependence �"mn�(g) was modelled 

by assuming that the random effects follow a zero mean stationary multivariate Gaussian 

random field (GRF) with spatial variance V"mn�L  and isotropic Matern correlation functions. 

For the exponential correlation which is a special case of the Matern function, the 

multivariate GRF �"mn�(g)~jCS(�,∑) has variance-covariance matrix 

∑ = V"mn�L ��]	[−Tt��<], where ��< is the Euclidean distance between households i and j, V"mn�L  

is the geographic (spatial) variability known as the sill and Tt = ����,<v�� − �<v /0.001 is the 

empirically estimated rate of spatial correlation decay (233). Multivariate Gaussian random 

field (GRF) priors	�"mn�(g) = ](�"mn�|V"mn�L ) ∝ |∑|J45��] x J@
Lyz{|}5 (�"mn�)~∑J@�"mn�� , 

where �"mn� is the vector of household specific structured spatial coefficients, whereas the 

non-structured utilize the independent and identically distributed (i.i.d) Gaussian priors with 

Inverse Gamma (IG) hyper-priors (133). 

 

Bayesian based model fitting requires the inversion of the variance-covariance matrix (	∑ ) 

with the same size as the number of geo-locations (households). Due to the large number of 

observations in our dataset, the estimation of model parameters becomes unstable and 

unfeasible; this problem is popularly known as the “big N”. We addressed this problem by 

using low rank kriging to approximate the stationary Gaussian random field (234). Firstly the 

spatial correlation decay (Tt) is estimated from a “representative” subsample obtained using 

the mini-max space filling criteria, hence only parameter V"mn�L (1/W"mn�L ) needs to be 
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estimated. This reduces the computational burden since the spatial decay is fixed and the 

large Euclidean distance matrix is also constant, resulting in estimation of the spatial variance 

and parameter vector of household spatial effects. 

 

 Full Bayesian inference was done via MCMC simulation based on updating full conditionals 

of single parameters or blocks of parameters, given the rest of the data. Gibbs sampling was 

used for closed conditionals and for the numerically intractable a slightly modified form of 

the Metropolis-Hastings (MH) algorithm based on iteratively weighted least squares (IWLS) 

(85). A total of 55,000 iterations on a single chain were run with the first 5000 discarded as 

burn-in and to reduce auto-correlation every 25th value was taken to form a posterior sample 

of 2000. MCMC convergence was assessed using diagnostic procedures proposed by Raftery 

and Lewis (1992), Geweke (1991) and Heidelberger and Welch (1983) (235-237). These 

convergence diagnostics techniques were done in the R-package, “convergence diagnosis and 

output analysis” (CODA) (138). Additionally a graphical assessment was done using trace-

plots, histogram density plots and auto-correlations of parameters and the summary statistics 

assessing the closeness of the mean and median posterior estimates (139).  

 

5.2.4 Goodness of fit and best model selection 

 
The deviance information criteria (DIC) was used in determining goodness of fit of the 

proposed models, this can be defined as “classical estimate of fit, plus twice the effective 

number of parameters” (238). This is a technique for Bayesian model selection for MCMC 

derived posteriors. The procedure works on the assumption that the posterior distribution is 

multivariate normal and it’s un-standardised deviance is given as: D(Ω) = −2 log�p(y|Ω)�, 
where y are the data, Ω are the unknown parameters of the model, p(y|Ω) is the likelihood. 
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After addition of the standardising constant C = 2log f(y) we get the Bayesian or saturated 

deviance D(Ω) = −2 log�p(y|Ω)� + C. The expectation of this deviance D� = E�[D(Ω)] 
measures how well the model fits the data, the smaller it is the better. The measure of model 

complexity or parsimony is the effective number of parameters; p  = D� − D(Ω�),where Ω� is 

the expectation of Ω the smaller it is the more parsimonious. From these measures we get the 

deviance information criteria; DIC = p  + D� and upon substitution of D� we get DIC = 2p  +
D(Ω�), which penalises on complexity and lack of fit. Selection of better model based on the 

DIC basically favours models with the smaller values. 

 

The data extraction was done using Structured Query Language (SQL). Preliminary data 

analyses, trend analyses, survival graphs and data management were done using STATA 10.0 

(203). The Bayesian MCMC analysis was done using a software package called BayesX 

(239). This package utilises computationally efficient C++ algorithms (240). The 

computations were done on a quad core processor with 4.0 gigabytes of random access 

memory (RAM) within a Linux environment. The routines used to estimate the parameters of 

the models via MCMC which perform Gibbs sampling and Metropolis Hastings within Gibbs 

sampling (162). Multivariable analyses were performed to determine patterns for HIV/TB 

mortality adjusting for possible household confounders. Posterior risk maps were produced 

using mapping packages in R (163). 

 

 

5.2.5 Ethical clearance and informed consent 

 
The Agincourt HDSS site was granted ethical clearance by the University of the 

Witwatersrand’s Committee for Research on Human Subjects (No. 960720). This work was 
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also granted ethical clearance by the University of the Witwatersrand’s Committee for 

Research on Human Subjects (M081145). Verbal informed consent was obtained when the 

census rounds were conducted and also when verbal autopsy data were collected from a close 

relative of the deceased. 

 

5.3 Results  

5.3.1 Exploratory analysis and descriptive statisti cs 

 
The data used were for children aged 1 to 5 years residing in Agincourt HDSS from 2000 to 

2005 whose geo-location data were available, these totalled 16,844 children from 8,863 

households, with a range of 138 to 835 households across the 21 villages. A total 187 deaths 

were HIV /AIDS (including HIV/Tuberculosis) related from 59,448.15 person years yielding 

a 1 to 5 years mortality rate (1-4MR) of 3.15 deaths per 1000 person years. There were 

slightly more females than males (51% vs 49%) and 37% were former Mozambican in origin. 

The mothers had an average age of 29 years , 65% were South African and about 1% had 

deceased compared to 2% of the males. The women in the area on average visited the 

antenatal facility four times during their pregnancy and 34% were heads of their households. 

 

An investigation of the survival experience using the Kaplan-Meier (KM) curves (Figure 5.2, 

left) showed differences in the survival experiences over the years 2000 to 2005. To 

statistically test the differences in survival experiences over the years using the generalized 

Fleming-Harrington test (241) (weighted for later years failures) was significant (p-

value=0.048). However there was no significant trend over the years (p-value=0.728). This 
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procedure of stratifying over the years was used to assess for the possibility of temporal 

random effects. 

  
 

Figure 5.2: Kaplan-Meier (KM) survival function over the years 2000 to 2005 (left) and year 

specific Kaplan-Meier (KM) curves (right). 

 

The year specific child 1-4MRs per 1000 person years from 2000 to 2005 were 3.57, 2.41, 

3.33, 2.54, 4.44 and 1.55 respectively, consistent with the KM curves (5.2, right) for the 

respective years. There was a statistically significant difference in the 2002 mortality rates 

compared to the 2000 from the spatial and non-spatial analyses (see Table 5. 2). The knots 

used in the low rank kriging were fit using the mini-max space filling criteria, figure 5.3 

shows distribution of 50 knots. The small faint (red) dots are the locations and the squares are 

the selected 50 knots, since the Tt (rate of spatial correlation decay) is fixed the number of 

knots only impacts on the computational speed and not on the accuracy of the estimates. The 

spatial variances were estimated for each spatial model using Bayesian MCMC with inverse 

gamma prior and hyper-parameters of 0.001. The ZIP model was used to cater for zero 

inflation and to cater for both the excess zeros and over-dispersion, the ZINB model was 

used. The zero inflated Negative Binomial spatial temporal model showed an over-dispersion 

estimate δ = 1.79 ± 1.87[95%CI(0.041; 6.935)] and the zero inflation estimate was 
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θ = 0.077 ± 0.062	[95%CI(0.010; 0.217)]. These values show that there is some over-

dispersion and zero inflation, thus ignoring these entirely in the modelling may cause model 

instability. 

 
Figure 5.3: Knots fitted using the Mini-Max space filling criteria from Agincourt households 

2000 to 2005. 

5.3.2 Spatiotemporal confounding adjusted determina nts of child HIV/TB 

mortality 

Multivariable analysis was done using non-spatial and spatial models for child specific 

variables, maternal variables and household variables. Bayesian semi-parametric geo-

statistical models with location-specific random effects were fit to estimate the degree of zero 

inflation, over-dispersion, temporal and spatial correlation in the child HIV/TB mortality 

data. Spatial models showed more stable results with smaller standard errors in comparison to 

the non-spatial, the mean-based adjusted hazard ratios [AHR=exp(mean)] estimations were 
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reported. The ages (Interval start ages) were used in the analysis as the duration of follow-up 

(offset variables) until death or survival between 1 and 5 years of age over the period 2000 to 

2005. The outcome variable was treated as a discrete count of child death due to HIV/TB (0 = 

Alive and 1 = Death). The outcome was treated as such to get a more epidemiologically 

intuitive estimates for cohort data and to avoid identifiability problems associated with the 

logit link functions as highlighted earlier. Multivariable regression models were fit to account 

for spatial and temporal correlation; co-variables were added to the models to control for 

potential confounding in determine factors associated with child HIV/TB mortality (58). 

Poisson and Negative Binomial models were fit to the data as well as their zero inflated 

variants. The offset variable was fit using the piece wise exponential (p.e.m) with a first order 

autoregressive model temporal prior (see figure 5.4). Figure 5.4 shows the log-baseline 

hazard function for selected models, showing a narrower confidence interval for the spatial 

multivariable model in comparison to the non-spatial.  

 

 
Figure 5.4: Non-spatial ZINB with AR(1) baseline hazard (left) and multivariable spatial 

ZINB with AR(1) baseline hazard (right). 

 

Four models were fit in the multivariable analyses these were the non-spatial zero inflated 

Poisson (ZIP) model, spatial zero inflated Poisson model, non-spatial zero inflated Negative 
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Binomial (ZINB) model and spatial zero inflated Negative Binomial model. The first two 

were to cater for zero inflation and the last two were catering for zero inflation as well as over 

dispersion. The deviance information criteria (DIC) was used to measure model goodness of 

fit and the effective number of parameters (]¥) to measure model complexity (238). 

Generally the spatial models had higher DIC because of the spatial parameters and also the 

Negative Binomial models had greater DICs compared to the Poisson; this made it difficult to 

judge the best model based on the DIC alone. The effective number parameters ]¥ which 

assesses model simplicity (parsimony) was then used to determine the most parsimonious 

model amongst these four. The zero inflated Negative Binomial spatial model had the least 

number of effective parameters and selected as the “best” model (see table 5.1). 

Table 5.1: Model goodness of fit non-spatial/spatial zero inflated Poisson and Negative Binomial models 

 

Non-spatial Zero 
Inflated Poisson  nsZIP 

Spatial Zero 
Inflated Poisson sZIP 

Non-spatial Zero 
Inflated Negative 
Binomial nsZINB 

Spatial Zero Inflated 
Negative Binomial sZINB 

Un-standardized Saturated Un-standardized Saturated Un-standardized Saturated Un-standardized Saturated ¦̄� 649.16 273.16 664.3 288.33 1674.77 1252.4 1865.41 1228.41 

pD 246.51 246.51 247.7 247.7 83.86 104.72 47.95 36.23 
DIC 1142.2 766.19 1159.79 783.79 1842.49 1461.86 1961.32 1300.88 

 

The spatial multivariable analyses results showed several determinants of the child HIV/TB 

mortality in the categories consistent with the non-spatial analyses. Several variables were 

statistically significant at the 5% level, these were either child, mother or household related. 

The results from the analyses are shown in tables 5.2 and 5.3 for the ZIP and ZINB 

respectively. The ZIP models both had five out of the sixteen variables significant in the non-

spatial and spatial analysis respectively, whereas the ZINB had eight and nine variables for 

non-spatial and spatial models respectively. The final spatiotemporal ZINB model was 

considered the best model which caters well for zero inflation, over-dispersion and 

spatiotemporal confounding. 
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Table 5.2: Non spatial and Spatial Multivariable Zero Inflated Poisson model 

Non-Spatial Zero Inflated Poisson nsZIP 

 
Spatial Zero Inflated Poisson sZIP 

Variable Category Descriptive,n(%) mean sdev 2.5%. median 97.50% AHR mean sdev 2.5%. median 
97.50

% AHR  

Gender Female (ref) 8506 (50.50)     

Male 8838 (49.50) 0.415 0.25 -0.12 0.42 0.93 1.51 0.38 0.25 -0.11 0.39 0.88 1.46 

Year 2000(ref) 3360 (19.95)     

2001 2826 (16.78) 0.49 0.30 -0.14 0.50 1.10 1.63 0.50 0.30 -0.10 0.52 1.02 1.65 

2002  2633 (15.63) 0.837* 0.37 0.16 0.86 0.54 2.31 0.81* 0.333 0.17 0.81 1.46 2.25 

2003 2496 (14.82) 0.56 0.43 -0.21 0.53 1.43 1.75 0.56 0.40 -0.32 0.58 1.27 1.75 

2004 3002 (17.82) 0.15 0.34 -0.50 0.15 0.80 1.16 0.17 0.32 -0.52 0.17 0.80 1.19 

2005 2527 (15.00) -0.22 0.47 -1.14 -0.20 0.61 0.80 -0.21 0.45 -1.07 -0.20 0.65 0.81 

Child's Nationality Mozambican(ref)  6242 (37.06)     

South African 10,602 (62.94) -0.82 0.65 -2.11 -0.86 0.34 0.44 -0.70 0.53 -1.65 -0.69 0.36 0.50 

Mother's Nationality South African(ref) 10,883 (64.61)     

Mozambican 5961 (35.39) -0.11 0.67 -1.56 -0.11 1.25 0.90 -0.05 0.54 -1.07 -0.05 1.00 0.95 

Mother’s Age at Birth Mean years ±SD  29.00 ±7.60) 0.01 0.02 -0.02 0.01 0.04 1.01 0.01 0.02 -0.03 0.01 0.04 1.01 

Mother's Status Alive(ref) 16,736 (99.36)     

Deceased 108 (0.64) 2.665* 0.81 0.90 2.74 3.90 14.37 2.456* 0.63 1.15 2.46 3.74 
11.6

6 

Father's Status Alive(ref) 16,531 (98.14)     

Deceased  313 (1.86) 0.98 0.66 -0.33 1.00 2.33 2.66 1.081* 0.49 0.06 1.09 2.04 2.95 

Household head Gender Female (ref) 3012 (33.98)     

Male 5851 (66.02) -0.49 0.26 -1.04 -0.50 0.01 0.61 -0.45 0.25 -0.96 0.44 0.02 0.64 

Antenatal Visits Mean visits ±SD 4.04±2.42 -0.185* 0.05 -0.29 -0.19 -0.09 0.83 -0.184* 0.05 -0.29 -0.18 -0.90 0.83 

Pregnancy Parity Mean ±SD 2.104 ±1.396 0.25 0.22 -0.14 0.24 0.67 1.28 0.25 0.21 -0.16 0.25 0.67 1.28 

Socio-economic status Most poor(ref) 1566 (17.67 )     

Very poor 1701 (19.19) -0.17 0.32 -0.83 -0.17 0.41 0.84 -0.22 0.30 -0.82 -0.22 0.36 0.80 

Poor 1833 (20.68) -0.20 0.35 -0.84 -0.20 0.51 0.82 -0.28 0.29 -0.85 -0.29 0.27 0.76 
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Moderately poor 1905 (21.49) -0.26 0.33 -1.03 -0.27 0.36 0.77 -0.30 0.32 -0.95 -0.29 0.29 0.74 

Least poor 1858 (20.97) -0.856* 0.42 -1.60 -0.84 -0.04 0.42 -0.941* 0.42 -1.83 -0.94 -0.13 0.39 
Cumulative household 

deaths Mean ±SD 0.252 ±0.553 -0.16 0.25 -0.68 -0.17 0.29 0.85 -0.10 0.24 -0.62 -0.13 0.30 0.90 

BirthParity_2 Mean ±SD  1.569 ±0.856 -0.369* 0.20 -0.77 -0.35 -0.03 0.69 -0.37* 0.18 -0.74 -0.37 -0.02 0.69 

Total living household Mean ±SD 1.569 ±0.884 0.01 0.02 -0.04 0.01 0.06 1.01 0.00 0.02 -0.04 0.00 0.04 1.00 
Number of deaths in 

household Mean ±SD 0.047 ±0.222 0.854 0.50 -0.11 0.86 1.80 2.35 0.89 0.48 -0.17 0.92 1.79 2.44 

Total live births Mean ±SD 2.030 ±1.855 -0.21 0.18 -0.60 -0.21 0.13 0.81 -0.22 0.18 -0.61 -0.21 0.12 0.80 

* significant at 5% level of significance 
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The final zero inflated spatial Negative Binomial model results showed these nine predictors 

of child mortality: gender, nationality of child, death of mother, gender of head of household, 

year, antenatal clinic visits, socio economic status, birth order position and number of deaths 

in household. The boys were 36% more at risk of death compared to the girls adjusting for 

other variables and space-time confounders (1.36 = e�.�@@,95%CI [1.08,1.88]). There was 

temporal effect on HIV/TB mortality risk for the year 2002 which was more than twice that 

of 2000 (2.02 = e�.�@©,95%CI[1.13,4.00]). South African children were almost twice better 

protected to HIV/TB death compared to the Mozambican children after adjusting for several 

variables (0.51 = eJ�.ª«�, 95%CI[0.24,0.96]). Orphans with a deceased mother were almost 

thrice at risk of HIV/TB death compared to those whose mother’s were alive keeping other 

variables constant (2.93 = e@.���,95%CI[1.29;6.93]). Adjusting for other factors male headed 

households were 42% less likely to experience a child death in comparison to female headed 

households (0.58 = eJ�.�¬«,95%CI[0.45;0.75]). 
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Table 5.3:Non spatial and Spatial Multivariable Zero Inflated Negative Binomial model 

   

  
Non-Spatial Zero Inflated Negative Binomial 

 nsZINB 

 
Non-Spatial Zero Inflated Negative Binomial 

 sZINB 

Variable Category Descriptive,n(%) mean sdev 2.5%. median 97.50% AHR mean sdev 2.5%. median 97.50% AHR 

Gender Female (ref) 8506 (50.50)     

Male 8838 (49.50) 0.31* 0.14 0.07 0.28 0.62 1.32 0.326* 0.17 0.08 0.31 0.63 1.36 

Year 2000(ref) 3360 (19.95)     

2001 2826 (16.78) 0.46 0.27 -0.05 0.48 1.05 1.62 0.55 0.23 -0.06 0.58 0.92 1.78 

2002  2633 (15.63) 0.74* 0.24 0.16 0.79 1.14 2.20 0.762* 0.31 0.12 0.72 1.38 2.05 

2003 2496 (14.82) 0.39 0.32 -0.19 0.40 1.01 1.48 0.45 0.31 -0.14 0.45 1.02 1.56 

2004 3002 (17.82) 0.00 0.25 -0.42 0.00 0.46 1.00 0.03 0.24 -0.40 0.03 0.49 1.03 

2005 2527 (15.00) -0.54 0.41 -1.27 -0.53 0.26 0.59 -0.43 0.32 -1.08 -0.41 0.12 0.67 

Child's Nationality Mozambican(ref)  6242 (37.06)     

South African 10,602 (62.94) -0.41 0.32 -1.02 -0.35 0.09 0.71 -0.643* 0.31 -1.43 -0.68 -0.04 0.51 

Mother's Nationality South African(ref) 10,883 (64.61)     

Mozambican 5961 (35.39) 0.05 0.32 -0.59 0.06 0.57 1.06 -0.12 0.33 -0.68 -0.19 0.57 0.83 

Mother’s Age at Birth Mean years (SD)  29.00 ±7.60) 0.01 0.01 -0.01 0.01 0.05 1.01 0.01 0.01 -0.01 0.01 0.03 1.01 

Mother's Status Alive(ref) 16,736 (99.36)     

Deceased 108 (0.64) 1.479* 0.36 0.63 1.52 2.15 4.55 1.09* 0.47 0.25 1.08 1.94 2.93 

Father's Status Alive(ref) 16,531 (98.14)     

Deceased  313 (1.86) 0.17 0.32 -0.55 0.24 0.70 1.27 0.11 0.44 -0.82 0.16 0.82 1.17 

Household head Gender Female (ref) 3012 (33.98)     

Male 5851 (66.02) -0.449* 0.16 -0.70 -0.49 -0.15 0.62 -0.54* 0.14 -0.79 -0.55 -0.29 0.58 

Antenatal Visits Mean visits ±SD 4.04±2.42 -0.156* 0.03 -0.21 -0.16 -0.09 0.85 -0.17* 0.03 -0.22 -0.17 -0.12 0.84 

Pregnancy Parity Mean ±SD 2.104 ±1.396 -0.04 0.11 -0.24 -0.03 0.18 0.97 0.08 0.11 -0.14 0.08 0.26 1.09 

Socio-economic status Most poor(ref) 1566 (17.67 )     

Very poor 1701 (19.19) -0.32 0.18 -0.65 -0.32 0.08 0.72 -0.36 0.24 -0.81 -0.31 0.09 0.73 
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Poor 1833 (20.68) -0.37 0.20 -0.77 -0.38 0.05 0.68 -0.41 0.21 -0.79 -0.43 0.02 0.65 

Moderately poor 1905 (21.49) -0.23 0.24 -0.78 -0.22 0.18 0.80 -0.28 0.24 -0.75 -0.26 0.22 0.77 

Least poor 1858 (20.97) -0.945* 0.33 -1.57 -0.97 -0.28 0.38 -0.99* 0.27 -1.44 -0.97 -0.49 0.38 

Cumulative household deaths Mean ±SD 0.252 ±0.553 -0.10 0.14 -0.38 -0.09 0.16 0.92 -0.14 0.16 -0.48 -0.15 0.14 0.86 

BirthParity_2 Mean ±SD  1.569 ±0.856 -0.291* 0.12 -0.54 -0.31 -0.04 0.74 -0.314* 0.11 -0.55 -0.31 -0.12 0.73 

Total living household Mean ±SD 1.569 ±0.884 0.01 0.01 -0.01 0.01 0.04 1.01 0.01 0.01 -0.01 0.01 0.04 1.01 

Number of deaths in household Mean ±SD 0.047 ±0.222 0.703* 0.27 0.14 0.71 1.16 2.03 0.681* 0.29 0.12 0.69 1.20 2.00 

Total live births Mean ±SD 2.030 ±1.855 0.03 0.09 -0.11 0.02 0.23 1.02 -0.06 0.09 -0.26 -0.07 0.08 0.94 

* significant at 5% level of significance. 
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For every increase by one visit to the antenatal clinic the adjusted risk of death reduced by 

16% (0.84 = �J�.@��, 95%CI[0.81;0.89]). The least economically poor households were 62% 

less likely to experience a child death compared to the most poor households (0.38 = �J�.©ªª 
adjusted, 95%CI[0.24;0.61]). The birth order position was protective such that as this 

increased by one level the adjusted risk of child death decreased by 27% (0.73 = �J�.�@@, 
95%CI[0.58;0.89]). Lastly as the number of household deaths increased by one the adjusted 

risk of child HIV/TB death increased by two fold (2.00 = ��.ª©¬, 95%CI[1.12;3.33]). 

 

Posterior risk estimates were shown on smoothed maps showing the smoothed areas where 

child deaths occurred. Maps of posterior mean adjusted hazard rates (AHRs) show point 

estimates and extreme high and low risk areas (242). Risk factors of child HIV/TB mortality 

adjusting for potential spatiotemporal confounders were: being a boy, a former foreigner, 

losing your mother, having a female head of house, being socio-economically disadvantaged, 

being born earlier and coming from households were many deaths occurred. Protective to 

child HIV\TB mortality were increasing number of clinic visit and coming from households 

with more people. Figure 5.5 shows the maps of the households and the mean AHRs 

smoothed posterior maps adjusting for the aforementioned risk factors, spatial and temporal 

potential confounders. 
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Figure 5.5: Posterior adjusted Hazard rates (AHRs) smoothed map (left) and contour AHRs 

map (right) for child HIV/TB mortality 2000 to 2005. 

5.4 Discussion and Conclusions 

In our study we found that maternal orphans experience a three-fold greater risk of death due 

to HIV/TB than children whose mothers were still living (AHR=2.93(95%CI[1.26;6.93])). 

This was adjusted for potential spatiotemporal confounding, number of household deaths, 

birth order position and parity, child and mother’s nationality, gender of house head and 

gender of child, which were all significant risk factors. Increased antenatal clinic visits and 

cumulative total of adults in the house were protective of the child’s death. These risk factors 

are interrelated and fall into either child specific, mother related, household socio-economic 

status, temporal or spatial. Risk map analysis showed that there were three hotspots central, 

south easterly and south-westerly over the years 2000 to 2005, similar hot spots were seen for 

the year 2004 alone and also in another study considering only the areal (village) level and 

temporal random effects (51). The trends seen in this paper are consistent with other studies 

in South Africa, in the same site and elsewhere. A study in Agincourt over the past two 

decades showed that HIV/TB accounted for about a third of the under-five deaths from 2002 

to 2005 (243). A similar non-spatial study on the impact of parental presence on child 
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mortality in Agincourt, 1997 to 2005 showed that death of a mother was the most predictive 

of the child’s death (OR=5.22,95%CI[2.37;11.54]) (244). The study also showed that former 

Mozambican mother’s children were more than a third at greater risk of mortality than the 

South African’s children (OR=1.34,95%CI[1.09;1.65]). Similarly in Mtubatuba of rural 

KwaZulu-Natal a South African Province, the mother’s death increased the mortality risk 

four-fold adjusting for child, household and mother’s variables (245).  

 

There are different schools of thoughts on how the maternal orphan HIV/TB mortality 

trends can be explained, mainly the biological and socio-economically. Mothers who die due 

to the AIDS, would most likely have passed the virus to their children, regardless of the stage 

at which this occured (in utero, intrapartum and postnatal). Policies that are in place currently 

favour local South African mothers, thus making it difficult for breast feeding foreign 

mother’s to get access to freely available resources. Socially if the mother (who will most 

likely be the remaining bread winner) passes on, this leaves AIDS orphans with no guardian 

or their grandparents who can no longer work. This culminates in the deaths of under fives 

due to hunger, malnutrition, weakened immune system and lack of adequate support due to 

the double barrelled impact of being an HIV positive refugee and orphan. Although we 

concentrated on HIV to have been the main cause of death for these under five children we 

acknowledge that TB could have played a significant role leading to death, however the 

modes of transmissions are more complex than simply linking child and mother deaths. Also 

the ICD10 technique used to determine cause of death does not distinguish these very well 

for children. Although Agincourt is in rural South Africa, the use of available health facilities 

seems to be increasing using antenatal clinic visits as a proxy.  
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The other risk factors were mainly related to poverty as direct proxies indirect 

consequences of it. We found that poorer socio-economic households had higher child 

HIV/TB mortality rates. A finding which corresponds with a study done in rural Kwazulu-

Natal Province (246). Poverty is a major contributor to child deaths in Africa, every 3.6 

seconds one person dies of starvation, usually a child under the age of 5. One of the 

Millennium Development Goals (MDGs) is to: “Eradicate extreme poverty and hunger” (199, 

247). The child grant provided by the South African government is an amount of ZAR240 

p/m (US$30) and can be all that some families in the study area have to live on. The elderly 

also get an old-age pension of ZAR940p/m (US$115) which becomes the main source of 

livelihood of the families often averaging nine persons per household with a range of 1-43. 

Case et. al (2000) showed that female old-age pensioners cared for the children and improved 

the girl child’s likelihood to go to school in Agincourt (248). These latter studies are also 

revealing some gender differentials in access of health services, schooling and paternal 

treatment which are still prevalent in this rural part of South Africa. 

 

Controlling for potential confounding in epidemiological analyses gives strength to the 

estimates derived from such modelling procedures. Our modelling approach caters for spatial 

and temporal confounders and also for large zero inflated spatiotemporal sparse data. 

Spatiotemporal Bayesian modelling provided good estimates and maps which can aid 

interventional programmes to be more effective in the fight against HIV/TB. There are some 

modelling limitations which if addressed in future research will improve on the 

epidemiological modelling. The temporal component was discretized into whole years; this 

could have been modelled as continuous and allow for formulation of time varying covariates 

and spatiotemporal interactions. As a way of dealing with identifiability issues and getting 

more epidemiologically correct estimates; members of the exponential (log link) family were 
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used, other less flexible family of distributions could be also used for sensitivity testing. 

Mostly non-informative priors have been used; experts’ opinion could be sought to build and 

apply more informative priors in our modelling. In dealing with the “big N” problem several 

approaches can be used as well. The package BayesX whilst it cannot address all the 

modelling issues but provides a very useful Bayesian spatiotemporal modelling algorithms 

which are applicable even in a resource scare environment. 

 

Our results are additional facets of evidence useful for policy makers advocating foreigners 

better access to health access and child support faculties, increase and diversification of HIV 

mother to child transmission awareness programmes in rural parts of developing countries. 

This study provides more evidence towards the South African government’s revised 

prevention of mother to child transmission (PMTCT) policy effected on 1 April 2010. The 

policy allows HIV positive mothers to be on ante-retro-virals (ARV) with a CD4 count of 

350 (national cut off is 200) or less, symptomatic HIV regardless of CD4 and also pregnant 

mothers from 14 gestational weeks onwards. Infants can now be tested without the mother’s 

consent to save the child (249). Child survival is dependent on the survival of the mother, 

hence the need to strengthen antiretroviral treatment. South African policy advocating for 

maternal longevity need to be strengthened. In an address to the nation the South African 

president said: “One of the most important results of the roll-out of antiretroviral therapy 

among the general population will be the extension of the lives of AIDS sick parents leading 

to a dramatic decline in the number of orphans” (250). The main challenge as with any other 

policy is implementation. We suggest that targeting to reduce mother-to-child transmissions 

by implementing PMTCT interventions and campaigns these need to reach rural villages and 

households which are usually neglected. 
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5.8 Appendix: Zero Inflated Poisson and Negative Bi nomial Hierarchical 

Bayesian models 

Observational outcome data can be modelled by different known statistical distributions 

including the flexible exponential family. Mortality outcomes of the count of deaths can be 

modelled using the basic log-linear Poisson model were the outcomes ��|­�~��(®�) are 

conditionally independent with mean and variance ®� = ��](¯�) with linear predictor	¯� =
­��. The commonly applied logistic regression models which have logit link functions have 
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been seen to cause identifiability problems, resulting in unstable model especially for spatial 

models (23). We therefore treated the outcome death as a discrete (count) variable since this 

provides better estimates of prevalence and relative risk compared to the odds ratio which 

results from treating it as binary outcome (90, 231).The Poisson model can also incorporate 

the exposure time by introducing piece-wise exponential offsets o° resulting in 

��|­�~��(±�),	±� = ��](�� + ¯�) and in log-linear form ��|¯�~��(±�) (133).	In this paper 

we extend this model in three dimensions to address different inherent problems in our 

hierarchical data structure. Firstly the problem of over-dispersion when the mean is less than 

the variance which can be addressed by use of conditionally independent Negative Binomial 

(NB) distribution (251). We then extend our model incorporate the dispersion parameter 

² > 0, ��|¯�, ²~S³(±�, ²).	Secondly we have the problem of excess of zeros known as zero 

inflation, this is 

addressed by use of a latent process that inflates the number of zero points with a weighting	θ 
for extra zeros and 1 − ´ for the ZIP and ZINB where 0<	´ < 1. We then obtain the 

conditionally independent Zero Inflated Poisson ��|¯�, ´~l+�(±�, ´) and Zero Inflated 

Negative Binomial (ZINB) ��|¯� , ², ´~l+S³(±�, ², ´) whose hierarchical model structures 

and likelihoods are shown below. Thirdly modelling which is flexible to include; time 

varying covariates, temporal random effects, spatial random effects, non-linear covariates and 

desired interactions. This was done by extending the linear predictor ̄� = ­�� to a structured 

additive predictor:  

¯� = µ �<
m

<?@ �6�<� + ­�� + �"mn�.(��) + ¶"· 

where �<�6�<� are nonlinear effects of continuous covariate 6�<, ­� is the linear (fixed) effects 

design matrix and vector of parameters �, �"mn�.(��) is the structured random spatial at 

household �� ∈ s (all households with children in the area) and εb¹ being the unstructured 
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non-spatial random effect. Due to the complexity of the spatiotemporal data (correlated in 

time and space) and their large size. Statistical methods applied to spatial data which have 

spatial autocorrelation often underestimate the standard error and thus the statistical 

significance is overestimated (91). We used the Bayesian estimation called the Markov Chain 

Monte Carlo (MCMC), which require Gibbs sampling and Metropolis Hastings within Gibbs 

(85). Modelling spatial longitudinal data which are highly auto-correlated has been made 

possible by introduction of the Hierarchical Bayesian (HB) modelling approach. This 

decomposes a complex problem into a series of simpler conditional levels such that at any 

given level in the hierarchy inference conditionally relies on hypotheses made at higher levels 

(85). The HB model constitutes of four levels: firstly the data level which specifies the 

conditional distribution of data given parameters i.e y°|.	; secondly a process level which 

specifies the conditional distributions of process given their parameters (these are usually 

logit and log functions of Generalised Linear Models); thirdly a parameter level with 

conditional parameter distributions given priors and lastly hyper-parameter level which 

specifies the prior distributions for hyper-parameters. The posterior distribution can then be 

used for full Bayesian inference of the ZIP and ZINB models given the following full 

conditional distributions. To estimate the parameters Gibbs sampling is used by sampling 

from the full conditional distributions for posteriors with known closed forms(162). For those 

without the closed form we use the Metropolis Hastings (MH) random walk algorithms (252).  
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Zero Inflated Poisson model 

Level 1: Data 

The ZIP with a structures semi-parametric predictor offers a flexible way to model the zero inflation parameter (θ). 
 ��|¯�~��(±�) with probability density function 
 

�(��|¯� , ´) =
ÈÉÊ
ÉË´ + (1 − ´) exp (−±�)±�#.��!  	� �� = 0

(1 − ´) exp (−±�)±�#.��!  	� �� ≠ 0 ` 
With expectation A(��|¯� , ´) = (1 − ´)±� and variance 

C(��|¯� , ´) = (1 − ´)(±�) + ´(1 − ´)±�L 

 

Level 2: Processes 

 ¯� = Î��+�"mn�.(��) + ¶"· ; 
 ´~Ï
	����[0,1] 
Î� is the linear (fixed) effects design matrix and vector of 
parameters �, �"mn�.(��) is the structured random spatial effect 
and ¶"· being the unstructured non-spatial random effect. 
 

 

Level 3: Parameters 

 Priors for �(�), ���"mn�.ÐW"mn�L �, ��¶"·ÐW�ÑÑÒÑL �, �(´). Uniform priors for �(�) and �(´). Multivariate Gaussian random field (GRF) priors for ���"mn�.ÐW"mn�L � and ��¶"·ÐW�ÑÑÒÑL � are 
Gaussian independent and identically distributed (i.i.d) random effects  
Level 4: Hyper-parameters and likelihood 

Hyperpriors for P(τbpqrL ), P(τÛÜÜÝÜL ) and g(τ.L) are all Inverse 
Gamma ~ IG(a∗, b∗); with hyper parameters a*=b*=0.001(133). 
After some computations the likelihood of the ZIP models is: 
 

L(y°|η°, θ) = à P(y°|η°, θ)á
°?@

∝ exp [µ log(θ + (1 − θ)exp (−μ°))
ãä?�+ w� log(1 − θ)+ µ(−μ° + y°log(μ°)) ãä>� å 

 
 
 
Where w� is the number of units with strictly positive responses. 
 
 

 

 

 

 

Zero Inflated Negative Binomial model 

Level 1: Data 

The ZINB with a structures semi-parametric predictor offers a flexible way to model the variability of the data catering for over-dispersion (δ), zero inflation(θ). 
  ��|¯� , ², ´~l+S³(±� , ², ´) with probability density function 
 �(��|¯� , ², ´)

=
ÈÉÊ
ÉË ´ + (1 − ´) x ²² + ±��ç  	� �� = 0

(1 − ´) è(�� + ²)è(�� + 1)è(²) x ²² + ±��ç x ±�² + ±��#.  	� �� ≠ 0̀ 

With expectation A(��|¯� , ´) = (1 − ´)±� and variance 

C(��|¯� , ², ´) = (1 − ´) �±� + é.5ç � + ´(1 − ´)±�L. 

Level 2: Processes 

 ¯� = Î��+�"mn�.(��) + ¶"· ; 
²|�~ê����(�, �);  ´~Ï
	����[0,1]  
Î� is the linear (fixed) effects design matrix and vector of 
parameters �, �"mn�.(��) is the structured random spatial effect 
and ¶"· being the unstructured non-spatial random effect. We 
set a = 1 and assume a Gamma hyper-prior for �~ê����(ë1, ë2). 
 

Level 3: Parameters 

 Priors for �(�), ���"mn�.ÐW"mn�L �, ��¶"·ÐW�ÑÑÒÑL �, �(´), �(²|�). Uniform priors for �(�) and �(´), Gamma priors for �(²|�). . . . Multivariate Gaussian random field (GRF) priors for ���"mn�.ÐW"mn�L � and ��¶"·ÐW�ÑÑÒÑL � are Gaussian independent and identically distributed (i.i.d) random effects 
 
Level 4: Hyper-parameters and likelihood 

Hyperpriors for P(τbpqrL ), P(τÛÜÜÝÜL ), P(b) and g(τ.L) are all Inverse Gamma ~ IG(a∗, b∗); with hyper parameters a*=b*=0.001(133). After some computations the likelihood of the ZINB models is:  
L(y°|η°, δ, θ) = à P(y°|η°, δ, θ)á

°?@
∝ exp [ µ log \θ + (1 − θ) x δδ + μ°�

ð_ãä?�+ w��log(1 − θ) − log�Γ(δ)� + δlog (δ)�+ µ (log�Γ(y° + δ)� +ãä>� y°log(μ°) − (y°
+ δ )log(δ + μ°)ò 

 Where w� is the number of units with strictly positive responses.
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Chapter 6 abstract 

Longitudinal mortality data with few deaths usually have problems of zero-inflation. This 

paper presents and applies two Bayesian models which cater for zero-inflation, spatial and 

temporal random effects. To reduce the computational burden experienced when a large 

number of geo-locations are treated as a Gaussian Field (GF) we transformed the field to a 

Gaussian Markov Random Fields (GMRF) by triangulation. We then modelled the spatial 

random effects using the Stochastic Partial Differential Equations (SPDE). Inference was 

done using a computationally efficient alternative to Markov chain Monte Carlo (MCMC) 

called Integrated Nested Laplace Approximation (INLA) suited for GMRF. The models were 

applied to data from 71,057 children aged 0 to 9 years from rural northeast South Africa 

living in 15,703 households over the period 1992 to 2010. We found protective effects on 

HIV/TB mortality due to greater birth weight, older age and more antenatal clinic visits 

during pregnancy (adjusted RR (95% CI)): 0.73(0.53;0.99), 0.18(0.14;0.22) and 

0.96(0.94;0.97) respectively. Therefore childhood HIV/TB mortality could be reduced if 

mothers are better catered for during pregnancy as this can reduce also mother-to-child 

transmissions and contribute to improved birth weights. The INLA and SPDE approaches are 

computationally good alternatives in modelling large multilevel spatiotemporal GMRF data 

structures. 
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6.1 Introduction 

Public health data on mortality have been growing increasingly rich as more accurate 

information on “who”, “where” and “when” becomes available. These form hierarchical 

(multilevel) data structures which are correlated such that person-level (“who”) information 

can be repeated, geo-statistical (“where”) data often has spatial correlation, and temporal 

(“when”) data can be auto-correlated. Statistical techniques are usually based on independent 

observations, but when applied to multilevel data structures they often underestimate the 

standard errors. As a result of this the statistical significance is overestimated leading to 

erroneous results and subsequent inferences (91). This defeats the main goal in 

epidemiological analysis, which is to identify and quantify correctly any exposures, 

behaviours and characteristics that may modify a population’s or individual’s risk and use 

these to implement more appropriate interventions (253).  

 

In modelling hierarchical data we can take into account spatial and temporal correlations by 

introducing in the model spatiotemporal random effects. Several other hurdles have to be 

overcome when modelling hierarchical mortality data such as: zero inflation when there is a 

greater proportion of non-occurrence for an outcome, handling large data structures, repeated 

measures and estimating many parameters rapidly and accurately. Bayesian techniques with 

the aid of the Markov chain Monte Carlo (MCMC) simulation methods have successfully 

overcome these hurdles and fit spatiotemporal random effects for reasonably sized geo-

locations of Gaussian fields (GF) (20, 92-95). However as the number of geo-locations 

increases MCMC computations of a dense GF m m× spatial correlation matrix become 

infeasible or extremely slow in the order of power three( )3( )mΟ , this problem is popularly 

known as the “big m” or “big N” (254). Several approaches have been used to resolve the 

"big m". Banerjee et al. (2003) give brief summaries of these: sub-sampling, spectral, lattice, 
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dimension reduction and course fine coupling methods (234, 254-258). Generally these 

techniques attempt to reduce the dimension of the GF by selecting a “representative” sub-

sample or fixing some parameters or changing the scale from continuous to discrete with the 

aim of reducing the computational burden in running MCMC simulations.  

 

We addressed this problem using techniques proposed by Rue et al. (2005) who changed the 

continuous scale GF to a discrete scale Gaussian Markov Random Field (GMRF), for the 

Matérn family of covariance structures (96). More recently Lindgren et al. (2011) provide the 

detail of how the GF and GMRF relate via Stochastic Partial Differential Equations (SPDE) 

using basis functions (259, 260). Secondly we performed inference and prediction using 

Integrated Nested Laplace Approximation (INLA) well suited for GMRF as opposed to the 

commonly used MCMC (261). Hence we greatly reduced the computational burden and 

could run in hours what usually took days having reduced the computational operations for a 

spatiotemporal model from power 3 to power 1.5( )3 3/2( ) ( )m mΟ → Ο
.
 

 

The aim of this paper is to discuss and apply a Bayesian model that can handle large zero-

inflated spatiotemporal observational data on mortality producing reliable estimates speedily. 

In the next section we explore the Bayesian methods and model fitting inference, prediction 

and goodness of fit. In Section 6.3 we apply the discussed Bayesian spatiotemporal model to 

data from the Agincourt health and socio-demographic surveillance system in rural South 

Africa which has 71,057 children aged 0 to 9 years living in 15,703 households over the 

period 1992 to 2010. In the concluding section, we discuss the merits of our model and distil 

the public health implications of our results in interventional studies. 
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6. 2 Methods 

6.2.1 Spatiotemporal model structure 

The outcome ( , )i jy s t was the observed HIV/TB related death of a child 1,......,i N=  from a 

given household 1,......,j m=  in a specific year 1,......,t T= which is a realisation of the 

spatio-temporal process(.,.) (.,.)y Y∈ . Assuming the outcomes distribution belongs to the 

exponential family of distributions, we can fit flexible structural additive models belonging to 

the generalized linear mixed models (GLMM) (86, 262). Our data may be represented by the 

equation: 

( )

1

( , ) ( , ) ( , ) ( , )
fn

j
i j j ji i j

j

y s t X s t f u t s tε
=

= + +∑ββββ
                          

 (6.1) 

where ( , )jX s t  is the design matrix with fixed p covariates, 0( ,....... )pβ β ′β =β =β =β =  is the 

regression coefficients vector, (.)f which is one of the ( )jf  used to relax the linear 

relationship or introduce random effects or both and 2( , ) ~ (0, )i js t N εε σ are the error terms 

which are neither temporally nor spatially correlated (260). As our data are spatially and 

temporally correlated we can introduce random effects (.) ( , )jf f s t=  a Gaussian random 

field with a first order autoregressive temporal effect ( , 1)js tξ −  and coefficient φ  and zero 

mean multivariate normal (temporally independent) spatial effects

( )( )2( , ) ~ 0, ;j j ks t MVN C s s h j kωω σΣ = − = ≠  resulting in the equation: 

( , ) ( , 1) ( , )j j jf s t s t s tφξ ω= − +
 
                                      (6.2) 

where | | 1φ < in case of stationarity, ( )2 2 2( ,1) ~ 0, / (1 ) 1 / (1 )js N ω ωξ σ φ τ φ− = −  and the 

spatial effect is second order stationary and isotropic. When the spatial correlation follows a 
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Matérn covariance structure we obtain ( ) ( )1

1
( )

( )2
C h h K h

ν
νν κ κ

ν −=
Γ

 for the Euclidean 

distance lags h. The parameter ν  measures the degree of smoothness and also the order of 

the modified Bessel function (when 0ν > ) of second kind Kν and finally 0κ > is the scaling 

parameter with a range 
8νρ
κ

= where the spatial correlation is close to 0.1 for each ν (259, 

261). 

 

6.2.2 Zero Inflated Poisson and Binomial spatiotemp oral models 

Observational binary outcome data are commonly analysed using the logistic regression 

model, which has a logit linear predictor in the GLMMs canonical link structure. However 

this model has problems of instability especially with spatial random effects, which would be 

exacerbated due to zero inflation (23). In epidemiological cohort studies a relative risk is 

preferable to an odds ratio as this caters for temporality and also a more intuitive measure of 

burden of morbidity or mortality (90, 231). In light of this and in an endeavour to have better 

fitting models, two models that can handle zero inflation were employed. The two 

conditionally independent models fit were the zero inflated Poisson and zero inflated 

Binomial with a log and a logit canonical link functions respectively: | , ~ ( , )t t t tt ZIPθ θy η µη µη µη µ  

and | , , ~ ( , , )t t t t tt tp ZIBin n pθ θy ηηηη . 

 

The mortality outcome (count/binary) data ( )t jsy  observed at the households in the 

Agincourt area are zero inflated and assumed to follow either a Poisson (count) or Binomial 

distribution (binary). We will occasionally drop the js
 
for notational convenience in the rest 
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of the article. We therefore resorted to the zero inflated models to cater for the imbalance due 

to many zeros. The model that takes care of zero inflation ( )tθ can then be represented as: 

( ) ( ) ( )
( ) ( )

1 0| ,         if     0
| ,                           (6.3)

1 1| ,                if    0
t t

t t
t t t

t
t t tt

θ θ π θ
π θ

θ π θ
+ − =

=  − ≠

ηηηη
ηηηη

ηηηη
y

y
y

With canonical links of the expected means: ( )( ) ( )( . logt t tg E y == µ η= µ η= µ η= µ η  and

( )( ) ( )( . logitt t tg E y p == η= η= η= η  with means are exp( )t t=µ ηµ ηµ ηµ η and
exp( )

1 exp( )
t

t
t

p =
+

ηηηη
ηηηη

 for the Poisson 

and Binomial distributions, respectively. A spatiotemporal canonical link (linear predictor) 

model can be expressed as 

( )
1

( ) ( ) ( )

( ) ( ) ( )

t j t j t j t j

t j t j t j

s X s f s s

f s s sφξ ω−

= + +

= +

η β εη β εη β εη β ε

                                                 (6.4) 

 

where 2( ) ~ ( , )t j ms N Iεσ0εεεε with identity matrix mI  of dimension m m× , 2~ ( , )0t N ωω σΣ= Σ% 
 
with a 

stationary AR(1) process ( )2
1 ~ , / (1 )N φΣ −0ξξξξ  (260). TheΣ is a dense GF m by m 

dimensional matrix from a Matérn distribution with scale and smoothness parameters κ and 

ν (which is fixed in all our computations) respectively. As the size of m increases 

computations become increasingly more difficult due to the “big m” as previously 

highlighted. 

 

6.2.3 Solving the "big m" using the SPDEs to estima te the spatial random 

effects 

To resolve the computational burden associated with the GF Matérn covariance function we 

used a technique that changes this to a GMRF proposed by Rue and Held (2005)(96). Briefly 
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the locations are converted into areal triangulations firstly by making them the initial triangle 

vertices before adding more vertices for proper triangulation which extends the grid and are 

very useful for prediction. Figure 6.1 shows how we employed triangulation to our data, the 

diagram on the right was made assuming households within 500 m were similar we fit 488 

vertices and 938 triangles. 

 

 

Figure 6.1: Agincourt sub-district: original household locations (left), triangulation of 

all households (centre) and triangulation of households within 500m apart (right). 

 
The SPDE technique redefines the Matérn field as a finite ”representative” linear 

combination of basis functions on a triangulation of the locations (260). Hence for our 

spatiotemporal random effects in GMRF representation we get 1~ ( , )t sN Qω −Σ=0%  and 

1
1

1 2~ ,
1

s
T

Q
N Qξ

φ

−
− 

= − 
0  where sQ is a sparse time-invariant precision matrix with dimension 

*m vertices from the triangulations. A joint spatiotemporal GMRF 

( )( )11~ ,t T sf N Q Q Q
−− = ⊗0%  whose precision matrix is the Kronecker product of the 

temporal and spatial precision matrices; is such that t tf f≈% B  where the basis B  is a sparse 
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matrix with unit elements for matching triangle vertices and zero’s elsewhere (259). 

Therefore equation (6.4) becomest t t tX f= + +η β εη β εη β εη β εB , where we let ,{ }t tθ=x β, Ββ, Ββ, Ββ, Β
 
be the 

vector of latent Gaussian fields and 2 2,={ , , }t ω εσ φ κ σϕϕϕϕ  being a vector of unknown parameters. 

We can thus express our model into a hierarchical Gaussian latent variable fashion as 

follows, stage 1-observational equation, stage 2- Latent Gaussian field and stage 3- parameter 

model (263): 

 

( ) ( )
( )

2 1

1

stage 1: | , ~ ; ( ) , ( )

stage 2 : | ~ ( ); ( )

stage 3: ~ ( )

t t

t t

t t t t t m t t t

t t t t

t t

N X f I N A Q

N Q

εσ

π

−

−

+ = =y y

x x

 y x B x

 x

 

ϕ β µ ϕ ϕϕ β µ ϕ ϕϕ β µ ϕ ϕϕ β µ ϕ ϕ

ϕ µ ϕ ϕϕ µ ϕ ϕϕ µ ϕ ϕϕ µ ϕ ϕ

ϕ ϕϕ ϕϕ ϕϕ ϕ
                      (6.5)  

where the precision matrices 1. (.)Q−  are either small enough (for easier multiple factorisation) 

or sparse (264). These models cover a wide range of models and can easily be estimated 

using INLA as shown in the next subsection.  

6.2.4 Bayesian inference using INLA 

 

In accordance with the Bayesian paradigm we aim to find the posterior distribution of the 

processes and parameters updated by data (94).This could be expressed as:  

 

Probability (process, parameters | data) ∝ Likelihood (data| process, parameters)× 

Probability(process| parameters) ×  Probability(parameters) 

Applying this expression to our model, letting { }2 2, , , , ,t ω εφ θ σ κ σΘ = ββββ  denote the vector of all 

parameters and dropping the subscripts to present in vector form, { }tξ=ξξξξ  and data { }ty=y

(260, 261), their joint posterior distribution is thus:
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( ) ( ) ( ) ( ), , | | , , | , ,π π π πΘ ∝ Θ Θ Θξ η ξ η η ξ ξξ η ξ η η ξ ξξ η ξ η η ξ ξξ η ξ η η ξ ξy y
............................(6.6) 

Figure 6.2 gives a simplified pictographic view, where level 1 are the data and assumed 

distributions, level 2 is a process, level 3 and 4 are parameters and level 5 gives the default 

hyper-parameters used in the INLA package. 

 

 

Figure 6.2: Hierarchical structure of a zero inflated spatiotemporal model fit using 

INLA 

 

The posterior marginals are required, standard (i), nested approximation (ii) and numerical 

integrations (iii) for latent fields 
{ , , }f θβ=x

and hyper-parameters { }2 2, , ,ω εϕ φ σ κ σ=

respectively (96, 261): 
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Using this technique we aim to initially get the terms “nested” inside the integrand in 

equation 6.7 ii) left hand side without integration (264). To do so we firstly estimate the 

marginal ( )|Gπ% ϕ,ϕ,ϕ,ϕ,x y which is a Gaussian approximation of x with mode ( )ϕϕϕϕx* , for a 

given ϕϕϕϕ . Secondly we estimate ( ) ( )2| ; ( ), ( )i i i ix N xπ µ σ=% ϕ, ϕ ϕϕ, ϕ ϕϕ, ϕ ϕϕ, ϕ ϕy using either Gaussian or 

Laplace or a simplified Laplace approximations (261). We computed these marginals using 

the R package Integrated Nested Laplace Approximation (INLA) which uses the simplified 

Laplace approximations (96, 163, 261) The INLA procedure also enables easier spatial 

prediction since it computes posterior conditionals for the spatial random effects on all 

triangulation vertices including the extensions as shown in figure 6.1.  

6.2.5 Model goodness of fit and convergence diagnos tics 

We assessed the accuracy of ( )|π% ϕϕϕϕ y
using the effective number of parameters, which can be 

approximated as the difference between the dimension of the normalised integral 

( ){ }|    nπ% yϕϕϕϕ
 and the trace of the product of the prior precision matrix and the posterior 

covariance (238): 

{ }1( ) ( ) *( )Dp n tr Q Q −≈ −ϕ ϕ ϕϕ ϕ ϕϕ ϕ ϕϕ ϕ ϕ
                                        (6.8) 
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The deviance information criteria (DIC) was also used which is defined as the difference 

between twice the mean of the deviance and the deviance of the mean according to 

Spiegelhalter et al. (2002) (238) and expressed as: 

( ){ }( , ) 2 log | ,i i
i

D x y x constantπ= − +∑ %ϕ ϕϕ ϕϕ ϕϕ ϕ
                          (6.9) 

An interpretation of this is quite straight forward: the smaller the effective number of 

parameters the more parsimonious the model and the smaller the DIC the better the model fit, 

more-so most parsimonious is not always the best model. 

6.3 Application  

6.3.1 Agincourt health and socio-demographic survei llance data (HDSS), rural 

South Africa, study design and ethics 

The Agincourt health and socio-demographic surveillance system (HDSS) site was set up in 

the Agincourt sub-district in 1992 due to its remote location, availability of several clinics 

and presence of Mozambican in-migrants who arrived as refugees during the early to mid-

1980s during the civil war (265). By 2010, the Agincourt HDSS had a population of over 

84,000 persons living in approximately 15,000 households scattered throughout 27 

neighbouring villages. Cause-of-death data were obtained through verbal autopsies conducted 

on every recorded death (197). Interviews were conducted by trained field workers within 

one year after a death, with the closest caregiver of the deceased in their mother tongue. 

Cause-of-death was independently determined by two medical practitioners with the third 

serving as arbitrator when consensus could not be reached. The consensus cause-of-death was 

classified according to the World Health Organization’s International Classification of 

Diseases (ICD10) (198). HIV/TB mortality in children was ascertained by reported signs and 

symptoms, and in some instances supported by the mother’s cause of death (198). Over 90% 
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of the HDSS households were geo-coded by 1992 and by 2010 all the households were geo-

coded, thus enabling spatial analyses at household as well as village level. The study design 

was a retrospective cohort study covering households observed from the establishment of the 

site to December 2010. Both the Agincourt HDSS and this study were granted ethical 

clearance by the University of the Witwatersrand’s Committee for Research on Human 

Subjects, M960720 and M081145 respectively. Verbal informed consent was obtained for 

each census update round and for verbal autopsy data collection. . 

6.3.2 Dependent and independent variables 

The persons included in the study were all children aged between 0 and 10 years who lived or 

had lived in the Agincourt HDSS between 1992 and December 2010. The independent 

variables used were: child’s gender, birth-weight category, age category, socio-economic 

status (availability of water, electricity and toilet) and number of mother’s antenatal clinic 

visits during pregnancy and year of observation. The household’s latitude and longitude were 

used to construct the latent variables for the spatial random effects and year the AR(1) 

temporal effects. The dependent variable was death due to HIV and/or tuberculosis (TB) 

determined by the WHOs ICD10 codes A16-A19 and B20-B24. These data were extracted 

using Structured Query Language (SQL). Preliminary data analyses and data management 

were done using STATA 10.1 (203). The Bayesian analysis was done using an R software 

package called INLA (163, 261) . 

6.3.3 Descriptive statistics 

There were similar proportions of boys and girls (50.3%) with an average age of 6.14 years 

(standard deviation of 3.38). Almost 9% (8.89%) of the births were of low birth weight, the 

majority (60.3%) of the children were only observed after their 5th birthday. Only 8.09% had 

access to all of clean tap water, flush toilet inside house and electricity, which is expected in 
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this rural area. Health check-ups during pregnancy averaged 6 antenatal care visits, with the 

majority (73%) not attending at all. A total of 456/71,057 (0.64%) deaths were due to AIDS 

(including HIV/Tuberculosis) therefore showing presence of zero inflation. Mortality was 

moderate in the early to mid 1990s before gradually increasing from 1999 and reaching a 

peak in 2001, remaining high for several years before a gradually declining from 2007 as 

shown in figure 6.3. 

 

 Figure 6.3: Year specific child deaths due to HIV/TB from 1992 to 2010 

6.3.4 Zero Inflated Poisson and Binomial spatiotemp oral modelling results  

 
We performed univariate and multiple variable analyses using both the ZIP and ZIB models. 

Multiple variable models were fit systematically starting with one without random effects, 

then spatial only, temporal only and finally spatiotemporal random effects. The R-codes 

using INLA are given in appendix 6.8. From our results shown in tables 6.1 and 6.2, our 

discussion will be centred on the ZIP spatiotemporal model which was the best fitting model 

since this had the lowest DIC (4532.31) and catered for spatiotemporal random effects, as 

later indicated in section 6.3.5.  
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Table 6.1: Univariate and multiple regression results models using zero inflated Poisson adjusting for spatiotemporal random effects. 

 

Variable Summary, n(%) or 
mean±sd 

Univariate results, 
RR(95% credible 
interval) 

Non-spatial multiple 
variable model, 
adjusted RR(95% 
credible interval) 

Temporal multiple 
variable model, 
adjusted RR(95% 
credible interval) 

Spatial multiple 
variable model, 
adjusted RR(95% 
credible interval) 

Spatiotemporal multiple 
variable model, adjusted 
RR(95% credible 
interval) 

Sex        
 Male 35,317(49.70) 1.00     
 Female 35,740(50.30) 0.89(0.74;1.07)     
Birth weight category       
 Low weight 6,320(8.89) 1.00 1.00 1.00 1.00 1.00 
 Moderate weight 15,241(21.45) 0.81(0.61;1.07) 0.70*(0.53;0.93) 0.85(0.63;1.16) 0.71*(0.53;0.93) 0.85(0.63;1.16) 
 High weight 49,496(69.66) 0.39*(0.30;0.51) 0.57*(0.42;0.76) 0.73*(0.53;0.99) 0.58*(0.43;0.77) 0.73*(0.53;0.99) 
Age category       
 0 – 1 years 8,580(12.07) 1.00 1.00 1.00 1.00 1.00 
 1 - 5 years 19,619(27.61) 0.21*(0.17;0.26) 0.20*(0.16;0.25) 0.18*(0.23;0.64) 0.20*(0.16;0.25) 0.18*(0.14;0.22) 
 5 – 9 years 42,858(60.31) 0.05*(0.04;0.07) 0.04*(0.03;0.05) 0.04*(0.05;0.54) 0.04*(0.03;0.05) 0.04*(0.03;0.05) 
Slum (electricity, water and toilet)       
 None of the three 10,051(14.14) 1.00 1.00  1.00  
 At least one 27,329(38.46) 0.78(0.60;1.01) 0.79(0.61;1.02)  0.77(0.60;1.00)  
 At least two 21,871(30.78) 0.74*(0.56;0.97) 0.73*(0.56;0.96)  0.71*(0.54;0.93)  
 All three 5,748(8.09) 0.57*(0.37;0.86) 0.55*(0.35;0.83)  0.53*(0.34;0.81)  
Antenatal clinic visits 6.00(±1.50) 0.98*(0.97;0.99) 0.98*(0.97;0.99) 0.96*(0.94;0.97) 0.98*(0.96;0.99) 0.96*(0.94;0.97) 
Zero inflation parameter   0.06*(0.002;0.25) 0.05*(0.003;0.18) 0.07*(0.003;0.28) 0.04*(0.002;0.15) 
Precision for year    0.91*(0.23;2.19)  0.86*(0.16;2.32) 
Rho for year    0.88*(0.72;0.97)  0.89*(0.70;0.98) 
Kappa     1.98*(1.09;3.66) 1.55*(1.41;1.63) 
Tau     1.37*(0.18;2.600 2.31*(1.19;9.08) 
Moran’s Indexes: Observed (Expected 
± standard deviation) 

     0.32*(2.1±3.33x10-3) 

Effective number of parameters   12.05(0.05) 25.61(1.10) 23.18(5.04) 29.16(6.33) 
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Table 6.2 : Multiple regression results of four models using zero inflated Binomial adjusting for spatiotemporal random effects 

Variable Non-spatial multiple 
variable model, adjusted 
OR (95% credible 
interval) 

Temporal multiple 
variable model, adjusted 
OR (95% credible 
interval) 

Spatial multiple variable 
mode, adjusted OR (95% 
credible interval) 

Spatiotemporal multiple 
variable model, adjusted OR 
(95% credible interval) 

Sex      
 Male     
 Female     
Birth weight category     
 Low weight 1.00 1.00 1.00 1.00 
 Moderate weight 0.70*(0.52;0.92) 0.86(0.62;1.20) 0.70*(0.52;0.93) 0.005*(0.003;0.07) 
 High weight 0.62*(0.46;0.83) 0.67*(0.48;0.95) 0.63*(0.47;0.85) 0.05*(0.007;0.04) 
Age category     
 0 – 1 years 1.00 1.00 1.00 1.00 
 1 - 5 years 0.07*(0.05;0.09) 0.05*(0.04;90.07) 0.07*(0.06;0.09) 0.18*(0.14;0.22) 
 5 – 9 years 0.006*(0.004;0.008) 0.005*(0.003;0.95) 0.006*(0.004;0.008) 0.04*(0.03;0.05) 
Slum (electricity, water and toilet)     
 None of the three 1.00  1.00  
 At least one 0.77(0.60;1.01)  0.76*(0.58;0.99)  
 At least two 0.71*(0.54;0.95)  0.69*(0.52;0.93)  
 All three 0.52*(0.34;0.81)  0.51*(0.32;0.78)  
Antenatal clinic visits  0.94*(0.92;0.96) 0.97*(0.95;0.98) 0.94*(0.93;0.96) 
     
Zero inflation parameter 0.22*(0.042;0.66) 0.43*(0.19;0.79) 0.15*(0.031;0.45) 0.42*(0.18;0.67) 
Precision for year  0.78*(0.17;1.96)  0.80*(0.20;1.93 
Rho for year  0.87*(0.67;0.97)  0.87*(0.69;0.97) 
Kappa   1.98*(1.14;3.55) 1.54*(1.41;1.62) 
Tau   1.37*(0.27;2.54) 2.23*(1.22;6.91) 
Moran’s Indexes: Observed(Expected ± 
standard deviation) 

   0.30*(2.1±3.33x10-3) 

Effective number of parameters 11.10(0.080) 24.58(1.03) 22.97(5.09) 31.12(5.18) 
DIC 5179.43 4754.60 5180.50 4803.93 
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Two variables consistently showed significant associations with child HIV/TB mortality, 

firstly the age category of the child, which showed a decrease in mortality with increase in 

age (Chi-Square p-value<0.001). Those aged 1 to 4 (127/19,619) were 82% {0.18 (0.14; 

0.22)} less likely to experience a death due to HIV/TB compared to those under 

1(262/8,580), and those 5 to 9 years (67/42,858) were 96%{0.04 (0.03;0.05)} less likely to 

die from HIV/TB relative to the under 1s keeping all other variables constant. Secondly the 

category of birth-weight was significantly associated with deaths due to HIV/TB, showing a 

decreasing trend with greater birth weight (Chi-Square p-value<0.001). Those who had a 

birth weight of 3.5 kilograms and above (232/49,496) were 27% (0.73 (0.53;0.99)} less likely 

to die due to HIV/TB relative to those who were born with a birth weight of less than 2.5 

kilograms (76/6,329) independent of other risk factors. The only other significant protective 

factor was the number of antenatal clinic visits made by the mother; for every additional visit 

the mother attended the risk of losing the child from HIV/TB decreased by 4% 

(0.96(0.94;0.97)} keeping other variables constant as shown by the spatial only and no-

random effects models. Those who had access to all three resources – electricity, water and 

flush toilet (the more affluent in this area) experienced fewer deaths due to HIV/TB 

compared to those who had none of these resources. We show the posterior marginal point 

estimates from the ZIP and ZIB models in figures 6.4 top and bottom respectively. 
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  Figure 6.4: Posterior point estimates for ZIP (top) and ZIB (bottom) models 

 
As shown in figure 6.4, the area with the greatest risk of child HIV/TB mortality is the central 

region with a trend towards the south-west. This region is where households had lower birth 

weights, greater infant mortality and fewer visits to the health facility compared to 

households in other regions. The lowest risk region is the top north-east with the ZIP model 

showing fewer clusters than the ZIB model. The standard error maps indicate the greatest 

errors on the peripherals which are also the regions where the extensions of the triangulation 

shown in figure 6.1. Also consistent with our results in tables 6.1 and 6.2, there is a greater 

margin of error with the ZIB model as compared with the ZIP model. 
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6.3.5 Model assumptions, goodness of fit and conver gence diagnostics  

 
Using the final spatiotemporal models in both ZIB and ZIP we investigated the presence of 

zero inflation, temporal and spatial correlation. The null hypothesis for zero inflation was that 

the inflation parameter tθ  is zero (no zero inflation) our results in tables 6.1 and 6.2 indicate 

significant presence of zero inflation of 0.04 and 0.42 for ZIP and ZIB respectively. 

Investigation of temporality was done by testing theφ coefficient of the first order 

autocorrelation model with the null hypothesis that the process was not stationary 
1φ >

. 

Both our models indicated significant presence of stationarity that is 0.86 and 0.87 for ZIP 

and ZIB respectively. Figure 6.5 below shows the posterior means plus 95% credible bands, 

time series plots from the modelling which resembles the observed data shown in figure 6.3. 

Lastly on checking model assumptions we investigated the presence of spatial effects by 

inspecting the significance of the components (κ  and τ ) of the Matérn covariance (see 

tables 6.1 and 6.2). Also this was investigated with the classical Moran’s indices on the 

spatial residuals testing the null hypothesis that there is zero spatial autocorrelation which 

from both tests yielded significant results, hence rejecting the null. 
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Figure 6.5: Posterior mean and 50% (middle), 0.025% (lower) and 0.975% (upper) 

 

We compared the two models, the ZIB and ZIP, and found that the latter fitted better in all 

the variants from the no-random effects model to the spatiotemporal model as this yielded 

smaller DICs and model parsimony. Some of the parameter estimates were similar, except for 

the zero inflated parameter, age categories and birth weights. The ZIP model also showed 

more stable estimates and consistent results in the adjusted relative risks (adjRR) compared to 

the ZIB and narrower credible intervals. As a way of showing the convergence 

pictographically for some parameter estimates, we show the fixed effects logarithmic form 

posterior means density plots in figures 6.6 and 6.7. 
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Figure 6.6: Posterior density plots of log-means for fixed effects of the ZIP 

spatiotemporal model. 
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Figure 6.7: Posterior density plots of log-means for fixed effects of the ZIB 

spatiotemporal model. 

 

 

The plots in figures 6.6 and 6.7 show that the parameters fitted well as GMRF since they are 

symmetrical about thus the mean equals the mean and mode.  
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6.4 Conclusions 

The public health implications of our results centre on inappropriate health seeking behaviour 

in rural areas. Interventions could target two groups of mothers (or other caregivers) – those 

not yet infected and those already infected. For both groups, antenatal clinic attendance could 

possibly improve birth weight and reduce the risk of infant mortality. For those mothers’ 

already HIV-infected, there need to be widely accessible and effective prevention of mother-

to-child programmes, with provision of anti-retro therapy for HIV-infected mothers and 

infants.. A significant decline in mortality can already be observed in our cohort post 2007, 

the year when ARVs were first offered within the rural sub-district. Poverty, however, still 

remains the greatest challenge in low- and middle-income countries and care must be taken to 

ensure interventions reach those most in need. Our results from spatiotemporal Bayesian 

modelling coupled with maps can be very useful in allocating scarce resources. 

 

Modelling that controls for potential confounding is an add-on to epidemiological studies and 

gives strength to the estimates derived from such modelling procedures. Our modelling 

approach caters for potential spatial and temporal confounders. This approach was also able 

to cater for “large” zero inflated spatiotemporal data.  

 

A major limitation in low- and middle-income nations is lack of reliable and user friendly 

analytic software, which was addressed by using INLA a package available on the public 

domain. Zero inflated Poisson (ZIP) and zero inflated Negative Binomial (ZINB) models 

were used for log link function linear predictors and also catered for spatial random effects 

(266, 267). It has also been noted from other studies that the log link function linear predictor 

models were more stable than logit link function models when they contained a spatial 

component (266). This finding was also confirmed in our study as we observed that models 
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from the exponential family with a log-linear predictor were more stable and able to converge 

better than the logit-link function model. This motivated us to treat the outcome as a discrete 

measure as opposed to binary mostly used for logistic regression(23). We demonstrated that 

the “big m” can be resolved with great ease for public health mortality hierarchical structures 

with the aid of SPDEs and INLA. 
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6.8 Appendix: Zero inflated Poisson R-code using IN LA  

adapted from http://www.r-inla.org/ (259). 
 
#1.#IMPORTING LIBRARIES 
library(foreign) 
library(INLA) 
library(coda) 
library(fields) 
 
#2.# Read data: 
decdata = read.dta("c:/jagnovredo/childleveldec.dta") 
attach(decdata) 
names(decdata) 
 
#3.# Build triangular mesh of locations within 0.5 km see figure 6.1 
mesh123 = (inla.mesh.create(cbind(decdata$coordlongx/1000, 
decdata$coordlaty/1000),refine=TRUE,cutoff=0.5)) 
plot(mesh123) 
 
 
#4.# Store the data-->vertex mapping: 
## ( mesh$idx$loc[m] is the mesh vertex for data location number m ) 
decdata$hhid = mesh123$idx$loc 
 
#5.# Create the SPDE/GMRF model, (kappa^2-Delta)(tau x) = W: 
spde123 = inla.spde.create(mesh123, model="matern") 
 
#6.# Functions of four models multivariate models fit  
#6a.No random effects model with household and individual random effects 
norand=hivtb2~sex+as.factor(slumrural1)+as.factor(age_cat)+as.factor(birth
weight_cat)+antenatalvisits+f(hhid, model="iid")+f(idno, model="iid") 
 
#6b.Temporal random effects model with household and individual random 
effects 
temponly=hivtb2~sex+as.factor(slumrural1)+as.factor(age_cat)+as.factor(bir
thweight_cat)+antenatalvisits+f(year, model="ar1")+f(hhid, 
model="iid")+f(idno, model="iid") 
 
#6c.Spatial random effects model with individual random effects 
spatonly=hivtb2~sex+as.factor(slumrural1)+as.factor(age_cat)+as.factor(bir
thweight_cat)+antenatalvisits+f(idno,model="iid")+f(hhid,model=spde123) 
 
#6d.Spatiotemporal random effects model with individual random effects 
spatiotemp=hivtb2~sex+as.factor(slumrural1)+as.factor(age_cat)+as.factor(b
irthweight_cat)+antenatalvisits+f(year, model="ar1")+f(idno, 
model="iid")+f(hhid,model=spde123) 
 
 
#7.# Running INLA models on the four stated in step 6 
norand = inla(norand, family="zeroinflated.poisson1",data = 
decdata,control.results=list(return.marginals.random=TRUE,return.marginals
.predictor=TRUE),control.compute=list(dic=TRUE,cpo=TRUE)) 
summary(norand) 
 
spatonly = inla(spatonly, family="zeroinflated.poisson1",data = 
decdata,control.results=list(return.marginals.random=TRUE,return.marginals
.predictor=TRUE),control.compute=list(dic=TRUE,cpo=TRUE)) 
summary(spatonly) 
 
temponly = inla(temponly, family="zeroinflated.poisson1",data = 
decdata,control.results=list(return.marginals.random=TRUE,return.marginals
.predictor=TRUE),control.compute=list(dic=TRUE,cpo=TRUE)) 
summary(temponly) 
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spatiotemp = inla(spatiotemp, family="zeroinflated.poisson1",data = 
decdata,control.results=list(return.marginals.random=TRUE,return.marginals
.predictor=TRUE),control.compute=list(dic=TRUE,cpo=TRUE)) 
summary(spatiotemp) 
 
#Saving output for model to store posterior estimates and other 
save(spatiotemp, file="c:/resultsdec/spatiotemp.Rdata") 
 
#--------------------------------------------------------------------# 
 
#8.#Loading data from previous analyses in new session 
spatiotemp<-load(file="c:/jagnovredo/spatiotemp.Rdata") 
names(spatiotemp) 
 
#9.#Assessing for posteriors Spatial auto-correlation (Moran’s I) 
library(ape) 
D.dists <- as.matrix(dist(cbind(mesh123$loc[,1], mesh123$loc[,2]))) 
D.dists.inv <- 1/D.dists 
diag(D.dists.inv) <- 0 
Moran.I(spatiotemp$summary.random$hhid[,"mean"], D.dists.inv) 
 
 
#10.# Diagnostic plots see figures 6.6 or 6.7 
plot.inla(spatiotemp,  
 plot.fixed.effects = TRUE,constant=FALSE, 
 plot.lincomb = TRUE, 
 plot.random.effects = TRUE, 
 plot.hyperparameters = TRUE, 
 plot.predictor = TRUE, 
 plot.q = TRUE, 
 plot.cpo = TRUE) 
 
 
#11.# Extract the SPDE parameters, point and interval estimates 
tauconf = exp(spatiotemp$summary.hyperpar[2,]) 
kappaconf = exp(spatiotemp$summary.hyperpar[3,]/2) 
 
tau = exp(spatiotemp$summary.hyperpar[2,"mean"]) 
kappa = exp(spatiotemp$summary.hyperpar[3,"mean"]/2) 
 
#12a.# Get the spatial precision matrix (QS) see equation section 6.2.1 and 
2.3 
Q = inla.spde.query(spde123, precision=list(tau=tau, 
kappa2=kappa^2))$precision 
 
 
#12b.# Reference point for covariance/correlation comparisons: 
ref.s = (which.min((mesh123$loc[,1]-mean(range(mesh123$loc[,1])))^2 + 
 (mesh123$loc[,2]-mean(range(mesh123$loc[,2])))^2)) 
 
#12c.# Calculate covariances (S) and correlations (SS): 
S = solve(Q) 
SS = diag(1/sqrt(diag(S))) %*% S %*% diag(1/sqrt(diag(S))) 
D = as.matrix(dist(mesh123$loc)) 
 
#12d.# Theoretical Matérn correlations and covariances: 
dd = (0:1000)/1000 
SS.theory = (dd*kappa)*besselK(dd*kappa,1) 
SS.theory[1] = 1 
S.theory = SS.theory/(4*pi*kappa^2)/tau^2 
 
#-----------------------------------------------------------------------# 
 
 
#13.# Prediction, plotting posterior prediction maps figure 6.4 
 
## Calculate mapping between triangulation vertices and grid points: 
## Resolution for gridded output was dims=c(300,300) 
proj = inla.mesh.projector(mesh123, dims=c(300,300)) 
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## Construct greyscale palette function: 
my.grey.palette = function (n,...) { return 
(grey.colors(n,0.05,0.95,...))} 
## Use it: 
my.palette = my.grey.palette 
 
## Construct map data appropriate for easy plotting: 
mm = calc.map(map) 
 
## Plot results: 
 
par(mfrow=c(1,2)) 
## Map resulting posterior mean field to a grid: 
plotdata = inla.mesh.project(proj, 
spatiotemp$summary.random$hhid[,"mean"]) 
## Plot PM contours: 
 
postmap = (levelplot(row.values=proj$x, column.values=proj$y, x=plotdata, 
 mm=mm, panel=levelplotmap, 
 col.regions=my.palette, 
 xlim=range(proj$x), ylim=range(proj$y), aspect="iso", 
 contour=TRUE, cuts=11, labels=FALSE, pretty=TRUE, 
 xlab="Easting",ylab="Northing", main="Posterior mean for zero inflated 
Poisson")) 
plot(postmap) 
 
 
## Map resulting posterior standard deviation field to a grid: 
plotdata = inla.mesh.project(proj, spatiotemp$summary.random$hhid[,"sd"]) 
## Plot std.dev. contours: 
#dev.new() 
postmap2 = (levelplot(row.values=proj$x, column.values=proj$y, x=plotdata, 
 mm=mm, panel=levelplotmap, 
 col.regions=my.palette, 
 xlim=range(proj$x), ylim=range(proj$y), aspect="iso", 
 contour=TRUE, cuts=11, labels=FALSE, pretty=TRUE, 
 xlab="Easting",ylab="Northing",main="Posterior standard deviation for 
zero inflated Poisson")) 
 
plot(postmap2) 
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Chapter 7  

7.0 Discussion and conclusions 

In this thesis I have categorised our findings into indirect and direct determinants or risk 

factors of morbidity and mortality adjusting for geographical locations as a proxy for socio-

economic and environmental factors. A consistent pattern of results was observed when using 

different analysis techniques coherent with the different study designs, multi-level structures, 

amount of data and spatiotemporal correlations. As I conclude this thesis I provide a 

discussion of the results in relation to the global scientific body of knowledge. These can be 

grouped according to three thematic areas: determinants of childhood morbidity: adiposity 

and malnutrition; direct risk factors of child HIV/TB mortality in observational cohorts; and 

spatiotemporal modelling of mortality and morbidity in resource scare settings (shown in 

table 1.1). 

  

This thesis uses data over the period 1992 to 2010, a span of 19 years that makes up almost 

three quarters of the United Nation’s Millennium Development Goals (MDG) period of 25 

years. Goal 4.1 aims to reduce under five child mortality by two thirds over that period (3). 

Our results overall demonstrate a significant decline in mortality due to HIV/TB after the 

introduction of antiretroviral treatment in the rural Agincourt sub-district in 2007. 
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7.1 Determinants of childhood morbidity: adiposity and malnutrition 

 

 

 

 

 

 

 

 

 

 

In this thesis, through the manuscripts in Chapters 2 and 3, we identified determinants of 

childhood adiposity: malnutrition and mortality. Similar determinants have been found in 

other studies as well (167-169, 172, 173, 268-270), however none of these studies have 

simultaneously examined how the determinants interlink (directly or indirectly) nor have they 

adjusted for household spatial random effects. The chapters in this thesis highlight spatial 

differences within the Agincourt sub-district a relatively small geographical area. Firstly, 

childhood adiposity: there is evidence of spatial differences in those who are either 

overweight or obese (Chapter 2). Secondly, child malnutrition measures: geographical 

variations in the study area are shown in Chapter 3. Finally, child HIV/TB mortality: we 

demonstrated clear spatial patterns for either a single year (Chapter 4) or over several years 

(Chapter 5) and also including infants and those above five years of age (Chapter 6). The 

findings indicate similar geographical patterns in Agincourt; areas with no health facility had 

significantly greater malnutrition and adiposity, and areas with a higher concentration of 

former Mozambican refugees and households without biological parents were at greater risk 

Theme 1: Key summary points 
 

1. Spatial differentials exist in childhood adiposity and malnutrition 
measures. 
 
2. HIV morbidity retards child growth and plays a mediatory role. 
 
3. Child morbidity due to either malnutrition or HIV and vice-versa 
results in a vicious cycle. 
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of mortality. Access to affordable health care is currently a major global debate; yet the issue 

for rural dwellers in South Africa is not only that of consultation costs (primary health care is 

free) but includes transport costs as a major barrier, health awareness and a health seeking 

behaviour and the dual use of traditional and western medicine in treating and preventing 

childhood diseases. The free primary health care is often overburdened due to political and 

economic refugees from neighbouring countries. 

 

Other key findings were that those children infected with HIV were more malnourished and 

were likely more vulnerable to acute illnesses. Figure 7.1 graphically presents what is 

currently known of the effects of HIV on malnutrition and how our study results contribute to 

this body of knowledge. The association between HIV and malnutrition is usually modelled 

as a vicious cycle as supported by several studies (10-19).  
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Figure 7.1: Vicious cycle depicting inter-linkage of HIV, malnutrition, maternal and geographical locations: adapted from Piwoz and 

Prebel (2000). 
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Moreover, our study provides information on the precise areas where interventions are most 

needed, which is a powerful tool for policy-makers aiming for effective control. Many studies 

have demonstrated that lower anthropometric indices are associated with an increased risk of 

opportunistic infections (151-156, 271). The impact on children starts in utero: among 

pregnant women that are HIV infected there are higher rates of preterm births, lower-birth 

weight, slower growth and greater risk of severe malnutrition (272-275). As such, 

interventions have centred on prevention of mother-to-child transmission, maternal uptake of 

ART, supplementation of macro and micronutrients, stimulation of breastfeeding, and home-

based post-testing counselling and support (276-282). The efficacy of counselling was 

demonstrated in a follow up qualitative study of those who were infected; this revealed that 

when women knew the status of their children there was a change to improved health seeking 

behaviour (205). 

7.2 Direct risk factors of child HIV/TB mortality i n observational cohorts 

 

 

 

 

 

 

 

 

 

 

In Chapters 4, 5 and 6 we showed that HIV/TB child mortality was influenced by household 

factors, multiple deaths, male household headship and, most importantly, mother’s survival 

Theme 2: Key summary points 
 

1. Childhood mortality due to HIV/TB is exacerbated by 
poverty.  
 
 2. Maternal deaths increase the risk of child death 
threefold. 
 
3. Spatial differentials in mortality are found between 
rural households and over time. 
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and presence. Common patterns found in our analyses can be grouped into three main 

categories of child HIV/TB mortality determinants in the Agincourt subdistrict: gender, 

maternal and household.  

 

Gender: boys were at least twice as likely to die from HIV/TB compared to girls, and 

households headed by females had a higher child mortality compared to those headed by 

males. Some government policies have female affirmative policies for university entry and 

employment to address gender differentials.  

 

Maternal death had the greatest impact on HIV/TB child deaths. The most likely cause of 

HIV infection was mother-to-child transmission. Prevention of mother-to-child transmission 

(PMTCT), using a single-dose of Nevirapine (sdNVP) administered to the child and mother, 

was found to reduce child mortality by about 9% in South Africa (204). Unborn and newborn 

babies acquire the virus from their mothers either in utero, at birth (intra-partum) or after 

birth (postnatal) (98, 283). Many studies report pooled results from these clearly 

distinguished stages of child HIV infection and hence provide inaccurate estimates of the risk 

factors (284). The mother's survival significantly increases the likelihood of the child’s 

survival, hence antiretroviral therapy (ART) for the mother is vital for the health of her 

child(ren) (284). The impact of ART has been demonstrated in a study done in rural South 

Africa (206). The main source of transmission of TB among children are adults, as shown by 

a study on a high risk spatial cluster in South Africa with an incidence three times higher than 

WHO levels (50). Kimani-Murage et al. (2009) found that knowledge of child HIV status 

does influence the manner of care-giving and acceptance of community-wide interventions 

(205).  
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In Chapters 5 and 6 we show that the larger the number of household members the lower the 

risk of child death. However, as the number of household deaths increased, the risk of child 

deaths was also higher. These findings imply that households with healthy adults may have a 

higher socio-economic status, effective childcare, and more and diverse livelihood strategies 

which are protective of HIV/TB child mortality. On the other hand, households with more 

deaths are more likely to degenerate socio-economically through loss of a bread winner, high 

health care and funeral costs. This then compromises their ability to cater for HIV positive 

children. Former Mozambican refugees remain at greater risk of child HIV/TB deaths, 

indicating the need for specific health care interventions to marginalised and vulnerable 

households. 

 

The Agincourt sub-district, covering over 400 square kilometres is a tiny portion of the vast 

1.2 million square kilometres of South Africa. Yet there is clear evidence of spatial variability 

and differentials in child HIV/TB mortality and malnutrition dependent on household 

location. This approach to analysis can provide policy makers with visual maps relecting 

burden of disease its determinants that are useful for developing and targeting interventions. 
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7.3 Spatiotemporal modelling of mortality and morbi dity in resource scare 

settings 

 

 

 

 

 

 

 

 

 

 

 

 

This thesis has used some novel applications of well established and emerging statistical 

methodologies. In Chapters 2, 3, 4, 5 and 6 I provided detail (often in the appendices) on: 

multiple and multivariate spatial regression, structural equation modelling, zero inflated 

models and faster estimating procedures respectively. The growing field of spatiotemporal 

epidemiology brings in the person, place and time aspects in the risk factor analysis. I 

demonstrated that spatial Bayesian models provide better fitting models compared to non-

spatial models. Therefore catering for the spatial random effects further improves the model 

and parameter estimates obtained compared to classical statistical models. Bayesian methods 

were also capable of handling the complex structure of hierarchical data from the Agincourt 

sub-district. Prior known information on the distribution of data can also be utilised in 

Bayesian modelling. Another advantage of such modelling is adjusting for space-time related 

Theme 3: Key summary points 
 

1. Modelling of large spatiotemporal sparse data and multi-level 
(hierarchical) data using zero inflated distributions 
 
2.Use of system science approach in modelling a conceptual framework 
using structural equations. 
 
3. Adjusting for confounding and biases using multiple variable Bayesian 
random effects models and multivariate spatial regression. 
 
4. Analysis of complex large spatiotemporal data using freely available and 
user friendly statistical software. 
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confounding in the analyses. I was also able to estimate household specific posterior hazard 

ratios which were adjusted for socio-economic and confounding variables in the 

multivariable model. 

 

Zero inflated models such as the Poisson (ZIP) and zero inflated Negative Binomial (ZINB) 

models were used with a log link function of linear predictors which also catered for spatial 

random effects (23, 267, 285). It has also been noted from other studies that the log link 

function converges faster than the logit link when they contained a spatial random effect (23). 

This finding was also confirmed in our study as I observed that models from the exponential 

family with a log-linear predictor converged better and faster than the logit-link function 

model (Chapters 4 to 6) (23). 

 

Full and lowrank kriging (spatial prediction) also enabled drawing of smoothed risk maps 

which can be used by policy makers to better target community interventions. This can be 

this can accelerate achieving selected MDGs such as reducing child mortality by two thirds 

by 2015, since rates can be mapped to specific areas that may be lagging behind public health 

goals and targets. 

 

Another emerging area in epidemiological research is system science analysis of complex 

social, psychosocial and medical inter-relations. We used this technique in Chapters 3 and 4 

when we modelled the inter-relations between HIV and malnutrition and HIV/TB mortality 

and it’s determinants, respectively.  

 

Several approaches were used to address confounding and biases in this thesis. In Chapter 2 

we used multivariate Bayesian procedures to simultaneously model different adiposity 
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measures, and in Chapter 3 the same procedures were used for malnutrition growth indices 

adjusting for age, weight and height of the child. In Chapter 4, structural equation models 

were used to adjust for confounding. Chapters 5 and 6 adjusted for space-time confounding in 

the multiple variable models. 

 

A major limitation in developing nations is lack of reliable and user friendly analysis 

software, a hurdle we overcame by using R packages and BayesX freely available in the 

public domain. I demonstrated that the “big n” (big m or big N) can be resolved with great 

ease for public health mortality hierarchical structures with the aid of SPDEs and INLA 

(Chapter 6) and moderately using lowrank kriging (Chapters 4 and 5). 

 

 7.4 Strengths and limitations of the study 

The findings of this thesis have both strengths and limitations which I will discuss under four 

main categories:  

1)  Variable recall and selection biases 

2)  Comparability of findings 

3)  Confounding and effect modification 

4)  Analysis and computing. 

7.4.1 Variables recall and selection biases  

A major strength in our observed variables is that the data are consistently updated, corrected 

and checked for inconsistencies (annually for nearly 20 years at the time of undertaking this 

thesis). Nevertheless two potential variable-related biases remain, namely selection and recall 

bias. Selection bias may occur if permanent out-migrants differ from residents or temporary 

migrants. Measurement bias on the outcome variable mortality is unlikely as death is a major 
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household event, however it may affect the quality of the verbal autopsy (VA) interview, 

conducted at least one month after death. Furthermore, bias can be introduced through the 

procedure of medical experts that assign a cause of death.  

7.4.2 Comparability of findings 

The Agincourt sub-district patterns are comparable to similar rural settings in South Africa, 

for example those found in rural northern KwaZulu-Natal province (206). While many rural 

areas are not geo-coded to enable direct comparison of trends and patterns, our findings likely 

reflect similar patterns in other rural settings. However, our study may differ somewhat by 

the presence former Mozambican refugees, a particularly vulnerable sub-group. 

 

Global and regional comparability is still a challenge as a typical rural area in South Africa 

may differ from other countries. Comparison with other HDSS sites that have geo-location 

data isn a potential future study, that would shed light on similarities and differences across 

different geographic, cultural and socio-economic settings.  

7.4.3 Confounding and effect modification 

Several approaches can be used to address confounding: at the design level (e.g. 

randomisation), during the study (e.g. through the use of subject experts and validated 

instruments), and during analysis (e.g.multivariable regression, standardisation and 

stratification). In dealing with confounding we predominately used multiple variable 

regression models in the all the Chapters 2 to 6. The modelling approach used caters for 

spatial and temporal confounders and also for large zero inflated spatiotemporal sparse data. 

This was done directly as covariates, as in Chapter 5, or as specified correlation structures as 

in Chapter 6. However, I did not model time varying covariates and spatiotemporal 
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interactions. Mediation on the other hand was tested for in Chapter 3 as we determined 

factors directly and indirectly related to HIV and malnutrition in Chapter 3. 

7.4.4 Analysis and computing 

The analysis techniques brought me into contact with several fields of research beyond my 

existing areas of expertise. Social science – conceptual framework formulation and modelling 

via structural equation models; computing – modelling large datasets and handling data 

structures in different platforms, use of clusters, elementary coding and decoding; Bayesian 

statistics – conditional model formulation and translating models to programs. I used 

programs that were freely available and got to interact with the creators whilst I did my 

analyses. Since mostly non-informative priors have been used, experts’ opinions were sought 

to build and apply more informative priors in our modelling which allowed us to fully utilise 

the data.  

A limitation of using the non-user specific algorithms (BayesX and R) was that some changes 

that were necessary for our work could not be incorporated without in-depth knowledge of 

programming in C++ and Fortran. Design of some of the studies in the thesis, in particular 

the cross-sectional study design (in Chapters 2, 3 and 4) limited us to discuss associations 

without extending these to causality. Statistical misclassification was also a possibility as 

mentioned, because all the variables (except for child’s age in Chapter five) were treated as 

linear in the modelling yet they could have been non-linearly related to the outcome and 

modelled as splines or higher order polynomials instead. 
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 7.5 Conclusion 

7.5.1 Agincourt’s spatiotemporal child malnutrition  and mortality hotspots 

Throughout the thesis three areas consistently emerged as having the greater burden of 

HIV/TB mortality and malnutrition, and in chapters 2, 3 and 4 common patterns of 

malnutrition and adiposity were observed. One of these areas in the north was found to have 

the fewest health facilities in the sub-district. In chapters 5 and 6 consistent temporal patterns 

were observed, with households further south many with former Mozambican refugees – 

having the greatest risk of HIV/TB mortality. There appear to be some very clear spatial 

patterns relating poverty to poor nutritional and mortality outcomes.  Interestingly, similar 

areas were observed using maps without adjusting for covariates, but became more focussed 

upon adding covariates. This strengthens the need for modelling as opposed to deductions 

from purely observational maps, and confirms that the models are not producing a picture 

very different from what was actually observed.  This, more detailed information on the 

distribution of mortality and the causes driving it should be useful to government policy 

makers, non-governmental organisations and donors to target   short-term or a long-term 

interventions. 

7.5.2 Implications for interventions and policy 

During the past decades South Africa has experienced a shift in disease burden yet policies 

have not been timeously adjusted to meet new challenges (286). For resource scare areas, 

individual, community-level and household-based approaches should be employed to provide 

information that can be used to inform programme planners on strategies to reduce the level 

of malnutrition in children. At the individual child level government services should be made 

more accessible, especially in areas of high child malnutrition and mortality. Increasing 

access to mobile clinics, community health workers, child support grants and agricultural 
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support could help target childhood malnutrition and consequently reduce associated 

morbidity and mortality more effectively.  

Maternal age and education had both a direct and indirect protective effect on malnutrition, 

which persisted even after adjusting for spatial random effects. Hence an indirect approach 

could help reduce child malnutrition, for example launching community health education 

campaigns targeting women and promoting knowledge-sharing between more mature 

mothers and younger ones. These types of interventions have proven to be effective in 

resource-scarce environments elsewhere (181-184). A focused approach could include health 

education relevant to childhood needs, growing food in areas of high malnutrition and 

improving access to clean water and hygiene. This coupled with promotion of HIV testing for 

pregnant women will help prevent HIV transmission and promote earlier uptake of treatment. 

Efforts should be channelled towards strengthening functional family structures and social 

support for HIV-affected households and to improve access to antiretroviral therapy, food 

supplements and psycho-social support. 

 
This study provides evidence that supports the South African government’s revised policies 

on prevention of mother-to-child transmission (PMTCT) effected on 1 April 2010. The policy 

allows HIV positive pregnant women to be on antiretroviral (ARVs) from 14 gestational 

weeks onwards regardless of their CD4 count. I addition, all people with a CD4 count of 350 

and symptomatic HIV or TB regardless of CD4 count are eligible for treatment. Infants can 

now be tested without their mother’s consent in accordance with the new guidelines (249). 

7.5.3 Scope for future research 

Going forward, further studies investigating trends over time using spatiotemporal Bayesian 

analysis will strengthen the evidence on risk factors and trends found in this study. A 

combination of integrated, qualitative and quantitative analysis will be useful to fully 
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understand the proximal and distal factors that influence child malnutrition and HIV 

mortality. A longitudinal study following individuals’ over time, investigating the 

spatiotemporal patterns and impact of ARVs on nutritional status and mortality, would be 

valuable future work. 

However, generalizable results would be most useful for policy makers. These could be 

obtained by setting up sentinel sites located strategically across the country. Improving 

mother's or caregiver's health and socio-economic opportunities would have a direct impact 

on child survival. Research results informing government efforts to implement and monitor 

structures in rural South Africa that provide high quality PMTCT, ante-retroviral therapy, 

access to child support grants and anti-stigmatisation campaigns will contribute to reducing 

child malnutrition and HIV/TB mortality. 

The end !.
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The contribution of spatial analysis
to understanding HIV/TB mortality in
children: a structural equation
modelling approach
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1MRC/Wits Rural Public Health & Health Transitions Research Unit (Agincourt), School of Public
Health, Faculty of Health Sciences, University of the Witwatersrand, Johannesburg, South Africa;
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Institute, University of Basel, Basel, Switzerland; 4Centre for Global Health Research, Umeå
University, Umeå, Sweden; 5INDEPTH Network, Accra, Ghana

Background: South Africa accounts for more than a sixth of the global population of people infected with

HIV and TB, ranking her highest in HIV/TB co-infection worldwide. Remote areas often bear the greatest

burden of morbidity and mortality, yet there are spatial differences within rural settings.

Objectives: The primary aim was to investigate HIV/TB mortality determinants and their spatial distribution

in the rural Agincourt sub-district for children aged 1�5 years in 2004. Our secondary aim was to model how

the associated factors were interrelated as either underlying or proximate factors of child mortality using

pathway analysis based on a Mosley-Chen conceptual framework.

Design: We conducted a secondary data analysis based on cross-sectional data collected in 2004 from the

Agincourt sub-district in rural northeast South Africa. Child HIV/TB death was the outcome measure derived

from physician assessed verbal autopsy. Modelling used multiple logit regression models with and without

spatial household random effects. Structural equation models were used in modelling the complex relationships

between multiple exposures and the outcome (child HIV/TB mortality) as relayed on a conceptual framework.

Results: Fifty-four of 6,692 children aged 1�5 years died of HIV/TB, from a total of 5,084 households. Maternal

death had the greatest effect on child HIV/TB mortality (adjusted odds ratio�4.00; 95% confidence interval�
1.01�15.80). A protective effect was found in households with better socio-economic status and when the child

was older. Spatial models disclosed that the areas which experienced the greatest child HIV/TB mortality were

those without any health facility.

Conclusion: Low socio-economic status and maternal deaths impacted indirectly and directly on child

mortality, respectively. These factors are major concerns locally and should be used in formulating

interventions to reduce child mortality. Spatial prediction maps can further guide policy makers to target

interventions where they are most needed.

Keywords: HIV/TB; child mortality; conceptual framework; spatial analysis; pathway analysis; South Africa
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T
uberculosis (TB) and the HIV epidemic are among

the top public health research priorities especially

in sub-Saharan Africa. The sub-Saharan African

region, which constitutes 10% of the world’s population,

is home to more than 67% (22.9 million) of people living

with HIV/AIDS (1). TB, which is preventable and

curable, was responsible for 25% of HIV-related deaths

in 2009 and infected 33% of those living with HIV. As

a result, the World Health Organization (WHO) aims to

reduce TB-related deaths by 1 million by 2015 (2).

South Africa’s population is about 7% [50.6 million (3)]

of the sub-Saharan African population, yet accounts for
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24.6% (5.63 million of the 22.9 million) of people living

with HIV and an estimated 67% of these have TB.

South Africa ranks as the country with the highest

co-infection rates (1).

Children are affected in two ways: a very high

proportion of child deaths (60% in the year 2000) are

attributed to the HIV epidemic (4), and approximately 1.9

million children have been orphaned by the HIV epidemic

in South Africa (1). The nation at the onset of the 21st

century had an estimated 70,000 children [about 25%

rate of mother-to-child-transmissions (MTCT)] newly

infected, whereas 10 years later only 10,000 [3.5% rate

of MTCT (5)], which is indicative of an improved and

more effective mother-to-child prevention program (6).

In public health, determining patterns of disease occur-

rence provides the first steps toward increased under-

standing of determinants and potentially greater control

of the disease (7). Understanding the associated factors

of child HIV/TB mortality and how these are geographi-

cally distributed is key for effective interventions.

Several determinants of child mortality have been

reported over the past three decades. In the 1980s, re-

searchers explored causes of child mortality including

medical, socio-economic, and demographic (8). In the

1990s, fertility behaviour, nutritional status, breastfeeding

and infant feeding, the use of health services by mothers

and children, ecological variables, and socio-economic

status were studied (9). In the 21st century, the focus has

been on HIV exposure, poor maternal health, inadequate

infant care, increased exposure to infections, deaths of

parents or caregivers, immune system abnormalities, poor

nutrition, reduced breastfeeding and antiretroviral treat-

ment exposure (10). These determinants are interrelated

and can be combined into a conceptual framework. This

combined with spatial aspects forms social ecological

models, which are a component of the fast developing

systems science that examines multiple effects and inter-

relatedness of social elements in an environment (11).

Analysis of such frameworks can now be handled with

the aid of structural equation models also known as

pathway analysis.

The motivation for spatial analysis in epidemiological

modelling is based on the notion that people living in a

household and those in close proximity share similar

exposures, which impact on the observed outcomes. In

HIV/TB epidemiological research, the focus has largely

been on drug development, societal integration, perso-

nal nutrition, physical health, and care giving (8�10, 12).

Country-wide or region-specific pooled results are often

reported, disregarding geographical confounding that

commonly exists. Little has been done to interlink

factors associated with child HIV/TB mortality or

model their impact on areas of residence (households)

(13). The few studies implementing spatial analysis have

looked across different infectious diseases (14�16), used

different study designs (cross-sectional and longitudinal)

(17, 18), and considered varying levels of analysis

(village, household, and individual) (16, 18, 19). As

this is an emerging field, few studies have focused on

HIV/TB cause-specific mortality assessing geographical

differentials in South Africa over time (19).

The primary aim of this paper was to investigate

the cause-specific (HIV/TB) mortality determinants and

their spatial (geographical) distribution in the Agincourt

sub-district of rural northeast South Africa for children

aged 1�5 years in 2004. Our secondary aim was to model

how the associated factors were interrelated as either

direct (underlying) or indirect (proximal) factors of child

HIV/TB mortality using pathway analysis based on the

Mosley-Chen conceptual framework that incorporates

social, biological, and ecological determinants of child

mortality (8).

Methods

Agincourt sub-district data and study design
The Agincourt health and socio-demographic sur-

veillance system was established in 1992 in a remote

rural sub-district in the Bushbuckridge Municipality

of Mpumalanga Province, northeast South Africa near

the Mozambique border (20). There are annual census

updates that collect socio-demographic information

including in-migration and out-migration, mortality,

fertility, health, and behavioural data (20).

In this study, we extracted data for 2004 describing a

cross-sectional study of households in the study site. In

that year, the Agincourt health and socio-demographic

surveillance system covered a sub-district population

of over 70,000 persons living in approximately 12,000

households scattered throughout 21 neighbouring

villages. There were several health facilities in the area

as shown in Fig. 1.

Cause of death data were obtained through verbal

autopsies conducted on every recorded death during the

year (21). Trained lay field workers conducted interviews

within 1�11 months after a death, with the closest

caregiver of the deceased in his/her mother tongue. Two

medical practitioners independently determined cause of

death; a third diagnosis was sought to resolve discrepan-

cies. Their consensus cause of death was classified

according to the World Health Organization’s Interna-

tional Classification of Diseases 10 (ICD10) (22). The

reported signs and symptoms ascertained HIV/TB mor-

tality in children, and in some instances this was

substantiated by the mother’s cause of death (22). Over

90% of the health and socio-demographic surveillance

system (HDSS) households were geo-coded, thus

enabling spatial analyses at household level.
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Dependent and independent variables
The study sample included all children aged between

1 and less than 5 years who were registered in the

Agincourt HDSS between January and December 2004.

The independent variables used were child’s gender,

nationality and age; mother’s age, parity and death; gender

of household head, cumulative deaths in household,

number of household dwellers, minimum distance to

health facility, and household socio-economic status.

The latitude and longitude of each household were used

to construct the variables for the spatial correlation

(random effects), based on the straight line (Euclidean)

distances between all pairs of households. The dependent

variable was death due to HIV and tuberculosis (TB)

determined by the ICD10 codes A16�A191 for TB and

B20�B242 for HIV. The verbal autopsy cannot reliably

distinguish HIV and TB due to low sensitivity and

specificity; thus, these were combined in our analysis (23).

Conceptual framework: determinants of child
mortality
As a way of interrelating child mortality determinants, we

formulated a hybrid conceptual framework for child

mortality determinants and disease ecology as proposed

by Mosley-Chen and Meade (8, 24). This approach

integrates ecological, social, and biological variables in

the analysis, with the idea that these determinants operate

through a common set of either ‘proximate’ (intermediate

or indirect) or ‘underlying’ (direct) variables that impact

on HIV/TB child mortality (8, 25�27). Variables are

either endogenous (outcome variables) or exogenous

(explanatory) or both, and these are modelled using

structural equation models. Details of the structural

equation model are given in Appendix 1.

We used the observed variables: child specific, mother

specific, household related; and unobserved (latent) vari-

ables: socio-economic quintiles and spatial (ecological)

variables. We tested the pathways shown in Fig. 2, to

measure the direct and indirect determinants of child

mortality for the Agincourt sub-district in 2004. Two

approaches that complemented each other were used in

our modelling. Firstly, we modelled the HIV/TB mortality

determinants for children aged 1�5 years in 2004 and

adjusted for their spatial random effects. In relation to our

Fig. 2, we estimated the direct effects pathways (red

arrows) from all categories of the explanatory (exogenous)

variables controlling for confounders amongst them and

their spatial or geographical effects (orange arrows).

Results for these are presented in Table 1 and Fig. 3.

Lastly, using the significant variables as outcomes

(endogenous), we determined the indirect effects (proxi-

mal denoted by purple arrows) within and between

categories to establish those factors impacting on child

HIV/TB mortality.

Statistical methodology
We modelled the child HIV/TB mortality data to find

associated factors and determine geographic disparities.

Statistical techniques take into account spatial correla-

tions by introducing spatially structured random effects

into the model. These are usually based on independent

observations. However, with multilevel correlated struc-

tures commonly used, maximum likelihood estimation

(MLE) methods often underestimate the standard error;

thus, the statistical significance is overestimated (28).

Analysis was carried out using a geospatial logit regres-

sion model, which catered for individual- and household-

level random effects (29). Inference was done using

classical MLE and Bayesian inference techniques to fit

the non-spatial and spatial models, respectively. Bayesian

estimation of the many parameters was done using

Markov Chain Monte Carlo (MCMC) simulations

with the aid of Metropolis Hastings (MH) steps (29).

Geospatial prediction maps showing the geographical

coordinates, adjusting for child HIV/TB mortality deter-

minants, were used in the analysis.

Data extraction was carried out using Structured

Query Language (SQL), data management was done in

STATA 10.0 (30), and structural equation modelling was

performed in STATA 12.1 (Stata Corporation, College

Station, Texas, USA). The Bayesian models were fit using

software available in the public domain: BayesX version

2.1 for the spatial modelling and R-cran version 2.12.2

for geospatial mapping using the analysis and mapping

1A16�Respiratory tuberculosis; not confirmed bacteriologically or
histologically; A17�Tuberculosis of nervous system; A18�
Tuberculosis of other organs; A19�Miliary tuberculosis.
2B20�Human immunodeficiency virus (HIV) disease resulting in
infectious and parasitic diseases; B21 �Human immu-
nodeficiency virus (HIV) disease resulting in malignant neoplasms;
B22�Human immunodeficiency virus (HIV) disease resulting
in other specified diseases; B23�Human immunodeficiency virus

(HIV) disease resulting in other conditions; B24�Unspecified
human immunodeficiency virus (HIV) disease.

Fig. 1. Agincourt sub-district in 2004 showing villages

(grey shading) schools (flags), and health facilities (circled

grey crosses).
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packages, maptools, maps, spBayes, and Multilevel

B-spline Approximation (MBA) (31, 32).

Ethical clearance and informed consent
While this study used secondary data, the original study

on which it was based was careful to consider ethical

issues. Verbal informed consent was obtained when the

Agincourt health and socio-demographic update rounds

were conducted and also when verbal autopsy data were

collected from a close relative of the deceased. To avoid

emotionally stressing the interviewee, a culturally ac-

cepted period of 1 month was observed before the

interview was conducted. Risks of stigmatisation were

minimised through special training of fieldworkers on the

importance of confidentiality. This work was granted

ethical clearance by the University of the Witwatersrand’s

Committee for Research on Human Subjects (No. 960720

and M081145).

Results
Of the 6,692 children between 1 and less than 5 years,

with a mean age of 2.8 years, 54 HIV/TB-related deaths

were recorded in the HDSS in 2004. There were 5,084

fully geo-coded households that recorded children either

living or dead. Just over half the children were female

(51%), and more than a third (36%) were born to former

Mozambican refugees. The mean age of mothers was 29

years, and the mean distance to the nearest health facility

was 2.33 km. Table 1 shows the results for the descriptive,

univariate, and multivariable logit regression analyses.

Maternal death had the greatest effect on child HIV/TB

mortality [logit�1.386 (0.707)], equivalent to an adjusted

odds ratio (AOR) of 4.00 [95% Bayesian credible interval

(BCI)�1.01�15.80] controlling for spatial correlation

and keeping all other variables constant.

Multivariable analysis showed three further significant

predictors of child mortality in 2004, which were child,

maternal, and household specific. Adjusting for spatial

correlation and keeping all other variables constant, there

were several significant determinants of child HIV/TB

mortality. Child-specific differentials showed that boys

were almost twice as likely to die compared to girls

[logit�0.641 (0.291); AOR�1.89; 95% BCI�1.07�3.36].

As the children got older, there was a protective effect

against death; for every year the child aged, the likelihood

of death decreased by about 50% [logit��0.630 (0.137);

AOR�0.53; 95% BCI 0.40�0.70]. Male-headed house-

holds had a 60% lower risk of child HIV/TB mortality

compared to female-headed households [logit��0.895

(0.30); AOR�0.41; 95% BCI 0.23�0.74].

Spatial disparities can be viewed on maps, which can

show unexpected relationships that may have been over-

looked in standard regression analysis. We obtained

household-specific posterior odds ratios, which were

adjusted for child-, maternal-, and household-related

variables in the multivariable models. One main hotspot

emerged with high mortality in the north, and there were

two southerly areas with low mortality. The odds ratio

posterior map in Fig. 3 shows the hotspot area between

longitude 208 and 258 and latitude �2,7508 and �2,7458.
This area is characterised by the following: higher rate

of maternal deaths, more male child mortality, lack of a

public or private health facility, and being furthest from

any health facility as shown in Fig. 1.

Maternal variables: mother’s age,
parity and mother deceased or

absent

Household-related variables:
socio-economic status, number
of deaths in household, gender

of household head, total number
of household residents

Child variables: age,
gender, foreign nationality

Outcomes: death
due to HIV/TB 

Ecological variables: spatial variables,
distance to health facility

Fig. 2. Conceptual framework for modelling childhood HIV/TB-related mortality [adapted from Meade (24)]. The red arrows

reflect a direct effect on mortality and the purple (explanatory variables) and orange (spatial random effects) arrows depict an

indirect effect.
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The results from the conceptual framework analysis

of child HIV/TB mortality are shown in Fig. 4 and

Table 2. All of the connected arrows show pathways

that were statistically significant whether directly or

indirectly. Being male (logit�5.2�10�3) and older child

age (logit��4.6�10�3) both impacted directly on

HIV/TB mortality controlling for potential confounders

related to the maternal and households variables. Upon

treating male household headship as an exogenous

variable, this directly impacted negatively on child

HIV/TB deaths (logit��7.6�10�3), adjusting for

household variables. Moreover, when male headship

was an endogenous variable, the following household

variables indirectly impacted mortality: better socio-

economic status and larger household size had a protec-

tive effect (logit�7.7�10�3) and increase in household

deaths resulted in greater child HIV/TB mortality

(logit��8.3�10�2).

Table 2 details the direct pathways for child HIV/TB

deaths (arrows directly linked to the red square) and the

indirect pathways showing all possible routes for child

HIV/TB deaths as shown in Fig. 4. In our analysis,

poverty indirectly impacted on HIV/TB child mortality as

conferred by two pathways: first, male headship of

households (protective), and second, refugee status (a

risk) controlling for child’s age (as shown on Table 2 foot

note). The greatest direct impact on child HIV/TB

mortality was maternal death (logit�2.7�10�2), adjust-

ing for the indirect effects of parity (logit��2.6�10�3)

and mother’s age (logit�6.8�10�4).

Discussion
In this study, we showed that HIV/TB child mortality

is influenced by a combination of child, maternal,

household, and spatial determinants. Over the years

2002�2005, HIV/TB alone accounted for 34% of all-

cause mortality among children living in the area (23).

While being male was a risk factor for HIV/TB mortality

as children got older, irrespective of sex they were less

likely to die. A major finding in our study was that

maternal death had the greatest direct impact on HIV/TB

child deaths. A comparable study in the same area,

adjusting for spatial random effects at village level,

showed that infants whose mothers had died (presump-

tively of HIV) were at greater risk of death during the first

12 months of life (16).

The main source of TB transmission among children

are adults, as shown by a study on a high-risk spatial

cluster in South Africa with an incidence three times

higher than the WHO levels (17). The most likely cause of

HIV infection was mother-to-child transmission. Preven-

tion of mother-to-child transmission (PMTCT), using a

single-dose of nevirapine (sdNVP) administered to the

child and mother, was found to reduce child mortality by

about 9% in South Africa (33). Between 2004 and 2012

the guidelines for PMTCT and ART eligibility have

changed. There is also a seven-fold lower (from 25 to

3.5%) rate of infection from mother to child over the

period 2000�2010 (5). Kimani-Murage et al. (2009) found

that knowledge of child HIV status influenced the

manner of care-giving as well as acceptance and up-take
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Fig. 3. Child HIV/TB mortality: posterior adjusted odds ratio map, Agincourt sub-district, 2004.
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of community-wide interventions (31). The mother’s

survival significantly increases the likelihood of the

child’s survival, a finding that strengthens the current

policy focus on maternal health. In South Africa, a

comprehensive three stage process has been set up to

improve maternal, foetal, infant, and ultimately child

survival through antenatal care, labour and delivery, and

postnatal care (34). Reduction of TB morbidity and

mortality is the focus of the WHO 2015 goal of zero new

TB infections and zero TB-related deaths (2). The impact

of PMTCT aided by sdNVP, ziduvudine (AZT) and ART

has also been demonstrated from evidence gathered from

another site in rural South Africa (35).

In Agincourt, female-headed households had a higher

child mortality compared to those headed by males.

Studies in Tanzania, Zambia, and Limpopo province

South Africa showed similar results (36�38). The path-

way analysis (Fig. 4) demonstrates that male-headship

does not independently lead to lower mortality but is a

proxy for better socio-economic status of households.

Main breadwinners are usually male with females having

fewer opportunities in the labour market and conse-

quently earning less. The absence from the household of a

male due to death or permanent out-migration tended to

impact negatively on household socio-economic status,

leading to 90% greater child mortality odds (39). In other

African countries, similar patterns were observed as men

temporarily migrate within a country or to neighbouring

countries due to either pull or push factors (40�42). HIV/

TB deaths have lowered the life expectancy of working

men from the area who often ‘‘return home to die’’ from

their jobs (21). A recent qualitative study found that a

father’s unemployment, inability to work, and reluctance

to provide support were common factors in HIV-infected

households (31). From our pathway analysis (Table 2

and Fig. 4), we observed an indirect impact on child HIV/

TB mortality: as the number of household deaths in-

creased, the risk of child deaths was higher. This suggests

that households with a greater burden of mortality are

more vulnerable socio-economically through loss of

Fig. 4. Conceptual framework pathways results for Agincourt sub-district child mortality determinants in 2004. Key

for variable names: very poor versus most poor (vpoor_mostpoor), moderately poor versus most poor (modpoor_mostpoor),

least poor versus most poor (leastpoor_mostpoor), poor versus most poor (poor_mostpoor), age of child in years (age_ch),

household size (hh_size), cumulative household deaths (cum_hh_deaths), gender of household head (hh_gender), mother

age in years (age_mum), mother deceased by 2004 (mother_deceased), child born to former refugee parents (refuge), gender

(gender), minimum distance to health facility (min_dist) parity (parity), child deceased in 2004 (dead). Other: the arrows pointing

from the exogenous (explanatory) to endogenous (dependent) variables and the error terms (o) placed on all five endogenous

variables.
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breadwinners and high health care and funeral costs.

This compromises a family’s ability to feed and care

for all children, including those who are HIV positive. We

also observed that former Mozambicans are at greater

risk of child HIV/TB deaths, indicating the need for

health care interventions that target these marginalised

and vulnerable households.

Strengths and limitations of the study
The strengths and limitations of this paper are discussed

in four categories: classification of exposures and out-

comes; local or global relevance of results; confounding

and effect modification; and analysis deviance.

A major strength in our observed variables is that the

data are consistently updated, corrected, and checked for

inconsistencies. Nevertheless, there are potentially two

variable-related biases, namely selection and recall bias.

Selection bias may occur if permanent out-migrants differ

from residents or temporary migrants, which results in

incomparable groups. Recall bias on the outcome variable

mortality is unlikely as death is a major household event.

However, it may affect the quality of the verbal autopsy

interview, conducted at least 1 month but up to 11

months after death, and hence the ability of medical

experts to assign a likely cause of death.

Our study focused on one sub-district only, but

demonstrated geographical differentials in child HIV/

TB mortality. There was one main hotspot with highest

mortality and a visible downward trend in mortality

moving southwards. These patterns are comparable to

those found in other studies carried out in the area (16,

19). While many rural areas are not geo-coded to enable

direct comparison of trends and patterns, our findings

reflect similar patterns in other rural settlements at least

in northeast South Africa.

To deal with confounding variables, we used multiple

regression and added the spatial random effects in

our modelling and also performed pathway analysis.

Mediation was tested for in the pathway analysis as

we determined factors directly and indirectly related to

mortality and malnutrition. However, we were unable

to model time varying covariates as this was a cross-

sectional study design.

The robustness of our analysis procedures was demon-

strated in that after catering for the spatial household

random effects, we obtained narrower confidence bands

compared to the non-spatial analogue. Therefore, cater-

ing for the spatial random effects further improves the

model and parameter estimation compared to classical

statistical models. Bayesian and pathway analysis com-

bined were able to handle the complex structure of

hierarchical data from the Agincourt health and socio-

demographic surveillance system. Other advantages of

Bayesian modelling include the ability to adjust for

spatial confounding, and the ability to handle many

parameters and inclusion of prior-known information on

the distribution of data.

Conclusion
The growing field of spatio-temporal epidemiology

brings in person, place, and time aspects in the risk

factor analysis. Spatial Bayesian models provide better-

fitting models compared to non-spatial models. This

procedure also enables the drawing of risk maps, which

can be used by policy makers to target and develop

community-based interventions.

Going forward, further studies investigating trends

over time using spatio-temporal Bayesian analysis will

strengthen the evidence on associated factors and trends

found in this study and demonstrate the value of this

analytic approach. Studies comparing deaths due to other

causes with those for HIV/TB in children would add

policy value. Similarly, adopting a secondary analysis of a

cohort study design would have enabled temporality to be

investigated in greater detail and survival analysis to be

undertaken. Moreover, a combination of qualitative and

quantitative analysis methods is needed to fully under-

stand the proximal and distal factors that influence child

HIV/TB mortality. Findings that can be used for policy

nationally would require sentinel sites located strategi-

cally across the country.
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Appendix 1
Structural Equation Model for paths analyses

The structural equation model was fit in this paper for given individual-level outcome (endogenous) variables yi

(observed; child HIV/TB deaths) and/or hi (for latent endogenous) which then form the vectors of exogenous variables y

and h. The individual level explanatory variables xj (observed; maternal variables, child variables, and household-related

variables) and/or jj (latent; spatial and household related-variables such as socio-economic status) make up the vectors of

endogenous variables x and j. These can be expressed in a multivariate equation as follows:

Y �BY �GX �a�z

where Y �
y
h

� �
is the vector of all endogenous variables with observed and latent variables y and h, respectively, the

vector of exogenous variables X �
x
j

� �
with observed and latent variables x and j, respectively, and the vector of error

terms z�
e:y
e:h

� �
: B�[bij] is the matrix of coefficients on endogenous variables predicting other endogenous variables

which were gender of household head, mother’s death, former Mozambican, and age of child in years. G�[gij] is the

matrix of coefficients on exogenous variables which were parity at child’s birth, mother’s age, socio-economic status, total

deaths in household by 2004, household size, and minimum distance to health facility in kilometres. a�[ai] is the vector

of intercepts from the endogenous variables, whereas z is assumed to have mean zero and covariance cov(X,z)�0 such

that z�MVN(0,S),

where S�
SXX �Var(X) SXz�cov(X ; z)
S?Xz�cov(X; z) Szz�Var(z)

� �
�

[fij]�F 0

0 [Cij]�C

� �
: Let Z �

Y
X

� �
be the vector of all endogen-

ous and exogenous variables, then Z�MVN(mZ,SZ),

where mZ �
E(Y)�mY

E(X)�k

� �
and SZ �

SYY SYX

S?YX SXX

� �
�

SYY SYX

S?YX F

� �
with expectation vectors mY�E[(I�B)�1 (GX�a�

z)]�(I�B)�1 (Gk�a) and k�[kj], variance matrix with variables:

SYY�Var(Y)�(I�B)�1 (GFG?�C){(I�B)�1}? and SYX�cov(Y,X)�(I�B)�1 GF (43�46). The parameter estima-

tion was done using maximum likelihood in STATA 12.1 (Stata Corporation, College Station, Texas USA).
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a b s t r a c t

South Africa is experiencing a major burden of HIV/TB. We used longitudinal data from the
Agincourt sub-district in rural northeast South Africa over the years 2000 to 2005. A total of
187 HIV/TB deaths were observed among 16,844 children aged 1–5 years coming from
8,863 households. In this paper we used Bayesian models to assess risk factors for child
HIV/TB mortality taking into account the presence of spatial correlation. Bayesian zero
inflated spatiotemporal models were able to detect hidden patterns within the data. Our
main finding was that maternal orphans experienced a threefold greater risk of HIV/TB
death compared to those with living mothers (AHR = 2.93, 95% CI[1.29;6.93]). Risk factor
analyses which adjust for person, place and time provide evidence for policy makers that
includes a spatial distribution of risk. Child survival is dependent on the mother’s survival;
hence programs that promote maternal survival are critical.

� 2011 Elsevier Ltd. All rights reserved.

1. Introduction

The years 2000–2005 mark the middle of the United
Nation’s Millennium Development Goals (MDG) set out
by the 192 member states and 23 international organiza-
tions (Sachs and McArthur, 2005). Goal 4.1 aims at reduc-
ing child (under five) mortality by two-thirds over the
years 1990 and 2015. The sub-Saharan African region has
the greatest burden of disease and highest mortality of
HIV/TB. In 1990 the sub-Saharan Africa region had 184
child deaths per every 1000 live births, by the year 2006
27 of the countries in the region had made no progress in

reducing child deaths (UNDG, 2008). Globally, 2.1 million
children were living with HIV/TB in the year 2008 of which
90% were from the sub-Saharan region (UNAIDS, 2009).
South Africa’s HIV/TB orphans in 2008 were about 1.4 mil-
lion, the highest absolute number globally (UNAIDS, 2008).
In 1998, the year Demographic and Health Surveys were
started in South Africa, there was an under five mortality
rate (U5MR) of 59.4 deaths per 1000 live births, and aims
to reduce this to 20 per 1000 by 2015 (UNESCO, 2007).
The main cause of child deaths is HIV epidemic, contracted
mainly through mother-to-child-transmissions (MTCT)
with over 70,000 new infections yearly (UNICEF, 2009).

Public health priorities such as disease control interven-
tion are made difficult in many developing countries due to
lack of good data mainly due to poor resources, poor man-
agement and inadequate skills. The analyses of public
health data often build from the statistical notion of each
person having a risk or probability of contracting a disease.
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The main goals in analyses are to identify and quantify any
exposures, behaviours and characteristics that may modify
an individuals’ or a population’s risk. However HIV/TB
interventions are hampered by a complex interlink of
social, behavioural, biological and spatial determinants.

Many articles have been published on HIV/TB mortality
in Sub-Saharan Africa. The issues focused mainly on the
impact of epidemics, assessing risk factors, measuring im-
pact of interventions and identifying high risk clusters. A
study done in rural Senegal showed a decreasing trend in
child mortality over a 37 year period (Delaunay et al.,
2001). Spatial analyses on 39 rural villages in Burkina Faso
under the Health and socio-Demographic Surveillance Sys-
tem (HDSS) over a 9 year period, showed that village and
distance from the health facility where among the risk fac-
tors for child mortality (Kynast-Wolf et al., 2002). A sea-
sonal mortality trend was also disclosed by the same
authors in another study of the same HDSS (Becher et al.,
2004). A Tanzanian study used spatial modeling tech-
niques and found that there is a need to adopt both a
group-based and a place-based approach in identification
of high-risk HIV groups for intervention (Msisha et al.,
2008). In South Africa rural Kwazulu-Natal a study found
that prevalence of HIV was associated with ethnicity, ur-
ban status and unemployment based on over 11,000 per-
sons in 700 enumeration areas (Kleinschmidt et al.,
2007). In north east South Africa the relative risk (RR) of
HIV and TB has increased 10-fold over an 11 year period;
reaching 32.3 from 3.2 for the period 2001–2003 compared
to 1992–1994, (Kahn et al., 2007). Covariates that have
mainly been used to model child mortality are: HIV expo-
sure, poor maternal health, inadequate infant care, in-
creased exposure to infections, increased mortality,
immune system abnormalities, poor nutrition, reduced
breastfeeding and antiretroviral exposure (Filteau, 2009).
Methods applied in the analyses were mostly non-Bayes-
ian based, which are limited in catering for large datasets,
time and spatial random effects (Pacheco et al., 2008).

In epidemiological research, two study designs have
been used for follow-up studies: time series studies, that
estimate acute risk associated with short-term exposure
and cohort studies, that estimate chronic effects associated
with long term exposure. These approaches have been crit-
icized for potential confounding by time varying covariates
and individual risk factors or household level traits, respec-
tively (Greven et al., 2009). Failure to account for extra-
variation induced by temporal and spatial autocorrelation
can lead to an understatement of the uncertainty of the
risk of mortality (Burnett et al., 2001). Several approaches
can be used to address confounding, at the design level –
randomization, during the study – use of experts and vali-
dated instruments and during analyses – multivariable
regression, standardization and stratification (Greenland,
1989). Bayesian and spatial statistical techniques can be
used to evaluate differences in rates observed from differ-
ent geographical locations, separate noise from patterns
and identify disease clusters.

However, these methods have been rarely used in HIV/
TB research to assess the diseases’ impact on populations
and their areas of residence. In this paper, we used Bayes-
ian models to assess risk factors of child HIV/TB mortality

taking into account the presence of spatial correlation.
The modelling procedure adjusts for the household level
spatial random effects for child HIV/TB mortality. Some re-
lated earlier work has looked at all-cause mortality adjust-
ing for village (areal) level random effects (Sartorius et al.,
2011, 2010). Our findings can aid in understanding geo-
graphically adjusted risk factors of child HIV/TB mortality
in a rural South African cohort with sparse discrete
outcomes.

2. Methods

2.1. Agincourt Health and Socio-demographic Surveillance
System (HDSS) data

The Agincourt HDSS was set up in 1992 in a rural sub-
district in Bushbuckridge Municipality of Mpumalanga
Province, northeast South Africa. The location was selected
mainly due to availability of several clinics and its lack of
infrastracture (Tollman, 1999). The Agincourt subdistrict
had a population of over 70,000 persons, living in approx-
imately 12,000 households scattered in 21 villages. The
area covered 432 square kilometres, with 34.2 km as the
maximum distance between two households (Fig. 1). Infor-
mation at individual level (infants, children and adults) is
collected once every year including vital events updates,
that compile migration, health, demographic, mortality
and fertility data (Kahn et al., 2007).

Special modules are run periodically such as socio-eco-
nomic status and food security. Cause of death data are ob-
tained through verbal autopsies conducted on every
recorded death by trained lay fieldworkers (Kahn et al.,
2000). The cause of death is independently determined
by two or three medical doctors and classified according
to the World Health Organization’s International Classifi-
cation of Diseases (ICD10). Every household is geo-coded
thus enabling spatial analysis at household as well as at
village level. Agincourt HDSS longitudinal data are corre-
lated in time and space (spatiotemporal), since they are
collected yearly on the same population. This makes it dif-
ficult to analyze the data due to their collinearity and also
their large size.

2.2. Outcome and explanatory variables

The child mortality independent variables were se-
lected in accordance with the approach proposed by Rut-
stein (2000) who mentions six main risk factors for child
mortality: socio-economic status, nutritional status, use
of health facilities, environmental health conditions,
maternal factors and infant feeding (Rutstein, 2000). The
persons included in the study were all the children aged
between 1 and under 5 years who lived or had lived in
the Agincourt HDSS between January 2000 and December
2005. The explanatory variables used were: child’s gender,
child’s and mother’s nationality, mother’s age, parents’
dead or alive, gender of household head, antenatal clinic
visit, mother’s parity at pregnancy and birth, cumulative
deaths in household, number of household dwellers,
number of deaths in household and mother’s total live
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births. The individual child’s age was treated as an offset
variable.

The outcome variable was death due to HIV and or
tuberculosis (TB) determined by the WHOs ICD10 verbal
autopsy codes A16–A191 for TB and B20–B242 for HIV.
The outcome death was treated as a discrete (count) variable
since this provides epidemiologically better estimates of
prevalence and relative risk compared to the odds ratio
which results from treating it as binary outcome (Barros
and Hirakata, 2003; Fekedulegn et al., 2010). Treating the
outcome as such allowed us to employ the Poisson and Neg-
ative Binomial which yields more epidemiologically plausi-
ble relative risks for these cohort data. These models
which are members of the exponential family have a log link
function which has less identifiability issues in the general-
ized linear model compared to the logit link function which
results from treating the outcome as binary and using logis-
tic regression techniques (Agarwal et al., 2002).

2.3. Spatiotemporal zero inflated Poisson and Negative
Binomial models

Agincourt child HIV deaths data had several problems
that made it difficult to use standard statistical procedures:
over dispersion, caused by unobserved heterogeneity or
spatio-temporal correlation and data collected over large
numbers of locations with zero deaths. Conventional sta-
tistical methods applied to spatiotemporal data often
underestimate the standard error and thus the statistical
significance is overestimated (Cressie, 1993). Bayesian
analyses of multilevel models for complex geostatistical
data can be done with the aid of Markov Chain Monte Carlo
(MCMC) parameter estimation procedure (Banerjee et al.,

2004). Bayesian geostatistical models for temporal count
data with large number of zeros have been proposed by
Fernandes et al. (2009). We employ the above methodol-
ogy combined with semi-parametrically structured geo-
additive predictors, to identify the determinants of HIV/
TB related mortality in Agincourt HDSS data.

Geo-additive spatiotemporal zero inflated Poisson (ZIP)
as well as Negative Binomial (ZINB) models (see Appendix
A) were used in the analysis. The models have many
parameters and are hierarchical (multilevel), thus we re-
sort to full Bayesian inference with the computationally
efficient MCMC techniques. Multiple variable models were
used to assess the effect of different covariates in the pres-
ence and absence of geographical heterogeneity (Gosoniu
et al., 2008). We investigated the presence of over-disper-
sion (when d!1 it is absent) and zero inflation (when
h ¼ 0, it is absent) (Fahrmeir and Echavarria, 2006). Spatial
dependence fspatðsÞ was modelled by assuming that the
random effects follow a zero mean stationary multivariate
Gaussian random field (GRF) with spatial variance r2

spat and
isotropic Matern correlation functions. For the exponential
correlation which is a special case of the Matern
function, the multivariate GRF fspatðsÞ � MVNð0;

P
Þ has

variance–covariance matrix
P
¼ r2

spat exp½�bqdij�, where
dij is the Euclidean distance between households i and
j;r2

spat is the geographic (spatial) variability known as the
sill and bq ¼ maxijksi � sjk=0:001 is the empirically
estimated rate of spatial correlation decay (Brezger
et al., 2005). Multivariate Gaussian random field (GRF)

priors fspatðsÞ ¼ pðbspat jr2
spatÞ / j

P
j�

1
2 exp �1

r2
spat
ðbspatÞ0

P�1bspat
� �

,

where bspat is the vector of household specific structured
spatial coefficients, whereas the non-structured utilize
the independent and identically distributed (i.i.d) Gaussian
priors with Inverse Gamma (IG) hyper-priors (Brezger and
Lang, 2006).

Bayesian based model fitting requires the inversion of
the variance–covariance matrix (

P
) with the same size

as the number of geo-locations (households). Due to the
large number of observations in our dataset, the estimation
of model parameters becomes unstable and unfeasible;
this problem is popularly known as the ‘‘big N’’. We

1 A16 = respiratory tuberculosis; not confirmed bacteriologically or his-
tologically; A17 = tuberculosis of nervous system; A18 = tuberculosis of
other organs; A19 = miliary tuberculosis.

2 B20 = human immunodeficiency virus (HIV) disease resulting in infec-
tious and parasitic diseases; B21 = human immunodeficiency virus (HIV)
disease resulting in malignant neoplasms; B22 = human immunodeficiency
virus (HIV) disease resulting in other specified diseases; B23 = human
immunodeficiency virus (HIV) disease resulting in other conditions;
B24 = unspecified human immunodeficiency virus (HIV) disease.

Fig. 1. Agincourt HDSS location North-East of South Africa. Source Kahn et al., 2000.
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addressed this problem by using low rank kriging to
approximate the stationary Gaussian random field (Kam-
man and Wand, 2001). Firstly the spatial correlation decaybq is estimated from a ‘‘representative’’ subsample obtained
using the mini-max space filling criteria, hence only
parameter r2

spatð1=s2
spatÞ needs to be estimated. This reduces

the computational burden since the spatial decay is fixed
and the large Euclidean distance matrix is also constant,
resulting in estimation of the spatial variance and parame-
ter vector of household spatial effects.

Full Bayesian inference was done via MCMC simulation
based on updating full conditionals of single parameters or
blocks of parameters, given the rest of the data. Gibbs sam-
pling was used for closed conditionals and for the numer-
ically intractable a slightly modified form of the
Metropolis-Hastings (MH) algorithm based on iteratively
weighted least squares (IWLS) (Casella and George, 1992;
Banerjee et al., 2004). A total of 55,000 iterations on a sin-
gle chain were run with the first 5000 discarded as burn-in
and to reduce auto-correlation every 25th value was taken
to form a posterior sample of 2000. MCMC convergence
was assessed using diagnostic procedures proposed by Raf-
tery and Lewis (1992), Geweke and Minneapolis (1991)
and Heidelberger and Welch (1983). These convergence
diagnostics techniques were done in the R-package, ‘‘con-
vergence diagnosis and output analysis’’ (CODA) (Plummer
et al., 2006). Additionally a graphical assessment was done
using trace-plots, histogram density plots and auto-corre-
lations of parameters and the summary statistics assessing
the closeness of the mean and median posterior estimates
(Nylander et al., 2008).

2.4. Goodness of fit and best model selection

The deviance information criteria (DIC) was used in
determining goodness of fit of the proposed models, this
can be defined as ‘‘classical estimate of fit, plus twice the
effective number of parameters’’ (Spiegelhalter et al.,
2002). This is a technique for Bayesian model selection
for MCMC derived posteriors. The procedure works on
the assumption that the posterior distribution is multivar-
iate normal and the un-standardised deviance is given as:
D(X) = �2log(p(yjX)), where y are the data, X are the
unknown parameters of the model, p(yjX) is the
likelihood. After addition of the standardising constant
C = 2log f(y) we get the Bayesian or saturated deviance
DðXÞ ¼ �2 logðpðyjXÞÞ þ C. The expectation of this devi-
ance �D ¼ EX½Dð�XÞ� measures how well the model fits the
data, the smaller it is the better. The measure of model
complexity or parsimony is the effective number of param-
eters; pD ¼ �D� Dð�XÞ, where �X is the expectation of X the
smaller it is the more parsimonious. From these measures
we get the deviance information criteria; DIC ¼ pD þ �D and
upon substitution of �D we get DIC ¼ 2pD þ Dð�XÞ, which
penalises on complexity and lack of fit. Selection of a better
model based on the DIC basically favours models with the
smaller values.

The data extraction was done using Structured Query
Language (SQL). Preliminary data analyses, trend analyses,
Kaplan-Meier survival graphs and data management were
done using STATA 10.0 (StataCorp, 2007). The Bayesian

MCMC analysis was done using a software package called
BayesX (Belitz et al., 2009). This package utilises computa-
tionally efficient C++ algorithms (Press, 2002). The soft-
ware ran on a quad core processor with 4.0 gigabytes of
random access memory (RAM) within a Linux environ-
ment. The routines used to estimate the parameters of
the models via MCMC which perform Gibbs sampling
and Metropolis Hastings within Gibbs sampling. Multivar-
iable analyses were performed to determine patterns for
HIV/TB mortality adjusting for possible household con-
founders. Posterior risk maps were produced using map-
ping packages in R (R-cran, 2010).

2.5. Ethical clearance and informed consent

The Agincourt HDSS site was granted ethical clearance
by the University of the Witwatersrand’s Committee for
Research on Human Subjects (No. 960720). This work
was also granted ethical clearance by the University of
the Witwatersrand’s Committee for Research on Human
Subjects (M081145). Verbal informed consent was ob-
tained when the census rounds were conducted and also
when verbal autopsy data were collected from a close rel-
ative of the deceased.

3. Results

3.1. Exploratory analysis and descriptive statistics

The data used were for children aged 1–5 years residing
in Agincourt HDSS from 2000 to 2005 whose geo-location
data were available. These totalled 16,844 children from
8863 households, with a range of 138–835 households
across the 21 villages. A total of 187 deaths were HIV/AIDS
and Tuberculosis related from 59,448.15 person years
yielding a 1–5 years mortality rate (1–4MR) of 3.15 deaths
per 1000 person years. There were slightly more females
than males (51% vs 49%) and 37% were formerly Mozamb-
ican in origin. Mothers had an average age of 29 years, 65%
were South African and about 1% had deceased compared
to 2% of the males. The women in the area on average vis-
ited the antenatal facility four times during their preg-
nancy and 34% were heads of their households.

An investigation of the survival experience using the
Kaplan–Meier (KM) curves (Fig. 2, left) showed differences
in the survival experiences over the years 2000–2005. We
assessed the differences in survival experiences over the
years using the generalized Fleming–Harrington test
weighted for later years failures (p = 0.048) (Fleming and
Harrington, 1984). However there was no significant trend
over the years (p = 0.728). This procedure of stratifying
over the years was used to assess for the possibility of tem-
poral random effects.

The year specific child 1-4MRs per 1000 person years
from 2000 to 2005 were 3.57, 2.41, 3.33, 2.54, 4.44 and
1.55, respectively, consistent with the KM curves (Fig. 2,
right) for the respective years. There was a statistically sig-
nificant difference in the 2002 mortality rates compared to
2000 from the spatial and non-spatial analyses (see
Table 2). The knots used in the low rank kriging were fit
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using the mini-max space filling criteria, Fig. 3 shows dis-
tribution of 50 knots. The small faint (red)3 dots are the
locations and the squares are the selected 50 knots, since
the bq (rate of spatial correlation decay) is fixed the number
of knots only impacts on the computational speed and not
on the accuracy of the estimates. The ZIP model was used
to cater for zero inflation and to cater for both the excess
zeros and over-dispersion, the ZINB model was used. The
zero inflated Negative Binomial spatial temporal model
showed an over-dispersion estimate d = 1.79 ± 1.87[95%
CI(0.041;6.935)] and the zero inflation estimate was
h = 0.077 ± 0.062[95% CI(0.010;0.217)]. These values show
that there is some over-dispersion and zero inflation, thus
ignoring these entirely in the modelling may cause model
instability.

3.2. Spatiotemporal confounding adjusted determinants of
child HIV/TB mortality

Multivariable analysis was done using non-spatial and
spatial models for child specific variables, maternal vari-
ables and household variables. Bayesian semi-parametric
geo-statistical models with location-specific random ef-
fects were fit to estimate the degree of zero inflation,
over-dispersion, temporal and spatial correlation in the
child HIV/TB mortality data. Spatial models showed more
stable results with smaller standard errors in comparison
to the non-spatial, the mean-based adjusted hazard ratios
[AHR = exp(mean)] estimations were reported. The ages
(interval start ages) were used in the analysis as the dura-
tion of follow-up (offset variables) until death, loss-to-fol-
low up or survival between 1 and 5 years of age over the
period 2000–2005. The outcome variable was treated as
discrete count of child deaths due to HIV/TB (0 = Alive
and 1 = Death). The outcome was treated as such to get
more epidemiologically intuitive estimates for cohort data

and to avoid identifiability problems associated with the
logit link functions as highlighted earlier. Multivariable
regression models were fit to account for spatial and tem-
poral correlation; co-variables were added to the models to
control for potential confounding in determining factors
associated with child HIV/TB mortality (Pacheco et al.,
2008). Poisson and Negative Binomial models were fit to
the data as well as their zero inflated variants. The offset
variable was fit using the piece wise exponential (p.e.m)
with a first order autoregressive model temporal prior
(see Fig. 4). Fig. 4 shows the log-baseline hazard function
for selected models, showing a narrower credible interval
for the spatial multivariable model in comparison to the
non-spatial.

Four models were fit in the multivariable analyses these
were the non-spatial zero inflated Poisson (ZIP) model,
spatial zero inflated Poisson model, non-spatial zero in-
flated Negative Binomial (ZINB) model and spatial zero in-
flated Negative Binomial model. The first two were to cater
for zero inflation and the last two were catering for zero
inflation as well as over dispersion. The deviance informa-
tion criteria (DIC) was used to measure model goodness of
fit and the effective number of parameters ðpDÞwas used to
measure model complexity (Spiegelhalter et al., 2002).
Generally the spatial models had higher DIC because of
the spatial parameters and also the Negative Binomial
models had greater DICs compared to the Poisson; this
made it difficult to judge the best model based on the
DIC alone. The pD which assesses model simplicity (parsi-
mony) was then used to determine the most parsimonious
model amongst these four. The zero inflated Negative Bino-
mial spatial model had the least number of effective
parameters and catered for over-dispersion, zero inflation
and spatial random effects (see Table 1). We therefore fo-
cused on this model in the results and discussion sections.

The spatial multivariable analyses results showed sev-
eral determinants of child HIV/TB mortality in the catego-
ries consistent with the non-spatial analyses. Several
variables were statistically significant at the 5% level, these
were either child, mother or household related. The results
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Fig. 2. Kaplan–Meier (KM) survival function over the years 2000–2005 (left) and year specific Kaplan–Meier (KM) curves (right).

3 For interpretation of color in Fig. 3, the reader is referred to the web
version of this article, these appear light grey in the black and white printed
version.
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from the analyses are shown in tables 2 and 3 for the ZIP
and ZINB, respectively. The ZIP models had five and six
out of the sixteen variables significant in the non-spatial
and spatial analysis, respectively, whereas the ZINB had
eight and nine variables for non-spatial and spatial models,
respectively. The final spatiotemporal ZINB model was

considered the ‘‘best’’ model which caters well for zero
inflation, over-dispersion and spatiotemporal confounding.

The final zero inflated spatial Negative Binomial model
results showed these nine predictors of child mortality:
gender, nationality of child, death of mother, gender of
head of household, year, antenatal clinic visits, socio-eco-

Fig. 3. Knots fitted using the mini–max space filling criteria from Agincourt households 2000–2005.
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Fig. 4. Non-spatial ZINB with AR(1) baseline hazard (left) and multivariable spatial ZINB with AR(1) baseline hazard (right).

Table 1
Model goodness of fit non-spatial/spatial zero inflated Poisson and Negative Binomial models.

Non-spatial zero
inflated Poisson

nsZIP Spatial zero
inflated Poisson

sZIP Non-spatial zero inflated
Negative Binomial

nsZINB Spatial zero inflated
Negative Binomial

sZINB

Un-standardized Saturated Un-
standardized

Saturated Un-standardized Saturated Un-standardized Saturated

D 649.16 273.16 664.3 288.33 1674.77 1252.4 1865.41 1228.41
pD 246.51 246.51 247.7 247.7 83.86 104.72 47.95 36.23
DIC 1142.2 766.19 1159.79 783.79 1842.49 1461.86 1961.32 1300.88
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Table 2
Non-spatial and spatial multivariable zero inflated Poisson models.

Variable Category Descriptive, n (%)
N = 16,844

Non-spatial zero inflated Poisson nsZIP Spatial zero inflated Poisson sZIP

Mean SD 2.5% Median 97.50% AHR Mean SD 2.5% Median 97.50% AHR

Gender Female (ref) 8506 (50.50)
Male 8838 (49.50) 0.415 0.25 �0.12 0.42 0.93 1.51 0.38 0.25 �0.11 0.39 0.88 1.46

Year 2000 (ref) 3360 (19.95)
2001 2826 (16.78) 0.49 0.30 �0.14 0.50 1.10 1.63 0.50 0.30 �0.10 0.52 1.02 1.65
2002 2633 (15.63) 0.837* 0.37 0.16 0.86 0.54 2.31 0.81* 0.333 0.17 0.81 1.46 2.25
2003 2496 (14.82) 0.56 0.43 �0.21 0.53 1.43 1.75 0.56 0.40 �0.32 0.58 1.27 1.75
2004 3002 (17.82) 0.15 0.34 �0.50 0.15 0.80 1.16 0.17 0.32 �0.52 0.17 0.80 1.19
2005 2527 (15.00) �0.22 0.47 �1.14 �0.20 0.61 0.80 �0.21 0.45 �1.07 �0.20 0.65 0.81

Child’s nationality Mozambican (ref) 6242 (37.06)
South African 10,602 (62.94) �0.82 0.65 �2.11 �0.86 0.34 0.44 �0.70 0.53 �1.65 �0.69 0.36 0.50

Mother’s nationality South African (ref) 10,883 (64.61)
Mozambican 5961 (35.39) �0.11 0.67 �1.56 �0.11 1.25 0.90 �0.05 0.54 �1.07 �0.05 1.00 0.95

Mother’s age at birth Mean years ± SD 29.00 ± 7.60 0.01 0.02 �0.02 0.01 0.04 1.01 0.01 0.02 �0.03 0.01 0.04 1.01
Mother’s status Alive (ref) 16,736 (99.36)

Deceased 108 (0.64) 2.665* 0.81 0.90 2.74 3.90 14.37 2.456* 0.63 1.15 2.46 3.74 11.66
Father’s status Alive (ref) 16,531 (98.14)

Deceased 313 (1.86) 0.98 0.66 �0.33 1.00 2.33 2.66 1.081* 0.49 0.06 1.09 2.04 2.95
Household head gender Female (ref) 3012 (33.98)

Male 5851 (66.02) �0.49 0.26 �1.04 �0.50 0.01 0.61 �0.45 0.25 �0.96 0.44 0.02 0.64
Antenatal visits Mean visits ± SD 4.04 ± 2.42 �0.185* 0.05 �0.29 �0.19 �0.09 0.83 �0.184* 0.05 �0.29 �0.18 �0.90 0.83
Pregnancy parity Mean ± SD 2.104 ± 1.396 0.25 0.22 �0.14 0.24 0.67 1.28 0.25 0.21 �0.16 0.25 0.67 1.28
Household socio-economic status Most poor (ref) 1566 (17.67)

Very poor 1701 (19.19) �0.17 0.32 �0.83 �0.17 0.41 0.84 �0.22 0.30 �0.82 �0.22 0.36 0.80
Poor 1833 (20.68) �0.20 0.35 �0.84 �0.20 0.51 0.82 �0.28 0.29 �0.85 �0.29 0.27 0.76
Moderately poor 1905 (21.49) �0.26 0.33 �1.03 �0.27 0.36 0.77 �0.30 0.32 �0.95 �0.29 0.29 0.74
Least poor 1858 (20.97) �0.856* 0.42 �1.60 �0.84 �0.04 0.42 �0.941* 0.42 �1.83 �0.94 �0.13 0.39

Cumulative household deaths Mean ± SD 0.252 ± 0.553 �0.16 0.25 �0.68 �0.17 0.29 0.85 �0.10 0.24 �0.62 �0.13 0.30 0.90
Parity at birth Mean ± SD 1.569 ± 0.856 �0.369* 0.20 �0.77 �0.35 �0.03 0.69 �0.37* 0.18 �0.74 �0.37 �0.02 0.69
Total living household Mean ± SD 1.569 ± 0.884 0.01 0.02 �0.04 0.01 0.06 1.01 0.00 0.02 �0.04 0.00 0.04 1.00
Number of deaths in household Mean ± SD 0.047 ± 0.222 0.854 0.50 �0.11 0.86 1.80 2.35 0.89 0.48 �0.17 0.92 1.79 2.44
Total live births Mean ± SD 2.030 ± 1.855 �0.21 0.18 �0.60 �0.21 0.13 0.81 �0.22 0.18 �0.61 �0.21 0.12 0.80

* Significant at 5% level of significance.
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Table 3
Non-spatial and spatial multivariable zero inflated Negative Binomial models.

Variable Category
N = 16,844

Descriptive, n (%) Non-spatial zero inflated Negative Binomial nsZINB Spatial zero inflated Negative Binomial sZINB

Mean SD 2.5% Median 97.50% AHR Mean SD 2.5% Median 97.50% AHR

Gender Female (ref) 8506 (50.50)
Male 8338 (49.50) 0.31* 0.14 0.07 0.28 0.62 1.32 0.326* 0.17 0.08 0.31 0.63 1.36

Year 2000 (ref) 3360 (19.95)
2001 2826 (16.78) 0.46 0.27 �0.05 0.48 1.05 1.62 0.55 0.23 �0.06 0.58 0.92 1.78
2002 2633 (15.63) 0.74* 0.24 0.16 0.79 1.14 2.20 0.762* 0.31 0.12 0.72 1.38 2.05
2003 2496 (14.82) 0.39 0.32 �0.19 0.40 1.01 1.48 0.45 0.31 �0.14 0.45 1.02 1.56
2004 3002 (17.82) 0.00 0.25 �0.42 0.00 0.46 1.00 0.03 0.24 �0.40 0.03 0.49 1.03
2005 2527 (15.00) �0.54 0.41 �1.27 �0.53 0.26 0.59 �0.43 0.32 �1.08 �0.41 0.12 0.67

Child’s nationality Mozambican (ref) 6242 (37.06)
South African 10,602 (62.94) �0.41 0.32 �1.02 �0.35 0.09 0.71 �0.643* 0.31 �1.43 �0.68 �0.04 0.51

Mother’s nationality South African (ref) 10,883 (64.61)
Mozambican 5961 (35.39) 0.05 0.32 �0.59 0.06 0.57 1.06 �0.12 0.33 �0.68 �0.19 0.57 0.83

Mother’s age at birth Mean years ± SD 2900 ± 7.60 0.01 0.01 �0.01 0.01 0.05 1.01 0.01 0.01 �0.01 0.01 0.03 1.01
Mother’s status Alive (ref) 16,531 (99.36)

Deceased 108 (0.64) 1.479* 0.36 0.63 1.52 2.15 4.55 1.09* 0.47 0.25 1.08 1.94 2.93
Father’s status Alive (ref) 16,531 (98.14)

Deceased 313 (1.86) 0.17 0.32 �0.55 0.24 0.70 1.27 0.11 0.44 �0.82 0.16 0.82 1.17
Household head gender Female (ref) 3017 (33.98)

Male 5851 (66.02) �0.449* 0.16 �0.70 �0.49 �0.15 0.62 �0.54* 0.14 �0.79 �0.55 �0.29 0.58
Antenatal Visits Mean visits ± SD 4.04 � 2.42 �0.156* 0.03 �0.21 �0.16 �0.09 0.85 �0.17* 0.03 �0.22 �0.17 �0.12 0.84
Pregnancy parity Mean ± SD 2.104 ± 1.396 �0.04 0.11 �0.24 �0.03 0.18 0.97 0.08 0.11 �0.14 0.08 0.26 1.09
Household socio-economic status Most poor (ref) 1566 (17.67)

Very poor 1701 (19.19) �0.32 0.18 �0.65 �0.32 0.08 0.72 �0.36 0.24 �0.81 �0.31 0.09 0.73
Poor 1833 (20.68) �0.37 0.20 �0.77 �0.38 0.05 0.68 �0.41 0.21 �0.79 �0.43 0.02 0.65
Moderately poor 1905 (21.49) �0.23 0.24 �0.78 �0.22 0.18 0.80 �0.28 0.24 �0.75 �0.26 0.22 0.77
Least poor 1858 (20.97) �0.945* 0.33 �1.57 �0.97 �0.28 0.38 �0.99* 0.27 �1.44 �0.97 �0.49 0.38

Cumulative household deaths Mean ± SD 0.252 ± 0.553 �0.10 0.14 �0.38 �0.09 0.16 0.92 �0.14 0.16 �0.48 �0.15 0.14 0.86
Parity at birth Mean ± SD 1.569 ± 0.856 �0.291* 0.12 �0.54 �0.31 �0.04 0.74 �0.314* 0.11 �0.55 �0.31 �0.12 0.73
Total living household Mean ± SD 1.569 ± 0.884 0.01 0.01 �0.01 0.01 0.04 1.01 0.01 0.01 �0.01 0.01 0.04 1.01
Number of deaths in household Mean ± SD 0.047 ± 0.222 0.703* 0.27 0.14 0.71 1.16 2.03 0.681* 0.29 0.12 0.69 1.20 2.00
Total live births Mean ± SD 2.030 ± 1.855 0.03 0.09 �0.11 0.02 0.23 1.02 �0.06 0.09 �0.26 �0.07 0.08 0.94

* Significant at 5% level of significance.
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nomic status, birth order position and number of deaths in
household. The boys were 36% more at risk of death com-
pared to the girls adjusting for other variables and space-
time confounders ð1:36 ¼ e0:311;95%CI½1:08;1:88�Þ. There
was a temporal effect on HIV/TB mortality risk for the year
2002 which was more than twice that of 2000
ð2:02 ¼ e0:719;95% CI½1:13;4:00�Þ. South African children
were almost twice better protected from HIV/TB death
compared to the Mozambican children after adjusting for
several variables ð0:51 ¼ e�0:683;95% CI½0:24;0:96�Þ. Or-
phans with a deceased mother were almost thrice at risk
of HIV/TB death compared to those whose mother’s were
alive keeping other variables constant ð2:93 ¼ e1:075;

95% CI½1:29; 6:93�Þ. Adjusting for other factors male
headed households were 42% less likely to experience a
child death in comparison to female headed households
ð0:58 ¼ e�0:548;95% CI½0:45; 0:75�Þ.

For every increase by one visit to the antenatal clinic the
adjusted risk of death reduced by 16% (0:84 ¼ e�0:173;

95% CI½0:81; 0:89�Þ. The least economically poor house-
holds were 62% less likely to experience a child death
compared to the most poor households (0:38 ¼ e�0:966

adjusted; 95% CI½0:24; 0:61�Þ. The birth order position
was protective such that as this increased by one level
the adjusted risk of child death decreased by 27%
(0:73 ¼ e�0:311;95% CI½0:58; 0:89�Þ. Lastly as the number
of household deaths increased by one the adjusted risk of
child HIV/TB death increased two fold (2:00 ¼ e�0:694;

95% CI½1:12; 3:33�Þ.
Posterior risk estimates were displayed on smoothed

maps showing the smoothed areas where child deaths oc-
curred. Maps of posterior mean adjusted hazard rates
(AHRs) show point estimates and extreme high and low
risk areas (Ranta and Penttinen, 2000). Risk factors for
child HIV/TB mortality adjusting for potential spatiotem-
poral confounders were: being a boy, a former foreigner,
losing your mother, having a female head of house, being
socio-economically disadvantaged, being born earlier and
coming from households were many deaths occurred. Pro-
tective of child HIV/TB mortality were increasing number
of clinic visit and coming from households with more peo-
ple. Fig. 5 shows the maps of the households and the mean

AHRs smoothed posterior maps adjusting for the afore-
mentioned risk factors, spatial and temporal potential
confounders.

4. Discussion and conclusions

In our study we found that maternal orphans experi-
enced a threefold greater risk of death due to HIV/TB than
children whose mothers were still living (AHR = 2.93, 95%
CI[1.26;6.93]). This was adjusted for potential spatiotem-
poral confounding, number of household deaths, birth or-
der position and parity, child and mother’s nationality,
gender of house head and gender of child, which were all
significant risk factors. Increased antenatal clinic visits
and cumulative total of adults in the house were protective
of the child’s death. These risk factors are interrelated and
fall into either child-specific, mother-related, household
socio-economic status, temporal or spatial. Risk map anal-
ysis showed that there were three hotspots central, south
easterly and south-westerly over the years 2000–2005;
similar hot spots were seen for the year 2004 alone and
also in another study considering only the areal (village)
level and temporal random effects (Sartorius et al., 2011).
The trends seen in this paper are consistent with other
studies in South Africa, in the same site and elsewhere. A
study in Agincourt showed that HIV/TB accounted for
about a third of the under-five deaths from 2002 to 2005
(Tollman et al., 2008). A similar non-spatial study on the
impact of parental presence on child mortality in Agincourt
1997–2005, showed that death of a mother was the most
predictive of the child’s death (OR = 5.22, 95%
CI[2.37;11.54]) (Collinson et al., 2009). The study also
showed that former Mozambican mothers’ children were
more than a third at greater risk of mortality than the
South Africans’ children (OR = 1.34, 95% CI[1.09;1.65]).
Similarly in rural Kwazulu-Natal child Province, mother’s
death increased the mortality risk fourfold adjusting for
child, household and mother’s variables (Argeseanu, 2004).

There are different schools of thoughts as to how the
maternal orphan HIV/TB mortality trends can be explained,
biological and socio-economical. Mothers who die due to

Fig. 5. Posterior adjusted hazard rates (AHRs) smoothed map (left) and contour AHRs map (right) for child HIV/TB mortality 2000–2005.
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AIDS, may have transmitted the virus to their children,
regardless of the stage at which this occured (in utero,
intrapartum or postnatal). Support programs currently fa-
vour local South African mothers, making it more difficult
for breast feeding foreign mother’s to access available ser-
vices and resources. Socially, if the mother (who will most
likely be the remaining bread winner) dies, this leaves
AIDS orphans with no caregiver or with grandparents
who can no longer work. This contributes to the deaths
of children due to poor nutrition, weakened immune sys-
tem and lack of adequate support. Although we concen-
trated on HIV as the main cause of death for these under
five children, TB may have played a significant role leading
to death. However the verbal autopsy technique used to
determine cause of death does not distinguish these very
well for children. Although Agincourt is in rural South Afri-
ca, the use of available health facilities seems to be increas-
ing; using antenatal clinic visits as a proxy.

The other risk factors were mainly related to poverty as
direct proxies or indirect consequences of it. We found
that poorer socio-economic households had higher child
HIV/TB mortality rates, a finding which corresponds with
a study in rural Kwazulu-Natal Province (Ndirangu et al.,
2010). Poverty is a major contributor to child deaths in
Africa, every 3.6 s one person dies of starvation, usually
a child under the age of 5. One of the Millennium Devel-
opment Goals (MDGs) is to: ‘‘Eradicate extreme poverty
and hunger’’ (Eftim et al., 2008; Sachs, 2010). The child
support grant provided by the South African government
is an amount of ZAR260 p/m (US$38), is often all that
some families in the study area have to live on. The el-
derly get an old-age pension of ZAR1140 p/m (US$163)
which can be the main source of livelihood of families. A
study showed that female old-age pensioners cared for
children and improved the girl child’s likelihood to go to
school in Agincourt (Case and Menendez, 2007). These
studies reveal gender differentials in access to services,
and schooling.

Controlling for potential confounding in epidemiologi-
cal analyses gives strength to the estimates derived from
such modelling procedures. Our modelling approach caters
for spatial and temporal confounders and also for large
zero inflated spatiotemporal sparse data. Spatiotemporal
Bayesian modelling provided good estimates and maps
which can guide interventional programmes to be more
effective in addressing HIV/TB. There are some modelling
limitations which if addressed in future research will im-
prove on the epidemiological modelling. The temporal
component was discretized into whole years; this could
have been modelled as continuous and allow for formula-
tion of time varying covariates and spatiotemporal interac-
tions. As a way of dealing with identifiability issues and
getting more epidemiologically correct estimates; mem-
bers of the exponential (log link) family were used, other
less flexible family of distributions could also be used for
sensitivity testing. Mostly non-informative priors have
been used; experts opinion could be sought to build and
apply more informative priors in our modelling. In dealing
with the ‘‘big N’’ problem several approaches can be used.
The package BayesX, whilst it cannot address all the mod-
elling issues, provides very useful Bayesian spatiotemporal

modelling algorithms which are applicable even in a re-
source scare environment.

Our results provide evidence useful for policy makers
advocating for better access to health-care and child sup-
port grants especially for non-South Africans, increase
and diversification of HIV mother to child transmission
awareness programmes in rural areas. This study provides
evidence to support the South African government’s re-
vised HIV policy effected on 1 April 2010. The policy allows
HIV positive mothers to be on ante-retro-virals with a CD4
count of 350 (national cut off is 200) or less, symptomatic
HIV regardless of CD4 and also pregnant mothers from 14
gestational weeks onwards. Infants can now be tested
without the mother’s consent to save the child (Zuma,
2009). Child survival is dependent on the survival of the
mother, hence the need to strengthen anti-retro-viral
treatment. South African policy supporting maternal sur-
vival need to be strengthened. In an address to the nation
the South African president said: ‘‘One of the most impor-
tant results of the roll-out of anti-retro-viral therapy
among the general population will be the extension of
the lives of AIDS sick parents leading to a dramatic decline
in the number of orphans’’ (Bradshaw et al., 2002). The
main challenge as with many other policies is implementa-
tion. We suggest targeting endeavours to reduce mother-
to-child transmissions by effectively implementing inter-
ventions that reach rural villages and the poorest house-
holds which are often neglected.
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Appendix A. Zero inflated Poisson and Negative
Binomial Hierarchical Bayesian models

Observational outcome data can be modelled by differ-
ent known statistical distributions including the flexible
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exponential family. Mortality outcomes of the count of
deaths can be modelled using the basic log-linear Poisson
model were the outcomes yijXi � PoðkiÞ are conditionally
independent with mean and variance ki ¼ expðgiÞ with lin-
ear predictor gi ¼ Xib. The commonly applied logistic
regression models which have logit link functions have been
seen to cause identifiability problems, resulting in unstable
model especially for spatial models (Agarwal et al., 2002).
We therefore treated the outcome death as a discrete
(count) variable since this provides better estimates of prev-
alence and relative risk compared to the odds ratio which re-
sults from treating it as binary outcome (Barros and
Hirakata, 2003; Fekedulegn et al., 2010). The Poisson
model can also incorporate the exposure time by introduc-
ing piece-wise exponential offsets oi resulting in
yijXi � PoðliÞ;li ¼ expðoi þ giÞ and in log-linear form
yijgi � PoðliÞ (Brezger and Lang, 2006). In this paper, we ex-
tend this model in three dimensions to address different
inherent problems in our hierarchical data structure. Firstly
the problem of over-dispersion when the mean is less than
the variance which can be addressed by use of conditionally
independent Negative Binomial (NB) distribution (Ridout
et al., 2001). We then extend our model incorporate the dis-
persion parameter d > 0; yijgi; d � NBðli; dÞ. Secondly we
have the problem of excess of zeros known as zero inflation,
this is addressed by use of a latent process that inflates the
number of zero points with a weighting h for extra zeros
and 1� h for the ZIP and ZINB where 0 < h < 1. We then ob-
tain the conditionally independent zero inflated Poisson
yijgi; h � ZIPðli; hÞ and zero inflated Negative Binomial
(ZINB) yijgi; d; h � ZINBðli; d; hÞ whose hierarchical model
structures and likelihoods are shown below. Thirdly model-
ling which is flexible to include; time varying covariates,
temporal random effects, spatial random effects, non-linear
covariates and desired interactions. This was done by
extending the linear predictor gi ¼ Xib to a structured addi-
tive predictor:

gi ¼
Xp

j¼1

fjðzijÞ þ Xibþ fspati
ðskÞ þ esk

where fiðzijÞ are nonlinear effects of continuous covariate
zij;Xi is the linear (fixed) effects design matrix and vector
of parameters b; fspati

ðskÞ is the structured random spatial
at household sk 2s (all households with children in the area)
and esk

being the unstructured non-spatial random effect.
Due to the complexity of the spatiotemporal data (corre-
lated in time and space) and their large size. Statistical
methods applied to spatial data which have spatial autocor-
relation often underestimate the standard error and thus the
statistical significance is overestimated (Cressie, 1993). We
used the Bayesian estimation called the Markov Chain
Monte Carlo (MCMC), which require Gibbs sampling and
Metropolis Hastings within Gibbs (Banerjee et al., 2004).
Modelling spatial longitudinal data which are highly auto-
correlated has been made possible by introduction of the
Hierarchical Bayesian (HB) modelling approach. This
decomposes a complex problem into a series of simpler con-
ditional levels such that at any given level in the hierarchy
inference conditionally relies on hypotheses made at higher
levels (Banerjee et al., 2004). The HB model constitutes of

four levels: firstly the data level which specifies the condi-
tional distribution of data given parameters i.e yi; secondly
a process level which specifies the conditional distributions
of process given their parameters (these are usually logit
and log functions of Generalised Linear Models); thirdly a
parameter level with conditional parameter distributions
given priors and lastly hyper-parameter level which speci-
fies the prior distributions for hyper-parameters. The pos-
terior distribution can then be used for full Bayesian
inference of the ZIP and ZINB models given the following full
conditional distributions. To estimate the parameters Gibbs
sampling is used by sampling from the full conditional dis-
tributions for posteriors with known closed forms (Casella
and George, 1992). For those without the closed form we
use the Metropolis Hastings (MH) random walk algorithms
(Browne and Draper, 2000).

A.1. Zero inflated Poisson model

A.1.1. Level 1: Data
The ZIP with a semi-parametric predictor offers a flexi-

ble way to model the zero inflation parameter (h).
yijgih � ZIPðlihÞ with probability density function

Pðyijgi; hÞ ¼
hþ ð1� hÞ expð�liÞl

yi
i

y!
i

if yi ¼ 0

ð1� hÞ expð�liÞl
yi
i

y!
i

if yi – 0

8><>:
With expectation Eðyijgi; hÞ ¼ ð1� hÞli and variance
Vðyigi; hÞ ¼ ð1� hÞðliÞ þ hð1� hÞl2

i .

A.1.2. Level 2: Processes

gi ¼ X 0ibþ fspati
ðskÞ þ esk

;

h � Uniform½0;1�

Xi is the linear (fixed) effects design matrix and vector of
parameters b; fspati

ðskÞ is the structured random spatial ef-
fect and esk

being the unstructured non-spatial random
effect.

A.1.3. Level 3: Parameters
Priors for PðbÞ; Pðfspati

js2
spatÞ; Pðesk

js2
errorÞ; PðhÞ. Uniform

priors for PðbÞ and PðhÞ. Multivariate Gaussian random filed
for Pðfspati

js2
spatÞ and Pðesk

js2
errorÞ are Gaussian independent

and identically distributed (i.i.d) random effects.

A.1.4. Level 4: Hyper-parameters and likelihood
Hyperpriors for Pðs2

spatÞ and Pðs2
errorÞ are all Inverse Gam-

ma � IGða�; b�Þ; with hyper parameters a⁄ = b⁄ = 0.001
(Brezger and Lang, 2006). After some computations the
likelihood of the ZIP models is:

Lðyijgi; hÞ ¼
Yn

i¼1

Pðyijgi; hÞ / exp
X
yi¼0

logðhþ ð1� hÞ
(

expð�liÞÞ þWo log ð1� hÞ þ
X

yi – 0

ð�li þ yi logðliÞÞ
)

where W0 is the number of units with strictly positive
responses.
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A.2. Zero inflated Negative Binomial model

A.2.1. Level 1: Data
The ZINB with a semi-parametric predictor offers a flex-

ible way to model the variability of the data catering for
over-dispersion (d), zero inflation (h).

yijgi; d; h � ZINBðli; d; hÞ with probability density
function

Pðyijgi; d;gÞ ¼
hþ ð1� hÞ d

dþli

� �d
if yi ¼ 0

ð1� hÞ CðyiþdÞ
Cðyiþ1ÞCðdÞ ð d

dþli
Þdð li

dþli
Þyi if yi – 0

8<:
With expectation Eðyijgi; hÞ ¼ ð1� hÞli and variance
Vðyijgi; d; hÞ ¼ ð1� hÞðli þ

l2
i
d Þ þ hð1� hÞl2

i .

A.2.2. Level 2: Processes

gi ¼ X 0ibþ fspati
ðskÞ þ esk

;

djb � Gammaða; bÞ; h � Uniform½0;1�

Xi is the linear (fixed) effects design matrix and vector of
parameters b, fspati

ðskÞ is the structured random spatial ef-
fect and esk

being the unstructured non-spatial random ef-
fect. We set a = 1 and assume a Gamma hyper-prior for
b � Gammaða1;a2Þ.

A.2.3. Level 3: Parameters
Priors for PðbÞ; Pðfspati

js2
spatÞ; Pðesk

js2
error ; PðhÞ; PðdjbÞÞ.

Uniform priors for PðbÞ and PðhÞ, Gamma priors for PðdjbÞ.
Multivariate Gaussian random field (GRF) priors for
Pðfspati

js2
spatÞ and Pðesk

js2
errorÞ are Gaussian independent and

identically distributed (i.i.d) random effects.

A.2.4. Level 4: Hyper-parameters and likelihood
Hyperpriors for Pðs2

spatÞ, Pðs2
errorÞ and PðbÞ are all Inverse

Gamma � IGða�; b�Þ; with hyper parameters a⁄ = b⁄ = 0.001
(Brezger and Lang, 2006). After some computations the
likelihood of the ZINB models is:

Lðyijgi; d; hÞ ¼
Yn

i¼1

Pðyijgi; d; hÞ1

/ exp
X
yi¼0

log hþ ð1� hÞ d
dþ li

� �d
 !(

þWoðlogð1� hÞ � logðCðdÞÞ þ d logðdÞÞ

þ
X

yi – 0

logðCðyi þ dÞÞ þ yi logðliÞ

� ðyiþdÞ logðdþ liÞ
�

where W0 is the number of units with strictly positive
responses.
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a  b  s  t  r  a  c  t

Longitudinal  mortality  data  with  few  deaths  usually  have  problems  of  zero-inflation.  This  paper  presents
and  applies  two  Bayesian  models  which  cater  for  zero-inflation,  spatial  and  temporal  random  effects.
To  reduce  the  computational  burden  experienced  when  a large  number  of  geo-locations  are  treated  as
a Gaussian  field  (GF)  we  transformed  the  field  to a Gaussian  Markov  Random  Fields  (GMRF)  by  triangu-
lation.  We  then  modelled  the spatial  random  effects  using  the  Stochastic  Partial  Differential  Equations
(SPDEs).  Inference  was  done  using  a computationally  efficient  alternative  to  Markov  chain  Monte  Carlo
(MCMC)  called  Integrated  Nested  Laplace  Approximation  (INLA)  suited  for  GMRF.  The  models  were
applied  to  data  from  71,057  children  aged  0 to under  10  years  from  rural  north-east  South  Africa  liv-
ing  in  15,703  households  over the  years  1992–2010.  We  found  protective  effects  on  HIV/TB  mortality
due  to  greater  birth  weight,  older  age  and  more  antenatal  clinic  visits  during  pregnancy  (adjusted  RR
(95% CI)):  0.73(0.53;0.99),  0.18(0.14;0.22)  and  0.96(0.94;0.97)  respectively.  Therefore  childhood  HIV/TB
mortality  could  be  reduced  if mothers  are  better  catered  for during  pregnancy  as this  can  reduce  mother-
to-child transmissions  and contribute  to  improved  birth  weights.  The  INLA  and  SPDE approaches  are
computationally  good  alternatives  in  modelling  large  multilevel  spatiotemporal  GMRF  data  structures.

© 2012  Elsevier  B.V.  All  rights  reserved.

1. Introduction

Public Health data on mortality have been growing increas-
ingly rich as more accurate information on “who”, “where” and
“when” becomes available. These form hierarchical (multilevel)
data structures which are correlated such that person-level (“who”)
information can be repeated, geo-statistical (“where”) data often
has spatial correlation and temporal (“when”) data can be auto-
correlated. Classical statistical techniques are usually based on
independent observations, but when applied to multilevel data
structures they often underestimate the standard errors. As a
result of this the statistical significance is overestimated leading
to erroneous results and subsequent inferences (Cressie, 1993).

∗ Corresponding author at: MRC/Wits Rural Public Health & Health Transitions
Research Unit, School of Public Health, Faculty of Health Sciences, University of the
Witwatersrand, 7 York road, Parktown 2193, Johannesburg, South Africa.

E-mail address: Eustasius.Musenge@wits.ac.za (E. Musenge).

This defeats the main goal in epidemiological analysis, which is
to identify and quantify correctly any exposures, behaviours and
characteristics that may  modify a population’s or individuals risk
and use these to implement more appropriate interventions (Rose,
2001).

In modelling hierarchical data we  can take into account spatial
and temporal correlations by introducing in the model spatiotem-
poral random effects. Several other hurdles have to be overcome
when modelling hierarchical mortality data such as: zero infla-
tion when there is a greater proportion of non-occurrence for an
outcome, handling large data structures, repeated measures and
estimating many parameters rapidly and accurately. Bayesian tech-
niques with the aid of the Markov chain Monte Carlo (MCMC)
simulation methods have successfully overcome these hurdles
and fit spatiotemporal random effects for reasonably sized geo-
locations of Gaussian fields (GF) (Berliner et al., 2000; Gilks et al.,
1996; Casella and Robert, 1999; Wikle, 2003; Wikle et al., 1998).
However as the number of geo-locations increases, MCMC com-
putations of a dense GF m × m spatial correlation matrix become
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infeasible or extremely slow in the order of power three (O(m3)),
this problem is popularly known as the “big m”  or “big N” (Banerjee
et al., 2004). Several approaches have been used to resolve the
“big m”.  Banerjee et al. (2004) give brief summaries of these: sub-
sampling, spectral, lattice, dimension reduction and course fine
coupling methods (Banerjee et al., 2004, 2008; Banerjee and Carlin,
2003; Kamman and Wand, 2001; Johnson et al., 1990; French et al.,
2002). Generally these techniques attempt to reduce the dimension
of the GF by selecting a “representative” sub-sample or fixing some
parameters or changing the scale from continuous to discrete with
the aim of reducing the computational burden in running MCMC
simulations.

We addressed this problem using techniques proposed by Rue
and Held (2005) who changed the continuous scale GF to a discrete
scale Gaussian Markov Random Field (GMRF), for the Matérn fam-
ily of covariance structures (Rue and Held, 2005). More recently
Lindgren et al. (2011) provides the detail of how the GF and GMRF
relate via Stochastic Partial Differential Equations (SPDE) using
basis functions (Lindgren et al., 2011; Cameletti et al., 2012). Sec-
ondly we performed inference and prediction using Integrated
Nested Laplace Approximation (INLA) well suited for GMRF as
opposed to the commonly used MCMC  (Rue et al., 2009). Hence
we greatly reduced the computational burden and could do in
hours what usually took days having reduced the computational
operations for a spatiotemporal model from power 3 to power 1.5
(O(m3) → O(m3/2)).

The aim of this paper is to discuss and apply a Bayesian model
that can handle large zero-inflated spatiotemporal observational
data on mortality producing reliable estimates speedily. In Section
2 we explore the Bayesian methods and model fitting inference,
prediction and goodness of fit. Section 3 we apply the discussed
Bayesian spatiotemporal model to the data from Agincourt in rural
South Africa which has 71,057 children aged 0–9 years living in
15,703 households over the years 1992–2010. In Section 4 we
discuss the merits of our model and distil the Public Health impli-
cations of our results in interventional studies.

2. Methods

2.1. Spatiotemporal model structure

The outcome yi(sj, t) was the observed HIV/TB related death of
a child i = 1, . . .,  N from a given household j = 1, . . .,  m in a specific
year t = 1, . . .,  T which is a realisation of the spatio-temporal process
y(. , .) ∈ Y(. , .). Assuming the outcomes distribution belongs to the
exponential family of distributions, we can fit flexible structural
additive models belonging to the generalized linear mixed models
(GLMM)  (Brezger and Lang, 2006; Fahrmeir and Lang, 2001). Our
data may  be represented by the equation:

yi(sj, t) = X(sj, t)  ̌ +
nf∑

j=1

f (j)(uji, t) + εi(sj, t) (1)

where X(sj, t) is the design matrix with fixed p covariates,  ̌ = (ˇ0,
. . . ˇp)′ is the regression coefficients vector, f(.) which is one of the
f(j) used to relax the linear relationship or introduce random effects
or both and εi(sj, t)∼N(0, �2

ε ) are the error terms which are nei-
ther temporally nor spatially correlated (Cameletti et al., 2012).
As our data are spatially and temporally correlated we can intro-
duce random effects f(.) = f(sj, t) a Gaussian random field with a first
order autoregressive temporal effect �(sj, t − 1) and coefficient �
and zero mean multivariate normal (temporally independent) spa-
tial effects ω(sj, t)∼MVN(0,  ̇ = �2

ωC(||sj − sk|| = h); j /= k) resulting
in the equation:

f  (sj, t) = ��(sj, t − 1) + ω(sj, t) (2)

where |�|<1 in case of stationarity, �(sj, 1)∼N(0,  �2
ω/(1 − �2) =

1/�ω(1 − �2)) and the spatial effect is second order stationary and
isotropic. When the spatial correlation follows a Matérn covari-
ance structure we  obtain C(h) = (1/(� (	)2	−1))(
h)	K	(
h) for the
Euclidean distance lags h. The parameter 	 measures the degree
of smoothness and also the order of the modified Bessel function
(when 	 > 0) of second kind K	 and finally 
 > 0 is the scaling param-
eter with a range � = (

√
8	/
) where the spatial correlation is close

to 0.1 for each 	 (Lindgren et al., 2011; Rue et al., 2009).

2.2. Zero inflated Poisson and Binomial spatiotemporal models

Observational binary outcome data are commonly analysed
using the logistic regression model, which has a logit linear pre-
dictor in the GLMMs  canonical link structure. However this model
has problems of instability especially with spatial random effects,
which would be exacerbated due to zero inflation (Agarwal et al.,
2002). In epidemiological cohort studies a relative risk is more pre-
ferred than an odds ratio as this caters for temporality and also a
more intuitive measure of burden of morbidity or mortality (Barros
and Hirakata, 2003; Fekedulegn et al., 2010). In light of this and in
an endeavour to have better fitting models, two  models that can
handle zero inflation were employed. The two  conditionally inde-
pendent models fit were the zero inflated Poisson and zero inflated
Binomial with a log and a logit canonical link functions respectively:
yt|�t, �t ∼ ZIP(�t, �t) and yt|�t, pt, �t ∼ ZIBin(nt, pt, �t).

The mortality outcome (count/binary) data yt(sj) observed at
the households in the Agincourt area are zero inflated and assumed
to follow either a Poisson (count) or Binomial distribution (binary).
We will occasionally drop the sj for notational convenience in the
rest of the article. We  therefore resorted to the zero inflated models
to cater for the imbalance due to many zeros. The model that takes
care of zero inflation (�t) can then be represented as:


(yt |�t , �t) =
{

�t + (1 − �t)
(0|�t , �t) if yt = 0

(1 − �t)
(1|�t , �t) if yt /= 0
(3)

With canonical links of the expected means:
g(E(yt(.)) = log(�t) = �t and g(E(yt(.)) = logit(pt) = �t with means
are �t = exp(�t) and pt = (exp(�t)/(1 + exp(�t))) for the Poisson and
Binomial distributions, respectively. A spatiotemporal canonical
link (linear predictor) model can be expressed as

�t(sj) = Xt(sj)  ̌ + ft(sj) + εt(sj)

ft(sj) = ��t−1(sj) + ωt(sj)
(4)

where εt(sj)∼N(0, �2
ε Im) with identity matrix Im of dimension m ×

m, ωt∼N(0,  ̇ = �2
ω

˜̇ ) with a stationary AR(1) process �1 ∼ N( 0,
˙/(1 − �2)) (Cameletti et al., 2012). The  ̇ is a dense GF m by
m dimensional matrix from a Matérn distribution with scale and
smoothness parameters 
 and 	 (which is fixed in all our com-
putations) respectively. As the size of m increases computations
become increasingly more difficult due to the “big m”  as previously
highlighted.

2.3. Solving the “big m” using the SPDEs to estimate the spatial
random effects

To resolve the computational burden associated with the GF
Matérn covariance function we  used a technique that changes
this to a GMRF proposed by Rue and Held (2005).  Briefly the
locations are converted into areal triangulations firstly by making
them the initial triangle vertices before adding more vertices for
proper triangulation which extends the grid and very useful for
prediction. Fig. 1 shows how we  employed triangulation to our
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Fig. 1. Agincourt original household locations (left), triangulation of all household (centre) and triangulation of households within 500 m (right).

data, the diagram on the right was made assuming households
within 500 m were similar we fit 488 vertices and 938 triangles.

The SPDE technique redefines the Matérn field as a finite “repre-
sentative” linear combination of basis functions on a triangulation
of the locations (Cameletti et al., 2012). Hence for our spatiotem-
poral random effects in GMRF representation we get ω̃t∼N(0,  ̇ =
Q−1

s ) and �1∼N(0, (Q−1
s /(1 − �2)) = Q−1

T ) where Qs is a sparse
time-invariant precision matrix with dimension m* vertices from
the triangulations. A joint spatiotemporal GMRF f̃t∼N(0, Q−1 =
(QT ⊗ Qs)

−1) whose precision matrix is the Kronecker product of
the temporal and spatial precision matrices; is such that f̃t ≈ Bft
where the basis B is a sparse matrix with unit elements for match-
ing triangle vertices and zero’s elsewhere (Lindgren et al., 2011).
Therefore Eq. (4) becomes �t = Xt  ̌ + Bft + εt, where we  let xt = {ˇ,
B, �t} be the vector of latent Gaussian fields and ϕt = {�2

ω, �, 
, �2
ε }

being a vector of unknown parameters. We  can thus express
our model into a hierarchical Gaussian latent variable fashion as
follows, stage 1 – observational equation, stage 2 – latent Gaussian
field and stage 3 – parameter model (Simpson et al., 2011):

stage 1 : yt |xt , ϕt∼N(Xt  ̌ + Bft ; �2
ε Im) = N(�yt

(ϕt ) = Axt , Q−1
yt

(ϕt ))

stage 2 : xt |ϕt∼N(�xt
(ϕt ); Q−1

xt
(ϕt ))

stage 3 : ϕt∼�(ϕt )

(5)

where the precision matrices Q−1
. (.) are either small enough (for

easier multiple factorisation) or sparse (Simpson et al., 2011b).
These models cover a wide range of models and are easily estimable
using INLA as shown in the next subsection.

2.4. Bayesian inference using INLA

In accordance with the Bayesian paradigm we aim to find the
posterior distribution of the processes and parameters updated by
data (Wikle, 2003). This could be expressed as:

Probability (process, parameters|data) ∝ Likelihood

×(data|process, parameters) × Probability (process|parameters)

× Probability (parameters)

Applying this expression to our model, letting � =
{ˇ, �, �t, �2

ω, 
, �2
ε } denote the vector of all parameters and

dropping the subscripts to present in vector form, � = {�t} and

data y = {yt} (Cameletti et al., 2012; Rue et al., 2009), their joint
posterior distribution is thus:


(�, �, �|y) ∝ 
(y|�, �, �)
(�|�, �)
(�, �)  (6)

Fig. 2 gives a simplified pictographical view, where level 1 are
the data and assumed distributions, level 2 is a process, level 3 and
4 are parameters and level 5 gives the default hyper-parameters
used in the INLA package.

The posterior marginals are required, standard (i), nested
approximation (ii) and numerical integrations (iii) for latent fields
x = {ˇ, f, �} and hyper-parameters ϕ = {�, �2

ω, 
, �2
ε } respectively

(Rue and Held, 2005; Rue et al., 2009):

i)
(x, ϕ|y) =
∫


(xi|ϕ, y)
(ϕ|y) dϕ 
(ϕj |y) =
∫


(ϕ|y) dϕ−j

ii)
̃(x, ϕ|y) =
∫


̃(xi|ϕ, y)
̃(ϕ|y) dϕ 
̃(ϕj |y) =
∫


̃(ϕ|y) dϕ−j

iii)
̃(x, ϕ|y) =
∑

k


̃(xi|ϕk, y)
̃(ϕk |y)�k 
̃(ϕj |y) ∝
∫


(x, ϕ|y)

̃G(x|ϕ, y)

∣∣∣
x=x∗(ϕ)

dϕ−j

(7)

Using this technique we aim to initially get the terms “nested”
inside the integrand in Eq. (7ii) left hand side without integra-
tion (Simpson et al., 2011b). To do so we  firstly estimate the
marginal 
̃G(x|ϕ, y) which is a Gaussian approximation of x with
mode x * (ϕ), for a given ϕ. Secondly we  estimate 
̃(xi|ϕ, y) =
N(xi; �i(ϕ), �2

i
(ϕ)) using either Gaussian or Laplace or a simpli-

fied Laplace approximations (Rue et al., 2009). We  computed these
marginals using the R package Integrated Nested Laplace Approxi-
mation (INLA) which uses the simplified Laplace approximations
(Rue and Held, 2005; Rue et al., 2009; R-cran, 2010). The INLA
procedure also enables easier spatial prediction since it computes
posterior conditionals for the spatial random effects on all triangu-
lation vertices including the extensions as shown in Fig. 1.

2.5. Model goodness of fit and convergence diagnostics

We assessed the accuracy of 
̃(ϕ|y) using the effective num-
ber of parameters, which can be approximated as the difference
between the dimension of the normalised integral {
̃(ϕ|y)} n and
the trace of the product of the prior precision matrix and the pos-
terior covariance (Spiegelhalter et al., 2002):

pD(ϕ) ≈ n − tr{Q (ϕ)Q ∗ (ϕ)−1} (8)
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Fig. 2. Hierarchical structure of a zero inflated spatiotemporal model fit using INLA.

The deviance information criteria (DIC) was  also used which is
defined as the difference between twice the mean of the deviance
and the deviance of the mean according to Spiegelhalter et al.
(2002) and expressed as:

D(x, ϕ) = −2
∑

i

log{
̃(yi|xi, ϕ)} + constant (9)

Interpretations of these is quite straight forward the smaller the
effective number of parameters the more parsimonious the model
and the smaller the DIC the better the model fit, more-so most
parsimonious is not always the best model.

3. Application

3.1. Rural South Africa Agincourt HDSS data, study design and
ethics

The Agincourt health and demographic surveillance system
(HDSS) site was set up in the Agincourt sub-district in 1992 due
to its remote location, availability of several clinics and presence
of Mozambican in-migrants (Tollman et al., 1999). By 2010, the
Agincourt HDSS had a population of over 84,000 persons living in
approximately 17,000 households scattered throughout 27 neigh-
bouring villages. Cause of death data were obtained through verbal
autopsies conducted on every recorded death (Clark et al., 2007).
Interviews were conducted by trained field worker. This was done
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Fig. 3. Year specific child deaths due to HIV/TB from 1992 to 2010.
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Fig. 4. Posterior point estimates for ZIP (top) and ZIB (bottom) models.

within 1 year after a death, with the closest caregiver of the
deceased in their mother tongue. Cause of death was  indepen-
dently determined by two  medical practitioners with the third as
a tie breaker. Their consensus cause of death was classified accord-
ing to the World Health Organization’s International Classification
of Diseases (ICD10) (Kahn et al., 2000). HIV/TB mortality in chil-
dren was ascertained by the reported signs and symptoms, and
in some instances this was verified through the mother’s cause
of death (Kahn et al., 2000). Over 90% of the HDSS households
were geo-coded by 1992 and by 2010 all the households were geo-
coded, thus enabling spatial analyses at household as well as village
level. The study design was a retrospective cohort study cover-
ing households observed from the onset of the site to December
2010. The Agincourt HDSS site was granted ethical clearance by
the University of the Witwatersrand’s Committee for Research on
Human Subjects (No. 960720). This work was also granted ethical
clearance by the University of the Witwatersrand’s Committee for
Research on Human Subjects (M081145). Verbal informed consent
was obtained when the census rounds were conducted and also
when verbal autopsy data were collected from a close relative of
the deceased.

3.2. Dependent and independent variables

The persons included in the study were all the children aged
between 0 and under 10 years who lived or had lived in the
Agincourt HDSS between January 1992 and December 2010. The
independent variables used were: child’s gender, birth-weight cat-
egory, age category, slum (availability of water, electricity and
toilet) and number of mother’s antenatal clinic visits during preg-
nancy and year of observation. The household’s latitude and
longitude were used to construct the latent variables for the spatial
random effects and year the AR(1) temporal effects. The dependent
variable was death due to HIV and or tuberculosis (TB) determined
by the WHOs ICD10 verbal autopsy codes A16-A191 for HIV and
B20-B242 for TB. These data were extracted using Structured Query

1 A16 = respiratory tuberculosis; not confirmed bacteriologically or histologi-
cally; A17 = tuberculosis of nervous system; A18 = tuberculosis of other organs;
A19 = miliary tuberculosis.

2 B20 = human immunodeficiency virus (HIV) disease resulting in infectious and
parasitic diseases; B21 = human immunodeficiency virus (HIV) disease resulting in
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Table  1
Univariate and multiple regression results models using zero inflated Poisson adjusting for spatiotemporal random effects.

Variable Summary, n (%) or
mean ± SD

Univariate results,
RR (95% credible
interval)

Non-spatial multiple
variable model,
adjusted RR (95%
credible interval)

Temporal multiple
variable model,
adjusted RR (95%
credible interval)

Spatial multiple
variable model,
adjusted RR (95%
credible interval)

Spatiotemporal
multiple variable
model, adjusted RR
(95% credible interval)

Sex
Male 35,317(49.70) 1.00
Female 35,740(50.30) 0.89(0.74;1.07)
Birth weight category
Low weight 6,320(8.89) 1.00 1.00 1.00 1.00 1.00
Moderate weight 15,241(21.45) 0.81(0.61;1.07) 0.70*(0.53;0.93) 0.85(0.63;1.16) 0.71*(0.53;0.93) 0.85(0.63;1.16)
High  weight 49,496(69.66) 0.39*(0.30;0.51) 0.57*(0.42;0.76) 0.73*(0.53;0.99) 0.58*(0.43;0.77) 0.73*(0.53;0.99)
Age  category
0–1 years 8,580(12.07) 1.00 1.00 1.00 1.00 1.00
1–5  years 19,619(27.61) 0.21*(0.17;0.26) 0.20*(0.16;0.25) 0.18*(0.23;0.64) 0.20*(0.16;0.25) 0.18*(0.14;0.22)
5–9  years 42,858(60.31) 0.05*(0.04;0.07) 0.04*(0.03;0.05) 0.04*(0.05;0.54) 0.04*(0.03;0.05) 0.04*(0.03;0.05)
Slum  (electricity, water and toilet)
None of the three 10,051(14.14) 1.00 1.00 1.00
At  least one 27,329(38.46) 0.78(0.60;1.01) 0.79(0.61;1.02) 0.77(0.60;1.00)
At  least two 21,871(30.78) 0.74*(0.56;0.97) 0.73*(0.56;0.96) 0.71*(0.54;0.93)
All  three 5,748(8.09) 0.57*(0.37;0.86) 0.55*(0.35;0.83) 0.53*(0.34;0.81)
Antenatal clinic visits 6.00(±1.50) 0.98*(0.97;0.99) 0.98*(0.97;0.99) 0.96*(0.94;0.97) 0.98*(0.96;0.99) 0.96*(0.94;0.97)
Zero  inflation parameter 0.06*(0.002;0.25) 0.05*(0.003;0.18) 0.07*(0.003;0.28) 0.04*(0.002;0.15)
Precision for year 0.91*(0.23;2.19) 0.86*(0.16;2.32)
Rho  for year 0.88*(0.72;0.97) 0.89*(0.70;0.98)
Kappa 1.98*(1.09;3.66) 1.55*(1.41;1.63)
Tau 1.37*(0.18;2.600 2.31*(1.19;9.08)
Moran’s Indexes:

Observed(Expected ± standard
deviation)

0.32*(2.1 ± 3.33 × 10−3)

Effective number of parameters 12.05(0.05) 25.61(1.10) 23.18(5.04) 29.16(6.33)
DIC 4855.31 4532.69 4846.13 4532.31

* Statistical significance at the 5% level.

Language (SQL). Preliminary data analyses and data management
were done using STATA 10.1 (StataCorp, 2007). The Bayesian anal-
ysis was done using an R software package called INLA (Rue et al.,
2009; R-cran, 2010).

3.3. Descriptive statistics

There were similar proportions of boys and girls (50.3%) with
an average age of 6.14 years (standard deviation of 3.38). Almost
9% of the births were low-weight, the majority (60.3%) of the chil-
dren were only observed after their 5th birthday. Only 8.09% had
access to all three: clean tap water, flush toilet inside house and
electricity, which is expected in typical rural areas. Health check-
ups during pregnancy averaged about 6 visits, with the majority
(73%) still not going at all. A total of 456 deaths were HIV/AIDS
(including HIV/tuberculosis) which was a small proportion of the
population indicative of the presence of zero inflation. Mortality
was moderate in the early to mid  1990s before gradually growing
from 1999 and reaching a peak in 2001, remaining high for several
years before gradually declining from 2007 as shown in Fig. 3.

3.4. Zero inflated Poisson and Binomial spatiotemporal modelling
results

We performed univariate and multiple variable analyses using
both the ZIP and ZIB models. Multiple variable models were fit sys-
tematically starting with one without random effects, spatial only,
temporal only and finally spatiotemporal random effects. The R-
codes using INLA are given in Appendix 1. From our results shown

malignant neoplasms; B22 = human immunodeficiency virus (HIV) disease result-
ing  in other specified diseases; B23 = human immunodeficiency virus (HIV) disease
resulting in other conditions; B24 = unspecified human immunodeficiency virus
(HIV) disease.

in Tables 1 and 2, our discussion will be centred on the ZIP spa-
tiotemporal model which was  the best fitting model since this had
the lowest DIC (4532.31) and catered for spatiotemporal random
effects, as later indicated in Section 3.5.

Two  variables consistently showed significant associations with
child HIV/TB mortality, firstly the age category of the child, which
showed a decrease in mortality with increase in age (Chi-Square
p-value < 0.001). Those aged 1 to under 5 (127/19,619) were 82%
{0.18(0.14; 0.22)} less likely to experience a death due to HIV/TB
compared to those under 1(262/8580) and those over 5 and
under10 (67/42,858) were 96%{0.04(0.03;0.05)} less likely to die

Fig. 5. Posterior means (bold), medians (0.5% = 50th percentiles, middle), lower
credible limits (0.025% = 2.5th percentiles) and upper credible limits (0.975% = 97.5th
percentiles).
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Table 2
Multiple regression results of four models using zero inflated Binomial adjusting for spatiotemporal random effects.

Variable Non-spatial multiple
variable model,
adjusted OR (95%
credible interval)

Temporal multiple
variable model,
adjusted OR (95%
credible interval)

Spatial multiple
variable mode,
adjusted OR (95%
credible interval)

Spatiotemporal
multiple variable
model, adjusted OR
(95% credible interval)

Sex
Male
Female
Birth weight category
Low weight 1.00 1.00 1.00 1.00
Moderate weight 0.70*(0.52;0.92) 0.86(0.62;1.20) 0.70*(0.52;0.93) 0.005*(0.003;0.07)
High  weight 0.62*(0.46;0.83) 0.67*(0.48;0.95) 0.63*(0.47;0.85) 0.05*(0.007;0.04)
Age  category
0–1 years 1.00 1.00 1.00 1.00
1–5  years 0.07*(0.05;0.09) 0.05*(0.04;90.07) 0.07*(0.06;0.09) 0.18*(0.14;0.22)
5–9  years 0.006*(0.004;0.008) 0.005*(0.003;0.95) 0.006*(0.004;0.008) 0.04*(0.03;0.05)
Slum  (electricity, water and toilet)
None of the three 1.00 1.00
At  least one 0.77(0.60;1.01) 0.76*(0.58;0.99)
At  least two 0.71*(0.54;0.95) 0.69*(0.52;0.93)
All  three 0.52*(0.34;0.81) 0.51*(0.32;0.78)
Antenatal clinic

visits
0.94*(0.92;0.96) 0.97*(0.95;0.98) 0.94*(0.93;0.96)

Zero  inflation
parameter

0.22*(0.042;0.66) 0.43*(0.19;0.79) 0.15*(0.031;0.45) 0.42*(0.18;0.67)

Precision for year 0.78*(0.17;1.96) 0.80*(0.20;1.93
Rho  for year 0.87*(0.67;0.97) 0.87*(0.69;0.97)
Kappa 1.98*(1.14;3.55) 1.54*(1.41;1.62)
Tau 1.37*(0.27;2.54) 2.23*(1.22;6.91)
Moran’s Indexes:

Observed(Expected ± standard
deviation)

0.30*(2.1 ± 3.33 × 10−3)

Effective number of
parameters

11.10(0.080) 24.58(1.03) 22.97(5.09) 31.12(5.18)

DIC  5179.43 4754.60 5180.50 4803.93

* Statistical significance at the 5% level.
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Fig. 6. Posterior density plots of log-means for fixed effects of the ZIP spatiotemporal model.
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from HIV/TB relative to the under 1 s keeping all other variables
constant. Secondly the category of the birth weight was signifi-
cantly associated with deaths due to HIV/TB, showing a decreasing
trend with greater birth weight (Chi-Square p-value < 0.001). Those
who had a birth weight of 3.5 kg and above (232/49,496) were 27%
{0.73(0.53;0.99)} less likely to die due to HIV/TB relative to those
who were born with a low birth weight of less than 2.5 kg (76/6329)
independent of other risk factors. The only other significant pro-
tective factor was the number of antenatal clinic visits made by
the mother; for every additional visit the mother attended the risk
of losing the child from HIV/TB decreased by 4% {0.96(0.94;0.97)}
keeping other variables constant as shown by the spatial only and
no-random effects model. Those who had access to all three elec-
tricity, water and flush toilet (who in this area are the more affluent)
experienced fewer deaths due to the HIV/TB compared to those who
had none. We  show the posterior marginal point estimates from the
ZIP and ZIB models in Fig. 4 top and bottom respectively.

As shown in Fig. 4, the region with the greatest risk of child
HIV/TB mortality is the central region with a trend towards the
south-westerly. In the context of our findings, this is the region
whose households have lower birth weights, greater under 1 mor-
tality and having lower visits to the health facility compared to
households in other regions. The lowest risk region is the top north-
easterly with the ZIP model showing few clusters than the ZIB
model. The standard error maps indicate the greatest errors on the
peripherals which are also the regions where the extensions of the
triangulation shown in Fig. 1. Also consistent with our results from

Tables 1 and 2 there is a greater margin of error with the ZIB model
as compared with the ZIP model.

3.5. Model assumptions, goodness of fit and convergence
diagnostics

Using the final spatiotemporal models in both ZIB and ZIP we
investigated the presence of zero inflation, temporal and spatial
correlation. The null hypothesis for zero inflation was that the
inflation parameter �t is zero (no zero inflation) our results in
Tables 1 and 2 indicate significant presence of zero inflation of 0.04
and 0.42 for ZIP and ZIB respectively. Investigation of temporality
was done by testing the � coefficient of the first order autocorrela-
tion model with null hypothesis that the process was not stationary
|�|>1. Both our models indicated significance presence of station-
arity that is 0.86 and 0.87 for ZIP and ZIB respectively. Fig. 5 shows
the posterior means plus 95% credible bands, time series plots
from the modelling which resembles the observed data shown in
Fig. 3. Lastly on checking model assumptions we investigated the
presence of spatial effects by inspecting the significance of the com-
ponents (
 and �) of the Matérn covariance (see Tables 1 and 2). Also
this was  investigated with the classical Moran’s indices on the spa-
tial residuals testing the null hypothesis that there is zero spatial
autocorrelation which from both tests yielded significant results,
hence rejecting the null.

We compared the two  models the ZIB and ZIP and found that
the latter fitted better in all the variants from the no-random effects
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Fig. 7. Posterior density plots of log-means for fixed effects of the ZIB spatiotemporal model.
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model to the spatiotemporal as this yielded smaller DICs and model
parsimony. Some of the parameter estimates were similar, except
for the zero inflated parameter, age categories and birth weights.
The ZIP model also showed more stable estimates and consistent
results in the adjusted relative risks (adjusted RRs) compared to the
ZIB and narrower credible intervals. As a way of showing the con-
vergence pictographically for some parameter estimates we  show
the fixed effects logarithmic form posterior means density plots in
Figs. 6 and 7.

The plots in Figs. 6 and 7 show that the parameters fitted well as
GMRF since they are symmetrical about thus the mean equals the
mean and mode.

4. Conclusions

The Public Health rational of our results is centred on lack of
health seeking behaviour in rural areas. Interventions could tar-
get two groups of mothers (also caregivers) those not yet infected
and those already infected. For both groups maternal attendance
of health facility can minimize the risk of under one mortality and
possibly giving birth to low-weight children. For those mothers’
already infected several options are there; before child birth (pre-
vention of mother to child) and after birth (anti-retro-virals – ARV
uptake) and also early treatment on ARVs for the parent to increase
their longevity. A significant decline in mortality can already be
observed in our cohort post 2007 the year when ARVs were started
in the area. Poverty however still remains the greatest challenge in
the developing countries and mostly interventions when available
are very scarce. As such our results from spatiotemporal Bayesian
modelling coupled with maps can be very handy in allocation of
the limited resources of aid.

Modelling that controls for potential confounding is an add-
on to epidemiological studies and gives strength to the estimates
derived from such modelling procedures. Our modelling approach
caters for potential spatial and temporal confounders. This
approach was able also to cater for “large” zero inflated spatiotem-
poral data. The years 1992–2010 cover a span of 19 years (76%) of
the United Nation’s Millennium Development Goals (MDG) period
of 25 years. Goal 4.1 aims at reducing child (under five) mortal-
ity by two thirds over that period (Black et al., 2003). Our results
demonstrate such a significant decline in mortality due to HIV/TB.

A major limitation in developing nations is lack of reliable and
user friendly analyses software, which was addressed by using INLA

a package available on the public domain. Zero inflated Poisson
(ZIP) and zero inflated Negative Binomial (ZINB) models were used
for log link function linear predictors and also catered for spatial
random effects (Lambart, 1992; Ridout et al., 2001). It has also been
noted from other studies that the log link function linear predictor
models were more stable than logit link function models when they
contained a spatial component. This finding was also confirmed in
our study as we  observed that models from the exponential family
with a log-linear predictor were more stable and able to converge
better than the logit-link function model. This motivated us to treat
the outcome as a discrete measure as opposed to binary mostly
used for logistic regression (Agarwal et al., 2002). We  demon-
strated that the “big m”  can be resolved with great ease for Public
Health mortality hierarchical structures with the aid of SPDEs and
INLA.
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Appendix A. Zero inflated Poisson R-code using INLA adapted from http://www.r-inla.org/ (Lindgren et al., 2011)

#1.#IMPORT ING L IBRA RIES
library(foreign )
library(INLA)
library(co da)
library(fi elds)

#2.# Read  data:
decdata =  read. dta( "c:/j agnovr edo/c hild leveld ec.d ta")
attach(dec data)
names(decd ata)

#3.# Build  tria ngul ar me sh of  locat ions  withi n 0.5  km  see f igure  1
mesh123 = (inla .mes h.cre ate(cb ind(d ecda ta$coo rdlo ngx/10 00, 
decdata$co ordla ty/1 000),r efine =TRUE ,cut off=0. 5))
plot(mesh1 23)

#4.# Store  the  data -->ve rtex  mappin g:
## ( mesh$idx$loc[m] is  the me sh ve rtex  for d ata l ocat ion n umber m )
decdata$hh id =  mesh 123$i dx$loc

#5.# Creat e the  SPD E/GMR F mode l, (k app a^2-Del ta)(t au x)  = W:
spde123 =  inla. spde .crea te(mes h123,  mod el="ma tern")

#6.# Funct ions  of f our m odels  multi vari ate mo dels  fit 
#6a.No ran dom e ffec ts mo del wi th ho useh old an d in dividu al r andom  effec ts
norand=hivtb2~s ex+a s.fac tor(sl umrur al1) +as.fa ctor( age_c at)+ as.fac tor( birthw ei
ght_cat)+a ntena talv isits +f(hh id, mo del= "iid") +f(i dno, m odel ="iid")

#6b.Tempor al ra ndom  effec ts mo del w ith  househ old  and in divi dual r andom 
effects
temponly=hivtb2~sex+as.factor(slumrural1)+as.factor(ag e_cat )+as.f actor (birt hw
eight_cat) +ante nata lvisit s+f(y ear,  mode l="ar1 ")+f (hhid,  mod el="ii d")+f (idno , 
model="ii d")

#6c.Spatia l ran dom  effect s mod el wi th i ndivid ual  random  eff ects
spatonly=hivtb2~sex+as.factor(slumrural1)+as. fact or(age _cat )+as.f actor (bir thw
eight_cat) +ante nata lvisit s+f(i dno,m odel ="iid" )+f(h hid, model =spde1 23)

#6d.Spatio tempo ral  rando m eff ects m odel  with  indi vidual  ran dom ef fects
spatiotemp=hivt b2~s ex+as .facto r(slu mrur al1)+a s.fa ctor(a ge_c at)+as .fact or(bi rt
hweight_cat)+antenatalvisits+f(year, mo del="a r1") +f(idn o, 
model="ii d")+f( hhid ,mode l=spde 123)

#7.#  Runn ing I NLA  model s on t he fo ur s tated  in s tep 6
norand = inla(norand, f amily= "zero infl ated.p oiss on1", data  = 
decdata,control.results=list(return.marginals.random=TRUE,return.marginals.pr
edictor=TR UE),c ontr ol.co mpute= list( dic= TRUE,c po=T RUE))
summary(norand)

spatonly = inl a(sp atonl y, fam ily=" zero inflat ed.po isson 1",d ata = 
decdata,co ntrol .res ults= list(r eturn .mar ginals .ran dom=TR UE,r eturn. margi nals. pr
edictor=TRUE),control.compute=list(dic=TRUE,cpo=TR UE))
summary(spatonly)

temponly = inl a(te mponl y, fam ily=" zero inflat ed.po isson 1",d ata = 
decdata,co ntrol .res ults= list(r eturn .mar ginals .ran dom=TR UE,r eturn. margi nals. pr
edictor=TR UE),c ontr ol.co mpute= list( dic= TRUE,c po=T RUE))
summary(temponly)

http://www.r-inla.org/
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spatiotemp = i nla( spati otemp , fami ly=" zeroin flat ed.poi sson 1",dat a = 
decdata,co ntrol .res ults= list(r eturn .mar ginals .ran dom=TR UE,r eturn. margi nals. pr
edictor=TR UE),c ontr ol.co mpute= list( dic= TRUE,c po=T RUE))
summary(sp atiot emp )

#Saving ou tput  for  model  to st ore p oste rior e stima tes a nd o ther
save(spati otemp , fi le="c :/resu ltsde c/sp atiote mp.Rd ata" )

#---- ----- ----- --- ------ ------ ----- --- ------- ----- ----- ---- ------ ---- #

#8.#Loadin g dat a fr om pr evious  anal yses  in n ew se ssion
spatiotemp <-loa d(fi le="c :/jagn ovred o/sp atiote mp.Rd ata")
names(spatiotem p)

#9.# Assess ing f or p oster iors Spati al a uto -co rrela tion (Mor an’s I)
library(ap e)
D.dists < - as. matri x(dis t(cbin d(mes h123 $loc[, 1],  mesh12 3$lo c[,2]) ))
D.dists.in v < - 1/D. dists
diag(D.dis ts.in v) < - 0
Moran.I(sp atiot emp $summar y.ran dom$h hid[ ,"mean "], D .dist s.in v)

#10.# Diag nosti c pl ots se e fig ures  6 or  7
plot.inla( spati otemp, 

plot.f ixed. effect s = T RUE, consta nt=FA LSE,
plot.l incom b = TR UE,
plot.r andom .effec ts =  TRUE,
plot.h yperp aramet ers =  TRU E,
plot.p redic tor =  TRUE,
plot.q  = TR UE,
plot.c po = T RUE)

#11.#  Extr act t he S PDE p aramet ers,  poin t and  inter val e stim ates
tauconf =  exp( spati otemp $summ ary.hy perp ar[2,])
kappaconf  = exp (spa tiotem p$su mmary. hype rpar[3 ,]/2 )

tau = exp( spati otemp$summ ary.h yperp ar[2 ,"mean "])
kappa = ex p(spa tiot emp$su mmary .hype rpar [3,"me an"]/ 2)

#12a .# Get  the  spat ial pr ecisi on ma trix  (QS) see equa tion  section  2.1  and 2 .3
Q = inla.s pde.q uery (spde 123, p recis ion= list(t au=ta u, 
kappa2=kap pa^2) )$pr ecision

#12b .# Ref erenc e po int f or cov arian ce/c orrela tion  compa riso ns:
ref.s = (w hich. min( (mesh 123$lo c[,1] -mea n(rang e(mes h123$ loc[ ,1])) )^2 +

(mesh 123$lo c[,2] -mea n(rang e(mes h123$ loc[ ,2])) )^2))

#12c .# Cal culat e co varia nces ( S) an d co rrelat ions  (SS):
S = solve( Q)
SS = diag( 1/sqr t(di ag(S) )) %*%  S %* % di ag(1/s qrt( diag(S )))
D = as.mat rix(d ist( mesh1 23$loc ))

#12d .# The oreti cal  Matér n cor relati ons  and co vari ances:
dd = (0:10 00)/1 000
SS.theory  = (dd *kap pa)*bessel K(dd*k app a,1)
SS.theory[ 1] = 1
S.theory =  SS.t heor y/(4* pi*kap pa^2) /tau ^2

#---- ----- ----- --- ------ ------ ----- --- ------- ----- ----- ---- ------ ---- ---#
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#13.# Pre dictio n, p lottin g pos terio r pr edict ion ma ps fi gure  4

## Calcula te ma ppin g bet ween t riang ulation ve rtice s an d gri d poin ts:
## Resolut ion f or g ridded  outp ut wa s di ms=c( 300, 300)
proj = inl a.mes h.pr oject or(mes h123,  dim s=c(3 00,300 ))

## Constru ct gr eysc ale p alett e func tion:
my.grey.pa lett e = f uncti on (n, ...)  { re turn  (grey. colo rs(n, 0.05,0 .95,. ..))}
## Us e it:
my.palett e = my .gre y.pal ette

## Constru ct ma p da ta ap propri ate f or e asy p lottin g:
mm = calc. map(m ap)

## Plot re sults :

par(mfrow= c(1,2 ))
## Map res ultin g po steri or mea n fie ld t o a g rid:
plotdata =  inla .mes h.pro ject(p roj,  spat iotemp $summ ary. rando m$hhi d[,"me an"])
## Plot PM  cont ours:

postmap =  (leve lplo t(row .value s=pro j$x,  colum n.val ues=p roj$ y, x=p lotd ata,
mm=mm, p anel= level plot map,
col.reg ions=m y.pal ette,
xlim=ra nge(pr oj$x) , yl im=r ange(pr oj$y) , as pect=" iso" ,
contour =TRUE,  cuts =11 , label s=FAL SE, p rett y=TRUE,
xlab="E asting ",yla b="N orthin g", m ain=" Post erior  mean  for 

zero infla ted P oiss on"))
plot(postm ap)

## Map res ultin g po steri or sta ndard  dev iatio n fiel d to  a gr id:
plotdata =  inla .mes h.pro ject(p roj,  spat iotemp $summ ary. rando m$hhi d[,"sd "])
## Plot st d.dev . co ntours:
#dev.new()
postmap2 =  (lev elpl ot(ro w.valu es=pr oj$x , colu mn.v alues= proj $y, x= plotd ata,

mm=mm, p anel= level plot map,
col.reg ions=m y.pal ette,
xlim=ra nge(pr oj$x) , yl im=ran ge(pr oj$y) , as pect=" iso",
contour =TRUE,  cuts =11 , label s=FAL SE, p rett y=TRUE,
xlab="E asting ",yla b="N orthin g",ma in="P oste rior s tanda rd 

deviation  for z ero  infla ted Po isson "))

plot(postm ap2)
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