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Abstract

Background: South Africa accounts for more than a seventh @fgibbal population living
with HIV/AIDS and TB, and ranks highest in HIV/TB®-¢nfection worldwide. Consequent
high child mortality is exacerbated by child mahitian, which is an important indicator of
health status and is associated with morbidity @l as mortality. Rural areas usually present
with the greatest burden of morbidity and mortaljtgt the extent of geographical disparities
in child mortality, malnutrition and HIV/TB has tily been explored. This is a reservoir of
information useful for effective public health intentions. In this thesis we investigated the
factors associated with childhood HIV/TB mortalkiyd malnutrition, how they interrelate
and their spatial distribution in the rural Agincosub-district located in north-east South

Africa close to the border with Mozambique.

Rationale: Africa at large lacks data that are routinely aglthbly collected then validated, to
guide policy and intervention programmes. Causeteaths and even death counts are often
misclassified and underestimated respectively,@salefor children. To bridge this gap, a
health and socio-demographic surveillance systecetéd in the rural Agincourt sub-district
hosts which annually collects and collates dataitah events including fertility, mortality

and migration. These data have been collected 4®@2 to-date and now cover 80,000
people living in more than 16,000 households stmian 27 villages; all households are fully
geo-coded. These hierarchical data allow us toemsddseveral epidemiological questions on
how person, place (spatial) and time (temporahgye impacted on mortality and

malnutrition patterns in children living in the alirAgincourt sub-district.



Objectives: The aims of this thesis were both methodologiodl @pplied:

Methodological
(1) To investigate the presence of spatial autetation in the Agincourt sub-district
and model this using geographical and geo-staigiocedures
(2) To model large spatial random effects accuyadat efficiently
(3) To model hierarchical data with zero inflatadammes

Applied
(1) To investigate childhood HIV/TB mortality deteinants and their geographical
distribution using retrospective and cross-sectidata
(2) To determine factors associated with malnainitoutcomes adjusting for their
multivariate spatial random effects and selecti@s lbor children under five years
(3) To model how the associated factors were ielaied as either underlying or

proximate factors of child mortality or malnutritiausing pathway analysis.

Methods: We conducted a secondary data analysis basedrospective and cross-sectional
data collected from 1992 to 2010 from the Agincaub-district in rural northeast South
Africa. During the period of our study 71,057 chdd aged O to 9 years from 15,703
households were observed. All the data in the shesre for children aged 1 to under 5
except for the chapter 6 (last paper) who were &ged O to 9 years of age. Child HIV/TB
death and malnutrition were the outcome measuregatity was derived from physician-
based verbal autopsy. We investigated presengeatibbautocorrelation using Moran’s and
Geary'’s coefficients, semi-variograms and estim#tedspatial parameters using Bayesian-
based univariate and multivariate procedures. Rsgre modelling that adjusted for spatial
random effects was done using linear regressiorzarainflated variants for logistic,

Poisson and Negative Binomial regression modetsctiral equation models were used in



modelling the complex relationships between mudtigkposures and child HIV/TB mortality
and malnutrition portrayed by conceptual framewoRisk maps were drawn based on
spatial residuals (posteriors) with prediction @gkng) procedures used to estimate for
households where no data were observed. Statistieaénce on parameter estimation was
done using both the frequentist; maximum likelih@stimation and Bayesian; Markov Chain
Monte Carlo (MCMC) directly and sometimes aidedwhetropolis Hastings or Integrated

Nested Laplace Approximations (INLA).

Results:The levels of child under-nutrition in this arearee6.6% wasted, 17.3% stunted
and 9.9% underweight. Moran’s (I) and Geary’'s @ftcients indicated that there was
global and local clustering respectively. Estimatederity of spatial variation using the
partial-sill-to-sill ratio yielded 12.1%, 4.7% at6.5%, for weight-for-age, height-for-age and
weight-for-height Z-scores measures respectivelgtevhal death had the greatest negative
impact on child HIV/TB mortality. Other determinanhcluded being a male child and
belonging to a household that had experienced phelltieaths. A protective effect was found
in households with better socio-economic statusvemere older children were present.
Pathway analyses of these factors showed that ldtVahsignificant mediator effect and the
greatest worsening effect on malnutrition aftertoaliing for low birth-weight selection bias.
Several spatial hot spots of mortality and maltiotniwere observed, with these regions
consistently emerging as areas of greater riskghwiginforces geographical differentials in

these public health indicators.

Conclusiont Modelling that adjusts for spatial random effecdsa potentially useful
technique to disclose hidden patterfiisese geographical differences are often ignored in

epidemiological regression modelling resultingeparting of biased estimatd.oximate
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and underlying determinants, notably socioeconatatus and maternal deaths, impacted
directly and indirectly on child mortality and maintion. These factors are highly relevant
locally and should be used to formulate intervergito reduce child mortality. Spatial
prediction maps can guide policy on where to begfet interventions. Child interventions
can be more effective if there is a dual focusatireent and care for those already HIV/TB
infected, coupled with prevention in those geogieglhareas of greatest risk. Public health
population-level interventions aimed at reducingcchnalnutrition 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 providingekiground, rationale, literature review,
conceptual framework, thesis framework, specifigotives and methods used in the study.
Chapters 2 to 6 are the published and submittedrpam Chapter 7 | discuss the work
according to three themes, relate my methods aéhfys to other studies, discuss study

limitations and provide concluding remarks incluglthe 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 childrerer five years of age is an essential

indicator of the wellbeing and future of the hummace. Figure 1.1 shows the global
distribution of under mortality divided into 10 egbries. The United Nations (UN) estimated
the global population in 2012 to be about 7.0 dmllof which 12.5% (0.88 billion) would live
in sub-Saharan Africa (SSA) (1). Yet she experismere than 50% of yearly deaths under
five which amounted to 12.4 million deaths in 1@®6pping to 7.4 million in 2010. At the
onset of the 21st century, about 10 million chifdveere dying every year in the world, with
malnutrition a major underlying cause, and withymenia, diarrhoea, neonatal disorders,
malaria and AIDS the main causes (2). African aleiidexperience the greatest burden of
mortality with at least one child less than 5 yalyisg every 3.6 seconds due to starvation
(3). Studies on the causes of these deaths inditladt about 67% of these could be avoided
if the main drivers were either dealt with or catied (4). There are several factors which
lead to child mortality, amongst which malnutritiand hygiene-related morbidity accounts

for about 50% of the deaths, as well as acquiredunodeficiency syndrome (AIDS) and it's
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opportunistic infections like tuberculosis (TB) &/7). South Africa had an under five

mortality of 51 deaths per 1000 in 2010 compareataeaths per 1000 in 1990 (7).

.. Under-5 mortality (per 1000)

B =200 [ 60-79
[ 150-199 W 40-59
] 125149 [ 20-39
[ 100-124 M 5-19
O 80-99 M <5

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

Source: The Lancet Volume 375, Issue 9730, Page882008 (May 2010) (7).

1.1.2 Malnutrition and related mortality patterns

Childhood malnutrition is a useful proxy for chilkllbeing as it associated with mortality,
morbidity and child development (8). Malnutritioocaunted for more than half of the 10
million child deaths that occurred worldwide yedogtween 1990 and 2000 with over 70,000
in South Africa alone (2). Global under-nutritioatfgerns show similarities with mortality
patterns in the sub-Saharan African region as easebn when comparing Figure 1.1 and
1.2. South Africa’s under five malnutrition ratesa003 were 24.5%, 17.0% and 8.9% for

stunting, underweight and wasting respectively (9).
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Figure 1.2: Percentage of global population undernarished.

Source: United Nations World Food Program’s 2004-06eport under-nutrition percentages
1.1.3 HIV/TB and related mortality patterns

About 88% of children infected with the human immadeficiency virus (HIV) and 92% of
AIDS-related deaths in 2010 occurred in Africa @uth Africa has the highest absolute
number of HIV infected persons in the world (5.3liom) with national and antenatal
attendees prevalences of about 18% and 26% resggan 2010 (4). TB is a growing
problem in developing countries, including Southiéd. Africa has the highest incidence of
TB at 345 per 100,000 person years, with TB beintpgor cause of death among people
living with HIV/AIDS in sub-Saharan Africa (4). StiuAfrica is at present faced with the
challenge of implementing more effective TB diaga@sd treatment strategies to curb the
incidence of TB which is above 200 per 100,000p&ating 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 at@fdin the sub-Saharan African region.

The impact of HIV/AIDS on child malnutrition andoé versa is of major concern to the
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public health of developing nations. Malnutriticifieats the human immune system leading
to depletion of disease fighting cells (CD4, T-sglind hence increasing the viral load for
those infected with HIV. Malnutrition also leadsa@eduction in essential macronutrients
(proteins, fats and carbohydrates) and micronusiéntamins A, B, C and zinc) (10-15).

HIV on the other hand affects nutrition by lossappetite, drug side effects such as vomiting
and diarrhoea, and nutrient mal-absorption (1419)5-This situation is compounded by HIV
and TB co-infection and evidence shows that itfiscdlt to simultaneously manage the

treatment of both diseases in malnourished chil{28n

1.2 Problem statement and rationale

TB and HIV/AIDS are among the top public healthe@sh priorities especially in sub-
Saharan Africa. The sub-Saharan African region wbmnstitutes 10% of the world's
population is home to more than 75% (25 millionpebple living with HIV/AIDS in 2010
(21). South Africa has 6.4% (45 million) of the siaharan African population yet accounts
for 22.4% (5.6 million of the 25 million) of peopliging with HIV/TB in 2010 in sub-
Saharan Africa, thus ranking amongst the counti#s highest infection rates (21-23).
South African statistics on the HIV/TB and malntibm burden in children under 5 years are
scanty, and when available they are often comhividdolder children, e.g. the prevalence
of HIV was about 3% for 2-14 year olds (7). At theginning of the Z1century over 70,000
children died yearly in South Africa with malnuioih accounting for more than 50% of these
deaths (2). HIV accounted for over 40% of childtiean South Africa in the year 2000,

with many of them dying without knowing their stat{24).

In public health, identification and quantificatiohpatterns of disease occurrence provide

the first steps towards increased understandingridsvcontrol of the disease (25).
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Public health policy-makers rely on data for alkbma of resources and interventions. The
African continent at large lacks the facilitiesvesll as the expertise to collect validated,
regular and reliable data, as well as the abititgrialyse such data. Therefore, lack of reliable
evidence to guide the selection of interventionssfeecific areas and populations is a major
drawback for effective control of the diseases epidemics. More so, ground breaking and
successful modelling can only be done based on datad For this purpose a health and
socio-demographic surveillance system (HDSS) wagse 1992 in the rural Agincourt
sub-district of Mpumalanga province, South Afri@g). These demographic surveillance
system data, updated once every year, embodyrdreg#its of multilevel (hierarchical) data
structures. In addition all households are geo-dadaich allows the assessment of

geographical differentials.

The need for thorough modelling procedures revgdhe relation between person, place
(spatial) and time, and communicable as well ascmmmunicable diseases, is a top public
health priority. However, there are analytic chadjes, namely the multi-collinearity due to
the multilevel structure, spatial auto-correlateord large size of these data. Geo-mapped
data showing the geographical regions, associakdactors as well as the burden of
disease, can be more convincing tools to presgmlioy makers than text results models

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

2010.Source: The Lancet Volume 375, Issue 9730, Pages 12888 (May 2010) (7).

The public health burden of child malnutrition &dly//TB mortality in South Africa is

critical since mortality has decreased yearly Isg ldtnan 1% over the period 1990 to 2010 for
the country as a whole (figure 1.3) (7). The unded cause of death is usually malnutrition,
as there is a strong two-way interaction betweeaadie and nutritional status (27). Often
malnourished children suffer from poorly managdeddctious diseases such as HIV/TB,
which creates a vicious cycle between communicaitenon-communicable diseases (28,

29).

The impact of HIV/AIDS on child malnutrition andcda versa is of concern in the public
health of developing nations. Knowledge of inteikages between TB and HIV on the
child’s nutritional status may help focus intervens in different geographic regions of the
globe. There is evidence to indicate geographietdriogeneity in HIV/TB mortality and
malnutrition both between and within South Afriganovinces, which has resulted in

stigmatisation of some high prevalence regions. él@s many studies do not cater for this
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important independent factor in the analysis (B@)ll use spatiotemporal Bayesian
modelling techniques in analysing large spatialanate and multivariate hierarchical data
from the Agincourt sub-district. This work can calntite to policy and programme
development in rural parts of developing countgledbally 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 banvaluable for public health policy and
interventions in the country especially if drawarfr reliably collected, validated and well
analysed data. To date global research on, HIVAdraalnutrition research has focused
largely on drug uptake and adherence, drug- dewsdop clinical through clinical trials,
societal integration, personal nutrition, physitahlth and care giving (31-34). Whilst
numerous studies have been done in South Afriaczhddhood HIV/TB mortality and
morbidity risk factors (35-42), and on malnutritigt8-47), these two are seldom studied
together (48). Moreover an increasing number alisginow incorporate the spatial
component descriptively (49, 50) without adjustiogrisk factors in regression. Studies that
have included the spatial correlation in the regjmsanalysis have focused mainly on village
level or cluster analysis (49, 51). In South Afrieav studies have been conducted
spatiotemporal differentials on childhood HIV/TBdamalnutrition cause-specific mortality
differentials. Our studies are amongst the firshonsehold location spatial analysis in South

Africa, dealing with malnutrition and mortality.
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Many epidemiological studies have addressed theopeaaspect, but little has been done in
relation to time and place (spatial or geographpcekimity) and even fewer link all three.
Therefore, a knowledge gap exists on how to spatiak mortality and disease impacts on

rural childhood populations.

1.3.2 Child mortality studies: sub-Saharan AfricaH  ealth and Socio-

demographic Surveillance Systems

Many articles have been published on HIV/TB motyah sub-Saharan Africa, but only a
few of these report on children. Subjects discusga@ mainly on the impact of epidemics,
assessing risk factors, measuring efficacy of weietions and identifying high risk clusters.
A study done in Niakhar, rural Senegal showed aedesing trend in child mortality over a
37 year period (52). Spatial analyses on 39 ruHalges in Burkina Faso under the Health
and Demographic Surveillance System (HDSS) ovena year period, showed that village
and distance from the health facility were amoregrtbk factors for child mortality (53). A
seasonal mortality trend was also found in anathety in the same HDSS (54). A
Tanzanian study that used spatial modelling tealesdound that there is a need to adopt
both a group-based and a place-based approacé idehtification of high-risk HIV groups
for interventions. (55). In South Africa’'s rural K&ulu-Natal a study found that the
prevalence of HIV was associated with ethnicitypaur status, and unemployment based on
over 11,000 persons in 700 enumeration areas Ifp@)e Agincourt sub-district of
Mpumalanga province the relative risk (RR) of HIMJal'B has increased ten-fold over an
eleven year period from 3.2 to 32.3 for the pefi882-1994 to 2001-2003 (57). Methods
applied in the analyses were mostly non-Bayesiaedhavhich are limited in catering for

large datasets and spatiotemporal random effe8js (5
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1.3.3 Spatial Epidemiology applications in Public H  ealth research

The discipline of epidemiology deals with the in&atedness between the person, place and
time in the distribution of diseases in the popata(59). In the health field, interest in spatial
epidemiology began with the recognition of mapsiseful tools for understanding potential
causes of disease and areas of high risk. Throtghewages there are examples of diseases
that have been eradicated after their spatial patt@ere discovered. One classical example
of spatial epidemiology is Dr. John Snow'’s study.ohdon’s cholera epidemic in 1854 (60).
Snow’s belief that cholera was transmitted throdghking water was refuted by some.
Brody et al. (61) gives a detailed history of homo® and others demonstrated the role of
maps in the investigation of the 1854 outbreak eDdxamples of spatial epidemiology
include the study of rickets by Palm in 1890 (&2)d Blum in 1948 (63) who showed that
sunlight was a causal factor for skin cancer. Mepent studies have used spatial Bayesian

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

1.3.4 Childhood HIV/TB and malnutrition mortality d eterminants

Child mortality determinants have been classifrgd different groupings over the last three
decades. In the 1980s researchers explored sevieralisciplinary causes of child mortality:
medical, socio-economic and demographic (32). énli®90s these were: fertility behaviour;
nutritional status, breastfeeding, and infant feggdthe use of health services by mothers and
for children; environmental health conditions; aodioeconomic status (34). And finally in
the 21st century these changed to: HIV exposurer;, paternal health; inadequate infant
care; increased exposure to infections; parenthcaregiver mortality; immune system
abnormalities; poor nutrition; reduced breastfegdand antiretroviral exposure (33).
Rutstein et al. (2000) mentions six main risk festor child mortality: socio-economic

factors; nutritional factors; use of health fa@s; environmental health conditions; fertility
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behaviour; and infant feeding (34). The explanat@wyables for our papers will be selected

from these six child specific risk factor categerie

As a way of inter-relating these factors we camfalate a conceptual framework. | adopted a
disease ecology model proposed by Meade (1977) I@RKing at individual, population and
environmental factors. The multilevel (hierarchjaddta structure is considered as the
individual factors belong to the population levattors; these are all in turn encompassed or
impacted by the environmental factors, which arenédr-related. | combined this with the
classical epidemiological causal effects modelssta)g for spatial and temporal random
effects which were among the exposure variables n@diating variable was HIV and the
outcomes were HIV/TB mortality or related morbidstych as malnutrition. Figure 1.4 shows

how I inter-linked these factors in conceptualisihig thesis.

Environment; 17.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.

Spatial

I HIV/TB: Compromised
Population e.g. age structure, immunity and Outcomes: Death or
genetics, nationality, ‘ inability to synthesize q Morbidity
government support structures i i

nutrients optimally
for pregnant women.

Individual behavior: maternal
education, prenatal care, nutrition
and smoking/alcohol during
pregnancy, access to social grants or
other income, maternal age and
maturity.

 inutero, a birthor afterbirth  —— """ End of lfe r study

Figure 1.4: Conceptual framework formodelling 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 themeésdmaern public health policy and

interventions have been extracted:

* Determinants of childhood morbidity: adiposity andlnutrition.
» Direct risk factors of child HIV/TB mortality in aervational cohorts
» Spatiotemporal modelling of mortality and morbidityresource scare

settings.

Tables 1.1, 1.2 and Figure 1.5 detail how the trseln& up with the papers and the fields of

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

Themes Paper 1: Estimating | Paper 2: Impact | Paper 3: Child Paper 4: Child Paper 5: Modelling
spatial variability in | of HIV on HIV/TB spatial HIV/TB large spatiotemporal
adiposity malnutrition mortality spatiotemporal child mortality data

patterns mortality patterns

1. Determinants of v 4 v

childhood morbidity: v

adiposity and

malnutrition.

2. Direct risk factors of v v v 4 v

child HIV/TB mortality v 4

in observational

cohorts

3. Spatiotemporal v v v v v

modelling of mortality v v v

and morbidity in

resource scare setti ng

U
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Table 1.2: Thesis papers titles, status, comparagfeatures and summary of key results.

ed
ed

Paper | Title, type and status Key comparative features of papers: Design, | Analyses methods used and duration of Key result findings

sample-size, number of years, household computing
locations, outcome and explanatory variables

1 -Estimation of multivariable and multivariate Cross-sectional, 648 children from 648 locationsSemi-variogram analysis, Moran’s and Geary’§ The multivariable and multivariate analysis sho!
spatial variability for childhood adiposity three obesity indicators: body mass index, waist spatial-auto-correlations, Univariate and spatial variation. The multivariable models show
measures in rural South African households. circumference and percentage body fat.. Multivariate spatial random effects models. greater variability than the multivariate models,

- Methodology re-submitted to the Spatial Inference done using maximum likelihood with smaller credible interval estimation bands.
Statistics Journal estimation (MLE) and Bayesian based Markov| Obesity is positively correlated with malnutrition
chain Monte Carlo (MCMC).One week and inversely with poverty.
computing duration for multivariate spatial
models.

2 -Spatially adjusted determinants of childhogd . . . | Spatial Multivariate (Bivariate Normal) and . L .
malnutrition in rural north-east South t(:ross—slecttlg)tr_]al, 648 Ch"dr?n from 64:; Ig(lz\?tlor Sstructural equation modelling. Inference done Spat'?l multlvarlaftfe a:dcjjust(;:d SR?IYSZS re\t/eatl_ed g
African households: a multivariate and WO mainutrition z-Scoré outcomes with 1V as using Bayesian MCMC for spatial models (took Jiegative mean €fiect due to and protective
structural equation modelling approach. one of the covariates and mediating variable. days computing duration) and MLE for Structuraleffects with olde_r aged children and mothers, an
-Application, re-submitted to the American equation models. ma_ternal education. Pathway analy5|§ .Of these
Journal of Clinical Nutrition . varlablgs showc-_:‘d 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 Cross-sectional, 6,692 children aged 1-5 yeary A spatial random effects model was done using A conceptual framework based model of
understanding HIV/TB mortality in children:| from 5,084 households in 2004, outcome was | logistic regression model, catering for individugl determinants of child HIV/TB mortality. A
a structural equation modelling approach. | HIV/TB mortality as well as household random effects. 4 hours | protective effect on child HIV/TB mortality was
Application,in press in the journal Global computing duration. The determinants were found with households that; were male headed,
Health Action further modelled using structural equation modelaere least poor and had many inhabitants.

base on conceptual framework.

4 -Space-time confounding adjusted Observational retrospective cohort, 16,844 Zero inflated Poisson and Negative Binomial | Mother’s death increased the risk of mortality
determinants of child HIV/TB mortality for | children aged 1-5, 6 years cumulative follow-up models with discrete temporal effects and spatjaklmost threefold [adjusted hazard ratio=2.93, 95
large zero-inflated data in rural South Africa. years, 8,863 locations, and outcomes were childrandom effects estimated via lowrank kriging. | ClI (1.29;6.93)] controlling for individual,
-Review and Applicatiorpublished in HIV/TB mortality with covariates. Inference was done using Bayesian MCMC household and space-time confounders.

Spatial and Spatiotemporal Epidemiology which took 5 days computing duration.
2011; 2, 205-217.
5 -Bayesian analysis of zero inflated Observation retrospective cohort, 71,057 childreZero inflated Binomial and Poisson models with Greater birth-weight and age had protective effe¢

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

aged 0 -10, 19 years cumulative follow-up yeal
15,703 locations, outcomes were child HIV/TB
d mortality with covariates

sfirst order autoregressive temporal effects and
spatial random effects. Inference done using
integrated nested Laplace approximations
(INLA) and 12 hours computing duration.

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 Gauss
markov random field, in resolving the numerous
household locations. This paper links with paper
and handles even larger datasets.

—

S
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w
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Paper 2:

REV MO

Paper 3 & 4:
Child HIV/TB
spatial/

Impact of HIVV on
malnutrition

spatiotemporal
ortality pattern

MED
Indirect determinants Direct risk factors of
of childhood morbidity child HIV/TB mortality in
and mortality observational cohorts
Spatiotemporal modelling
of malnutrition and
/ mortality \
Paper 1: - Paper 5: -
Estimating MA Modelling large
spatial variability spatiotemporal
child mortality data

on obesity

MO

SP: Spatial, ST: Spatiotemporal, GAU: Gaussian, NGA: Non-Gaussian, FC: Fast computing,

MA: Malnutrition, MO:

Mortality, MED: Mediation, REV: Review

Legend

Paper

Application

@Y

Results of study A used
to strengthen study B, or
directly contributed to

&G— — =B

Experience of conducting
study A influenced the
execution of study B or
indirectly contributed to

theme

theme

Figure 1.5: Framework llustrating thesis structure and methods used: adated from Bjgrnson’s PhD thesis (68).
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1.5 Aim and specific objectives

The overall aim was to determine factors associaftddchildhood malnutrition and

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

demographic surveillance system data from the rugatcourt sub-district The

modelling procedures adjust for the household-lepatial random effects using

Bayesian techniques.

Specific objectives

To measure the presence and extent of univariate anmssp
multivariate spatial variability of adiposity meass

for children living in the Agincourt sub-district,

Mpumalanga Province in 2007.

To determine the spatially adjusted effects ofchlV — wmp
morbidity on malnutrition in children from the

Agincourt sub-district, Mpumalanga Province in 2007

To determine the spatial-temporal trends of HIV/TB  wmp
related mortality for children in Agincourt sub-tiist,
Mpumalanga Province in 2004, and from 2000 to 2005.

To develop a modelling procedure that handleselarg ==,
zero inflated data adjusting for spatiotemporatican

effects.

Paper
Paper 1. Estimation of univariate and
multivariate spatial variability for childhood
malnutrition outcomes from rural South

African households.

Paper & The contribution of spatial analysis
to understanding HIV/TB mortality in
children: a structural equation modelling
approach.

Paper 2 & 4: Space-time confounding
adjusted determinants of child HIV/TB
mortality for large zero-inflated data in rural
South Africa

Paper & 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 Agincoeaith and socio-demographic
surveillance system (HDSS) established in 1992lacated in the rural Agincourt sub-
district in Bushbuckridge Municipality, MpumalanBaovince, northeast South Africa
(Figure 1.6) (26). The HDSS was set up in thattiocamainly due to its remote
location, availability of several clinics and prese of Mozambican in-migrants who
arrived in the early to mid 1980s during the civdr (26). At onset in 1992 more than
57,000 people from nearly 9,000 households locat@@ villages were registered and
followed up annually (57). By 2012 the sub-disties comprised of some 80,000 plus
people living in more than 16,000 households i@atiguous villages. Information at
individual level (infants, children, adults and #derly) is collected once every year
together with other annual census updates, thapitememographic, mortality,

fertility, migration and health data (57).
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Figure 1.6: Agincourt Health and socio-Demographi&urveillance 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 hiei@kcfmultilevel) data structure.

The data collected from the site are for differ@njects, events and modules. The object
tables are: individual, household and location fshwlds and villages) levels. The
events include: births, pregnancies, maternityohystdeaths, in- and out-migrations.
Modules include: child care grants, child morbidagucation, food security, health

care utilisation and household assets (57). Inréidu7, | give a diagrammatic overview
of the multilevel structure and how this links witte three components of

epidemiological research (person, place and time).
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Agincourt Data
Level One 1992 to 2011

Year
Level Two > e.g 2007

Level Three Village
e.g number 10

Household e.g
Level Four number 5
Level Five > Child’s Data

e.g
Anthropometric
data

Figure 1.7: Agincourt sub-district hierarchical data structure.

1.6.2.2 Agincourtresident status, vital event and modules

The annualpdates are done oesident status and vital everttsese include th
household roster, pregnancy outcome, death, migratnaternity history and unic
status (57)Household data collected include the geographazaitionof each
household and villagelemographic data on household head, vital evert®trer

modules including househo assets and food securityegnancy outcome dainclude
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antenatal clinic visits; contraceptive use; dumatioutcome and mode of delivery. Death
and migration data include dates of events andimta Other yearly updates focus on

union status and maternity history.

The HDSS also conducts other modules less fregudnthnnually for some and at
most five yearly. Table 1.3 lists these modulesciwhinclude education, labour
participation, household assets and adult healthctordance with pertinent scientific
questions, other less regular surveys are carued®once-off events. Examples
include screening questions on chronic cough ir81848 one-sided weakness in 2000.
Relevant to this thesis, a nested cross-sectionhi@ometric survey was conducted in

2007 (57).
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Table 1.3: Agincourt HDSS household or individual nedules: objects, events and episodes from 1992 @12. Source (66)

Census year

1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012

Household or
individual level;
target group

Modules
Education
Labour participation
Household assets
Temporary migrations
Child care grants
Health care utilization

Food security
Adult health
Unions
Father support
All social grants
Vital documents
National ID numbers
Cellphone numbers
Other names
Status observations
Chronic cough
One-sided weakness
Pregnancy status
Epilepsy (seizures)

All individuals
=15 years

All households
All households
All households

All (2003);
<5 years (2006);
=50 years (2010)

All households
=50 years

All adults

All households
All households
All individuals
All individuals
All individuals
All individuals

=10 years

= 15 years

Females 12-49 years
All individuals
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1.6.2.3 Verbal autopsy

After every death that occurs in the HDSS, an imésv is held with the closest
caregiver of the deceased, at least one after dé@tha month in keeping with cultural
mourning customs (69). The interview verbal autapsyonducted by a team comprised
of a supervisor and four specially trained fieldkes (57). A locally translated and
validated instrument adapted from that used in hiakSenegal was used (57). An
probing on all symptoms and open ended verbatimildae collected from the
caregiver. Completed questionnaires are given ticakexperts to ascertain the
probable death cause. The cause of death is indepty determined by two medical
experts (or three in the case of discrepanciestkassified according to the World
Health Organization’s International ClassificatimiDiseases (ICD10) (70). The
medical experts classify the probable cause asriymitg immediate and contributory.
The main outcome variable included in this studg @weath due to HIV and/or
tuberculosis (TB) determined by the WHOs ICD10 eédutopsy codes A16-Alor

TB and B20-B24 for HIV.

1.6.2.4 Anthropometric survey and HIV testing

This thesis uses data on 648 deaths of childred adgeyears, each coming from a
different household. The measurement proceduredem@ibed belowl he

anthropometric survey was conducted between Apdlduly 2007 and involve4658

! Al6=Respiratory tuberculosis; not confirmed bacteriologically or histologically ; Al7=Tuberculosis of nervous system;
Al18=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, ragdsaiected from the Agincourt
sub-district. The sampling targetted at least 1ii@leen per sex per year of age.
Those included were permanent residents in they stteh at the time of sampling
and had lived in the study area at least 80 %if ttie time, since birth or since

1992 when the Agincourt HDSS started.

Height was measured using a stadiometer (Holt#), calibrated in millimeters for
all children 2-5 years. For children aged less ttdmonths, length was measured
using an inelastic tape measure in a recumbentigrosin a flat surface. Weight in
kilograms (to one decimal point) was determineth@isi mechanical bathroom scale
(Hanson, UK)Written informed consent was obtained from the pticaregiver for
anthropometric measurements. Anthropometric measemts (WAZ, HAZ and
WHZ) were computed from the heights and weigh@doordance to the global age

specific medians and standard deviations.

HIV testing was carried out using two concurremidaests: Uni-Gold" (Trinity
Biotech, Bray, Ireland) and Determiffe(Abbott, Wiesbaden, Germany), with pre-
and post-test counselling. Additional separatetemiinformed consent was obtained

from the parent/caregiver for HIV testing.

More cetails of the sampling, data collection procedamas 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 éguaear the Mozambican border (24°

49' 0’ South, 31° 15' 0’ East). It covers an arkabmut 420 to 432 square kilometres
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with more than 35 kilometres as the maximum stitdigke distance between two
households. In the HDSS every household is geoetwdiich enables spatial analysis
at household as well as at village level. The hbakkgeo-codes and village centroids’
longitude and latitude data were measured usingthueh Oriented Transverse
Mercator projection (Gauss-Krtiger or Gauss confbpr@gection) coordinate system

(73).

1.6.3 Ethical considerations

The Agincourt HDSS has ethical clearance from thesérsity of the Witwatersrand
(reference number M960720). Community consent vasaimed from civic and
traditional leaders when the site was first essdigld. Individual consent is continuously
renewed at every new visit during the annual cessasad at collection of verbal
autopsy information (26). This PhD work was grardddcal clearance by the
University of the Witwatersrand’s Committee for Basch on Human Subjects
(M081145). The child nutrition data were obtainezhf 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 @osures to the outcome variables to
explain and/or predict with the goal of producindence to inform control measures
and interventiong5). Analysis of hierarchical spatial data dependshoee main

aspects: firstly the type of spatial data, seconabglelling of the spatial covariance
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structure, and lastly the distribution of the om&and manner of adding random

effects (Gaussian and non-Gaussian structures).

Three types of spatial data exist: areal (lattsze)h as village level, point patterns
(locations not fixed but random) and point-leveddegtatistical, locations are fixed over
a continuous space) such as household location(@&taAreal models use
neighbourhood structures based on arrangemerttg ®dcks in the map. Two very
popular models that incorporate such neighbourhiofedmation are the simultaneously
and conditionally autoregressive models (abbresi&&R and CAR respectively)
originally developed by Whittle (75) and Besag (#&pspectively. An essential property
for geo-statistical data is isotropy when the spatorrelation only depends on the

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

Observed HIV/TB mortality data in houses of closexmity share similar risk
exposures as postulated by the first law of gedgraipat near objects are more related
than distant objects (78). Spatial exploratory prhaes often reveal the presence of
such inter-relations (Moran’s and Geary's indeX&8) 80), quantify it (variogram fits
for geo-statistical data and Markov Random fielnlsareal data), while modelling goes
further to enable drawing of smooth maps of mdstalind morbidity (81, 82). Spatial
pair-wise correlations are often modelled basetherEuclidean distance between two
geo-locations. Th#&latérn correlation function is one of severat@metric covariance
structures with parameters that measure rate dfspange (the distance beyond which

spatial correlation may be ignored) and the spa#ahbility (83).Other functions areeh
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exponential (smoothness parametekaftérnis 0.5), Gaussian (smoothness parameter

of Matérntends to infinity) and the spherical which are dssed in chapter tw@4).

Spatiotemporal modelling introduces the time aratiapcomponents either as
covariates (measuring trends) or as single or j@indom effects such as first order
autoregressive Matérncorrelation for the temporal and spatial respetyiy85). Geo-
statistical models were introduced by Diggle etaald they blend well with the two
commonly used modelling procedures - the genaraal models for Gaussian
outcomes and the bigger family of Generalized lime&xed models (GLMMSs) for both

Gaussian and non-Gaussian (86, 87).

Inclusion of the spatial correlation structurehie tnodel is straightforward for Gaussian
models as the structure follows a multivariate rardistribution. As for non-Gaussian
structures these are fit as random effects, silyifar temporal effects. Hence spatial
random effects are fit into GLMMs by assigning agpaeter at each location forming a
spatial column vector with dimensions equal tortbeber of geo-locations. Another
very important aspect of geo-statistical modelismgpatial prediction commonly

known as ‘kriging’ (85), named after a South Afnaaining engineer Krige (88). In
HIV/TB or malnutrition research, spatiotemporal rathithg aims to find factors that
influence the geospatial distributions adjustingtéanporal and spatial correlation and

spatial prediction (kriging) at unobserved locasion
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1.6.4.2 Zero Inflated spatiotemporal models and Bagsian inference

Epidemiological studies with observational countcome data, where thgoportion

of zero counts is greater than expected on the lodshe mean of the non-zero counts,
are on the rise. Handling such outcomes dealinky thi¢ inflation of zeros, requires
the use of zero inflated models by introducingtadaprobability process that inflates
the number of zero points with a weighting to tbaditional distribution. The use of
zero inflated models in epidemiological studies Ib@sn on the increase over the
years (23). Modelling zero inflated models usingMBls requires a linear canonical
predictor function (either logit or log) linked &sther a count (discrete), dispersed
count or binary for Poisson, Negative Binomial aglstic respectively as the three

most commonly used models (89, 90).

Two commonly used statistical inference procedureguentist and Bayesian, can be
applied to hierarchical data. However, the freqsébtased mainly on maximum
likelihood estimation (MLE), views the spatial efte as independent and fixed whereas
the Bayesian views these as random. For multileat the MLE underestimate the
standard errors and overestimate the statistigalfaiance (91). Bayesian based
inference estimate highly parameterized models thighaid of Markov chain Monte
Carlo (MCMC) with variants such as the Gibbs sangplMetropolis Hastings, slice
sampling and reversible jump (20, 92-95). Anothay&sian estimation technique for
Gaussian Markov random fields (GMRFsS) is the Iratept Nested Laplace
Approximation (INLA) (96, 97). Bayesian techniqueso have the advantage of
simultaneously estimating the outcome-exposurdioastogether with the random

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

Geo-statistical random effect models have a pammagteach location, which gives
problems in model estimations when the locatioesaany due to computer’s
instability, slower speed (due to order O(ldrithmetic operations for m locations),
crashing and sometimes it is just not feasibles Pnoblem is also known as the “big
m” or “big N” (85, 98). In MCMC for large spatialdh structures this problem occurs
since the procedure involves repeated inversidgaesafions) of a large NxN matrix as

many times as the iterations.

In an attempt to reduce the computational burdezstmating the spatial random
effects, several approaches have been used: fageFtvansforms, spectral, lattice,
dimension reduction, course fine coupling, predeprocess and lowrank kriging and
triangulation combined with stochastic partial éi#fintial equations (SPDE) (85, 98-
101). For geo-statistical data the most commongduese the predictive process and
lowrank kriging approaches, which estimate theiapparameters using a smaller
number of locations and “representative” locatisag M which are projected on the
full spatial random vector using a linear combioat{M<<N). Two procedures used in
selecting a “representative” sample are the mim-sgace filling algorithm and
triangulation combined with SPDEs. This procedureich is also known as sub-

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

In this thesis several approaches to fit the model® used. We initially described the
covariates stating the measures of central tend@negn or medians) and measures of
variability (standard, deviation, standard errarsamges). Univariate or bivariate
analysis of the non-spatial models followed to datee the risk factors or factors
associated with the outcomes. Those that emergedisant were included in the
multiple variable models, as well as the poterde&hographic confounders that showed
significance from the 90% and the 95% Bayesianibledntervals. Several multiple
variable models were built: firstly adjusting oridr other covariates, secondly
adjusting for covariates and spatial random effebtedly adjusting for temporality and
other covariates (only in chapter six) and finaltjjusting for spatiotemporal random
effects and covariates (chapters 5 and 6). Abapters 2 and 3, spatial multivariate
(two or more outcomes) analysis was performed.c8tral equation models utilising
robust standard errors were also fit for data fapters 3 and 4 using only the variables
that had come out significant from the spatial fpidtvariable models. Selection of
priors for the Bayesian-based models was mainlyredron maximising the data by use
of non-informative priors or weakly informative prs; mostly these were default priors
in the software used which occasionally requiredeadjustments of parameters to fit

better to the data.

Deciding on the final model from all those fit inved different approaches. Initially,
model convergence was assessed by inspectingabeatitic graphical outputs (trace-
plots and density plots), tests of convergencecimgbness of measures of central

tendency for Gaussian data. Secondly, the deviaf@enation criteria (DIC) was used

Introduction Chapter 1 — page 47



in determining goodness of fit of the proposed nt&dais can be defined as “classical
estimate of fit, plus twice the effective numbeipafameters”. This is a technique for
Bayesian model selection for MCMC derived postariodetails on this procedure are
provided in chapter 5 section 5.2.4. Selectionetfds model based on the DIC
basically favours models with the smaller values.idterpretation of this is quite
straight forward: the smaller the effective numbkparameters the more parsimonious
the model and the smaller the DIC the better thdehfit; however the most
parsimonious is not always the best model. Thedhiction of spatial random effects in
the thesis increased the number of parametergimtidels. The interpretation and
selection of “best” models took this into accousitlze 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 publicatte problems
globally, in developing nations and in South Africa

2. Determinants of child HIV/TB mortality and matnition are
interrelated in complex pathways that are ofteroigd in modelling.

3. Spatial temporal modelling in our analysis bafp to adjust for
within-groups correlations in hierarchical dataistures.

4. Agincourt HDSS data provided high quality andlwalidated
data to produce spatial prediction (kriging) magschild
malnutrition and mortality.
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Chapter 2 abstract

Background: Child adiposity is an important indicator of pubfiealth status and
associated with morbidity and mortality. South Aé#iis one of the nations with a high
child metabolic syndrome due to among other caadgmsity. In this paper we
investigated the spatial distribution of three dlatliposity measures in a remote area
north-east of South Africa using univariate andthaatiate spatial random effects

models with covariates.

Methodology: We undertook a secondary analysis of data collefiobed a cross-
sectional study conducted in 2007 on children dgéd/ears. Three adiposity outcome
measure: body mass index, waist circumference arckptage body fat. We
investigated presence of spatial autocorrelatiomgugloran’s and Geary’s coefficients.
Spatial semi-variograms parameter estimation wae dicagrammatically (classical and
robust) and theoretical approaches. We ran unieanmaultiple variable and

multivariate spatial regression models with covatia

Results:Moran’s () and Geary’sd) coefficients indicated that there was positive
global and local autocorrelation (clustering) resprely. We measured severity of
spatial variation using the partial-sill-to-silti@awhich showed a five times smaller
non-spatial variability (nugget) in the multipleriable models compared to the
multivariate spatial model3here was a negative correlation between adiposity
measures and: being males, being wasted and bedsyweight. However better socio-
economic status increased the risk of having reBegibigher body mass, wider waist

circumferences and higher percentage body fat.
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Conclusions:Multivariate modelling adjusting for spatial rand@&tffiects significantly
lowers the unexplained variability and is usefulvindelling natural and biological
processesOur analyses reveal that there are spatial difterem child adiposity levels
even in this small rural area of South Africa. Tdngsographical differences are often
ignored in epidemiological regression modellinguigsg in reporting of biased
estimates. Accurate estimates of important chitdwjn measures are crucial as we near

the end of the millennium development goals in 2@@guide policy and interventions.
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2.1 Introduction

Child malnutrition and adiposity (overweight anceslty) are major global public
health problems listed amongst the 1990 MillennDevelopment Goals (MDGS):
target three on goal one is ‘To eradicate extreavegy and hunger’(102). Poverty on
the other hand results in nutritionally deprivedtdry habits which are usually carried
over from childhood to adult life (103-105). Glolyalieveloped countries have
traditionally the greatest burden of adiposity va@r developing countries have
malnutrition-related problems in children. Contrémythe trends observed in the past
decades, we are experiencing an epidemiologiaasitran which stipulates changes
from communicable to non-communicable causes obidity and mortality in children
and adults in low and middle-income countries. igatoo little or eating too much
comes with a cost as childhood malnutrition ang@aslty are associated with
development of metabolic syndrome in early adulth@i®6-108). Metabolic syndrome
is a cluster of key cardiovascular risk factoroasged with an increased risk of
subsequent diseases of lifestyle such as coromimy @isease, stroke, type 2 diabetes,

dyslipidemia and hypertension (109).

South Africa’s childhood adiposity and malnutriticates are 2.4 - 4.8%, 11.0 - 17.0%,
24.5%, 17.0% and 8.9% for obesity, overweight, tetign underweight and wasting
respectively (9, 110). In Mpumalanga province wharestudy was located rates are
19.5%, 15.5% and 6.7% for stunting, underweightwasting respectively (9). These
figures all show that there are marked malnutritidferences geographically, racially
and across age groups. Understanding of childiheaitdemiology and identifying

areas with the greatest risk, can be effective wegpto saving children's lives. As
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there are differences in childhood adiposity betweeveloped and develping countries,
urban and rural settlements and also within gedacapareas, knowledge of the spatial
distribution of child obesity and overweight cadghi®cus interventions. Few studies

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

Different measures of obesity vary in their accyras they either indirectly or directly
measure body fat. We used three measures of unigétwebesity and overweigh: the
body mass index (BMI), waist circumference andglecentage body fat. The
commonly used BMI is a very useful indirect wayagkessing obesity but does not
distinguish between fat and non-fat weight or iatkcwhere the fat is located (114).
Another indirect measure is waist circumferendggt measures the amount of fat
deposited centrally in the body; this has been shimbe particularly detrimental to
cardio-metabolic health. The percentage body fedfia of total body fat mass and total
body weight; is an even better and more direct nreasf obesity than the former two.
Many studies utilize these measures separatel8-108) but some studies have shown
that a more wholesome perspective is derived whey @re used in combination (114,
115). For example a child who exercises regulantyiacreases muscle mass may be
misclassified as obese using the BMI but propddgsified according to waist

circumference and percentage body fat (114).

Statistical techniques take into account spatiadetations by introducing in the model
either the spatial variables (longitude and lagfuor as spatially structured random
effects. For the latter, the random effects assiimaspatial data are correlated if this is

overlooked as with the former, statistical methofien underestimate the standard
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errors hence significance is overestimated, leattingcorrect inference and predictions
thereafter (91, 116). It is therefore essentidldndle spatial correlation well in analyses
to adjust for and disclose the geographical padtarmd reduce reporting of erroneous

results.

Our main was aim to investigate the presence laenl éstimate the spatial variability
on three adiposity outcomes; separately (univeaad multivariable) and combined
(multivariate) while controlling for demographicdapotential malnutrition related
confounders, for children aged 1-5 years in Agimteub-district , rural north—east
South Africa in 2007. We utilized classical geodyiapl, geo-statistical, frequentist

inference and Bayesian inferences to assess hovihealifferent approaches concur.

The paper is structured as follows: in the mettematsion we describe the study area
and how the outcomes were measured. Then we diviefang on the theoretical
procedures for measuring spatial autocorrelatielesnents of theoretical spatial
correlation models, frequentist inference and Bayemference via univariate and
multivariate spatial modelling. We present and asscour results from using simulated
data and real data, and in conclusion we discusprictical 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 sultridisocated (24° 49' 0’ South, 31°
15' 0’ East) south of the equator or north-eaSaith Africa near the Mozambican
border as shown in figure 2.1. The study was nesttdn the Agincourt health and
socio-demographic surveillance system (HDSS) estadd in 1992.The HDSS follows
some 80,000 plus people living in more than 12 a@@seholds in 24 contiguous
villages covering an area of about 420 square letoes. This study was conducted
between April and July 2007. Included in the stuaye children who had lived in the
area at least 80% of the time since birth. A randample of children was drawn from
each age-sex-village stratum in proportion to theypation size of the village. A total
of 648 children between 1-5 years of age livin§48 households were used in this
paper. Further details of the sampling, samplectiele and the Agincourt site are
provided elsewhere (71, 117). This work was graetédtal clearances by the
University of the Witwatersrand’s Committee for Basch on Human Subjects (No.

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

primary health care facilities.

2.2.2 Measurement of three adiposity measures

A team of 12 fieldworkers was carefully traineddxperts in anthropometric
measurements. To minimise fieldworker variatiorghetieldworker specialised in a
specific measurement and collected the data astwally participants. Coefficient of
variation for anthropometric measurements was detexd before and towards the end
of the study period; on average, the coefficientarfation towards the end of the study

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

Anthropometric measurements were carried out ochdlliren. Height was measured
using a stadiometer (Holtain, UK) calibrated inlmmktres. For all children aged less

than 24 months, the determination of length wasdging an inelastic tape measure in

Chapter 2 — page 57



a recumbent position on a flat surface. Weightiimgkams (to one decimal point) was
determined using a mechanical bathroom scale (Haht#€). These were then used in

computing the body mass index (BMI) using

weight

—) Waist circumference was measured in millimetres
heightxheight

body mass index = (

using an inelastic tape measure at the naturat \(rmidway between the tenth rib and
the iliac crest) with the participant in a standpwgition. All measurements were

carried out according to standard procedures (¥8).1

The right hand side triceps, biceps, subscapuldsaprailiac skinfold thicknesses were
measured in triplets with a Harpenden (John Bulidr indicators Ltd, London) skin
fold calliper to the nearest 0.1 mm and were awedd@19). The four skinfold
measurements averages were used to compute thskiofald by summing the
averages. Body density was estimated using thefldge sum of the four skinfold
measurements as explanatory variables in gendeifisg@mple linear regression
equations (119-121). Once the body density wamagtd, this was then used in
computing the percentage body fat using Lohmanimegn. This is a child-specific
formula similar to the Siri equation, which assurae®nstant protein-to-mineral ratio
on adult’s cadaver body composition (122, 123). Lbleman’s formula for

prepubescent children, that caters for their loma@re-mineral content and higher water

5.30
density

content, used waRercent body fat = ( — 4.89) X 100 (123, 124).

2.2.3 Spatial autocorrelation measures

The Moran’s [) and Geary’sd) coefficients were used to investigate the presefc

global and local clustering or randomness or dspar Inference on these two statistics
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comes from approximate tests based on the asymjglistribution ofl andc, which
both tend to a normal distribution as n (total sEnhimcreases.

n n
n Liz1 Lj=1 Wi jZiZj

I =
n 2
w Y1

2.1)

wherez; is the deviation of a nutritional score from adtioni(z; = Y; — Y), w; ; is the
spatial weight between locations i and j, #id= }.i"; Y7.; w; ; is the aggregate of all
spatial weights. The null hypothesis (no spatiabeorrelation) is such that the
population is normally distributed with me&it/) = —1/(n — 1) and variancé (I)

(79, 80). Interpretation of Moran’$ € [—1,1]) coefficient depends on one of three
possible outcomes:> E (I) indicates positive autocorrelation and suggesis th
neighbouring values have similar deviations (clustg, I close to zero indicating no
spatial autocorrelation (random) and negative autetation/ < E (1) which implies
dispersed neighbouring values (125). The Moraregtecplot is also used in verifying
the results obtained from the computation, sineestbpe from the line of best fit using
method of least squares is also the Moran’s caeffi¢ from standardized values (126,
127). There has been some advancement of the Maoeagfficient resulting in a
weighting adjusted modified Moran’s coefficientwWever this has not been used in our

study (128).

In computations of the Moran’s coefficient showr(1), the cross-product; z;) is

based on the deviations from the mean for the ®algcations. When this is based on
the actual values from the locations divided by teobtain the Geary's € [0,2]
statistic for investigating local autocorrelation:

_ (n-1) Z?=1 Z?=1 Wi,j(yi_yj)
- n 2
2W Xz 2

2.2)
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The null hypothesis of no local spatial autocotietais such that it follows the
standard normal distribution with sample médn) = 1 and varianc& (c¢) (129).
Interpretation of Geary’s coefficient,< E (c) for positive local autocorrelation
(clustering) withc=0 implying perfect positivez=1 no local spatial autocorrelation
(random) ana > E(c) for the negative local autocorrelation (dispersioith c=2 for
perfect negative (125). Statistical significanceldoth coefficients can be ascertained
using p-values smaller than 0.05 or whether thelabs standard normal (Z) values are

greater than 1.96.

2.2.4 Semi-variogram spatial parameter estimations

Spatial correlation between adiposity measuresestisated graphically using
parametric semi-variograms. Our standardized muat Z-scores had zero means and

assumed to be strictly stationary such that comagdetweer (s;) andY (s; + h) was

zzvl(h) Z?;(;l)[y(si) — Y (s; + h)]? with N(h) the

given by the semi-variograp(|h|) =
number of sampled points of distance (lag) lergtRigure 2.2 (left) shows the

distribution of all the possible distance paireur data. Parametric semi-variograms
increase monotonically reaching a peak (sill) edrege p = 1/¢) with spatial variance

known as the partial-silbf?) and non random starting varianceia0) known as

nugget(z2) 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 expdrariequation 2.3) and the Gaussian

(equation 2.4). The distance beyond which the apdéipendence would be negligible
(95% of the sill) is known as the effective (or¢real) range which ig. = % = 3¢ and

Te = g = /3¢ for the exponential and Gaussian respectively. &ffextive range is the

distance beyond which the correlations are equaf tower than 0.05

0if || =0

y(h) = In| (2.3)

12 + 02 (1 — exp (—?)> if |lh| >0
wheret? is the nuggety? is the partial-sill (spatial variancdh| is the Euclidean
distance between two locations gni the ranged = é). Similarly for the Gaussian

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

0if |h| =0
v = 12 + 02 <1 —exp (— ﬁ—';)) if |h| >0 (2.4)

Semi-variograms were fit to the simulated data\ighm section 2.3) and also to our
data using classical and robust approaches. Sgcaediit four theoretical semi-

variograms namely; exponential using ordinary lsgstares (Exp-OLS), exponential
using weighted least squares (Exp-WLS), Gaussieny uwsdinary least squares (Sph-

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

For reporting on spatial variability, some authocogjecture that the variance ratios
12 /(1% + 0%) = nugget/sill or? /(12 + 02) = partial-sill/sill are more important for

spatial noise estimation than the range whichmsetomes fixed in the estimations (81,
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82). As such, the partial-sill-to-sill rati@$ /(72 + 02) of <25%, 25-75% and >75%

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

2.2.5 Single outcome spatial random effects Bayesia  n models
Adiposity measures; BMI, waist circumference ancceertage body fat, provide useful
indications of accumulated body fat in the humadyband are often measured

seperated. These adiposity data for each measugecdenoted a¥(s), (i =
1,2, ...,N) at a household location (longitude and latitugé&) 0?, wheres varies

continuously over an ardé®, a fixed subset ofl> 0 D. The spatial and non-spatial

random effects model for th8 {i = 1,2, ..., N) child at locations can be written as:

Y($)= X(9B+4( 9 (2.5)
where X7 (§) is the vector of explanatory variablg8,the vector of regression
coefficients and random effeatgs) = (¢(s1), (53) ... (sy))T~MVN(0,Y)) with

z =0’p(¢) + 1’1 made up of the of spatial (with spatial varian¢eand decayo(¢)

parameters) and non-spatiaf (nugget parameter) random effects.

We fit two single outcomes spatial random effectslais, these were; lowratkkiging
(using a sub-sample of the locations) and gléhbiging (using all the locations) via
Bayesian inference’s Markov chain Monte Carlo (MC)M@rameter estimation§he
lowrank kriging model computes latent spatial randeffects which follow a
multivariate Gaussian random field (GRF) with zstationary mean which are

projected onto an x 1 sub-sample
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©*(s) = (@*(51), *(53) wr..@*(5,))T~MVN(0,¥*). To reduce the computational
burden associated with many locations, also knasvthe ‘Big N’, we estimated

O (S) = Zspar @™ (S) , WhereZg,, the N X n matrix is a product of the covariance matrix
between the sub-sample and the original locatid& x N) and it's variance-
covariance matrif,*(n X n) (85). The variance-covariance matyix follows an

isotropic parametric correlation structure with gephical between-households
varianceo? (partial-sill). For the exponential correlatiorettultivariate distribution

has variancg* = og2exp|[—pd;;| + 1321, whered;; is the Euclidean distance between
households andj from the sub-sample, afid= max; ;||s; — s;|| /0.001 is empirically
estimated from all the locations and then fixete @& spatial correlation decay (82).
The ‘representative’ sub-sample was selected ubmgnini-max space filling criteria
(82, 132). Lowrank kriging predicted for the renaen of 23% (148/648) of the
locations after fitting parameters using the 77@0(648).Whereas the global
(universal) kriging model uses all the geo-locaditm estimate the latent spatial random

effects.

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

For the fixed effects parametefswe assume diffuse priors or weakly informative

Normal priors. For spatial random effects prioredus1 the lowrankriging we had

i - (gl)*)’z*_ld)*) and the independent non spatial

Zaspa

1
P |55 o 5| 2exp (
random (nugget) effects had Normal priors and yben-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 adipositgasures assuming they follow a

Multivariate (Trivariate) Normal distribution:
Y(s)= X' B+aA9 &p.

wherey(s) =[Y(9]%° Is a vector with BMI, waist circumference and @rage body

fat at all householdsf =[£] = and @(s) ~ MVN[O, K(@: s & + | O kIJ]With vector of
spatial decay parametegs=[¢]%=> ,the gn x gn variance-covariance mat,r@(e. s, <)

which should be symmetric and positive definite.

., 0 0
w=| 0 72, 0 |=diaglr? ]
0O O T§,3

To complete Bayesian specification we adopt thernsw Wishart prior

_l i i (K) - - - - -
K Wish(Q™, 3) for the variance-covariance matrix, non informatiVormal priors

B~ NP ,a2P) for the regression coefficients, Uniform priors foe spatial decays

1 1
~U — and an inverse Wishart prior for the matrix of repatial
% {max(dij) min(d; )j P

random effectsV™ ~Wish(Q™’, 3).

To fit this multivariate spatial random effects nebde used all the 648 household geo-
locations (globakriging technique). Estimation of the spatial parameteafayesian
inference’s MCMC employing the Metropolis Hastir{y#H) 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 analysieeva®ne in STATA 12.0 and SAS
version 9.2 respectively (134, 135). Bayesian dlabd lowrank kriging models were
fit using R version 2.12.2 packages (spBayes, nwdgpnd coda) and BayesX
respectively (136, 137). Semi-variogram plots wawee in SAS; simulated data,
Moran’s scatter plots, diagnostic plots, obsenwdig@sity measures contours and maps
were done in R; and box plots of simulated datemedés were generated using
STATA. Bayesian model parameters were fit via Gisdsipling and, where
appropriate, the Metropolis Hastings (MH) withinb@s by Markov chain Monte Carlo
(MCMC) (85). Inference was based on a total of @08,three chain iterations, the first
5000 were discarded as burn-in and to reduce autelation every 28 value was
taken to form a posterior sample of 4000. ModelMengence was assessed by
inspecting the diagnostic graphical outputs (tralogs and density plots), tests of
convergence and closeness of measures of centdartey for Normally distributed

data (138, 139).

2.3. Results

Initially we used univariate simulated data to camgphow well all the approaches we
discussed were able to capture the true valuetoamake comparisons between them.
We then give results of the spatial autocorrelaiimestigations using Moran’s and
Geary'’s indices for the adiposity measures. Themameanalysis on the adiposity
measures based on the techniques that utiliseeaj¢o-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 wittoastant of 1.5, spatial variance
(partial-sill) 5.00, effective range of 1.80 anchrspatial variance (nugget) 2.00
generated using the geo-locations in our real detave assumed our data to follow
either the exponential or spherical parametriaithgtions, model fit was done using the
aforementioned graphical and theoretical procediNesall of our models were able to
capture the true values in the 95% confidence asdilde intervals as shown in table

2.1 and figure 2.3.

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

Simulated data
True value Estimate (95% Confidence/Credible interval)
Partial Sill-spatial variance (ag) Exponential OoLs 5.0(;5.02(2.22;7.92)
WLS 5.0(;5.02(4.08;5.98)#
Gaussian oLS
WLS
Bayesian Lowrank 5.00;5.03(2.48;8.27)
Kriging Global 5.00;4.80(3.02;8.10)
Range(3 x ¢») Exponential oLS 1.8(;1.63(0.05;3.20)
WLS 1.8(;1.99(1.16;2.82)#
Range(v3 X ¢) Gaussian OLS
WLS
Range(3 x ¢) Bayesian Lowrank 3.42 (fixed)
Kriging Global 1.80;1.68(0.79;2.84)
Nugget-Non spatial variance(T?) Exponential oLsS 2.0(;1.68(-1.20;4.55)
WLS 2.0(;1.94(0.95;2.92)#
Gaussian oLS
WLS
Bayesian Lowrank 2.00;2.04(1.73;2.40)
Kriging Global 2.00;2.32(1.93;2.76)
Key:* - significance at 5%, ** - significance 1%,-#raphical ‘better’ fitting semi-variogram estitas.
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Estimation of Nugget Estimation of Effective range Estimation of spatial variance

T T T T T T
Exp-OLS ~ Exp-WLS Sph-OLS  Sph-WLS  Low-rank Global
Test used to estimate

: : : : : [ 95%ClI band @ Estimate : : : :
T T T T T T T T T T T T
Exp-OLS Exp-WLS Sph-OLS Sph-WLS Low-rank Global True value Exp-OLS Exp-WLS Sph-OLS Sph-WLS Low-rank Global
Test used to estimate Test used to estimate

Figure 2.3: Box plots of 95% credible intervals angoint estimates for simulated data.
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Generally, the exponential models captured alpdmameter estimates; the Gaussian
models overestimated the nugget and effective rangenderestimated the spatial
variance. These Bayesian models estimated the hugdlebut gave wide credible
intervals for the spatial variance. In estimatiéthe nugget two models’ point
estimates were very close to the true value an@#yesian lowrank model gave the
narrower credible interval. When estimating theetifze range, the model that fixed the
range model was the worst and the Bayesian modwe afi locations (global) had the
closest point estimate, later we discuss this aaprdurther. Three models were very
close to the partial-sill point estimate and thstlveas from the exponential weighted
least squares (Exp-WLS). Figure 2.3 shows thaGiessian weighted least square
(Sph-WLS or Gau-WLS) performed the worst as it clatgty missed the true value in
two of the three estimates. A similar pattern carséen in figure 2.4 as it leaves out

more of the graphical and robust estimates compardte others.

Empirical and Fitted Semivariogram for Simulated data
>
[0 SRS b I
§ E Ll T I 1 T .
R
g
= { %
’ i
(I] 5I 1ID 1I5 QIO 2I5 3ICI
Distance
=) Classical » Robust Exp_WLS ———— Exp_0OLS ———— Gau_0OLS
——— = Gau_WLS

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

estimates for simulated data.
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These results are based on a model fit using tht@agkriging technique involving all
648 locations. Model diagnostics plots for the {alb burning or thinning) MCMC
posterior sequence are shown in figure 2.5, foNbemally distributed constant a
perfectly symmetrical pattern was observed. Thésts pndicated that the model fit did
very well in capturing the true values. Upon empigythe Heidelberger and Welch's
convergence diagnostics test of model convergeiliciie posterior sequences passed
the stationary test indicating that the samples ugere sufficient for convergence and a
longer sequence was not necessary (140). Lastlgsa inspection of the summary
estimates indicates that the model credible interware able to capture the true

parameter values and the point estimates werewitdlin the true values.

Chapter 2 — page 70



Trace of (Intercept) Density of {Intercept)

o
o
2
-+ 4
o o 4
= o :
o
o 4
a -
T T T T T = T T T T T
10000 20000 30000 40000 50000 -4 -2 0 2 4
lterations N =55000 Bandwidth = 0.07098
Trace of sigma.sq Density of sigma.sq
o
74
w | I
e
84
o | o
o]
w o
o
8 P
T T T T T =0 T T T
10000 20000 30000 40000 50000 0 5 10 15
terations H=55000 Bandwidth =0.1606
Trace of tau.sq Density of tau.sq
o
2 a
i
v | i
o -
[=] a
o -
wr e
4 =1
o | PR .
T T T T T = T T T T
10000 20000 30000 40000 50000 15 20 25 3.0
terations H=55000 Bandwidth = 0.02025
Trace of phi Density of phi
)
a ol
- @
] =
= -
]
=
o
: = —
° T T T T T = T T T T T T
10000 20000 30000 40000 50000 0z 0.4 08 0.8 10 12
lterations N =55000 Bandwidth = 0.0201

Figure 2.5: Diagnostic (autocorrelation and densityplots for simulated data parameters.
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2.3.2 Spatial autocorrelation analysis results

Moran'’s coefficient for spatial correlation of bothass indices showed a significant positive
autocorrelationl(= 0.023 > E(I) = —0.002) (see table 2.2) hence the spatial distribution of
high and/or low values in the BMIs is significanglpatially clustered. Similarly for Geary’s
sample spatial correlatiqie = 0.965 < E(c) = 1.00) which suggests a trend of neighbouring
household values had similar deviations. Analy§iwaist circumferences showed statistically
significant positive Moran’s and Geary'’s coeffidignhence the data were more prone to be
spatially clustered rather than random and sigmifidocal spatial clustering, respectively. The

body fat masses shomore randomness than neither global nor locatetungy 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 thenéaurt sub-district, rural north-east
South Africa, whose average age was 3.15 yearsshghtly more males (50.6%) as
shown in table 2.3. Amongst the explanatory vaeshlere child malnutrition Z-scores
less than -2 which have health significance: 6.788te wasted (WHZ —2), 17.13%
were stunted (HAZ —2) and 10.2% were underweight (WAZ-2). Socio-economic
status quartile indices, computed from househatétasusing principle component

analysis, showed that 19.75% were least poor aréB20were in the most poor

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

Variable Measure Index Expected value Standard deviation Z; p-value
(N E(l) sd(l)

Body mass index Moran’s 0.023 -0.002 0.007 3.p48.001
Geary's 0.965 1.000 0.023 -1.562; p=0.059

Waist circumference Moran’s 0.011 -0.002 0.007 Q;820.034
Geary’s 0.969 1.000 0.015 -2.166;p=0.015

Body fat mass Moran'’s -0.002 -0.002 0.007 0.029488

Geary's 1.000 1.000 0.016 0.029;p-0.488
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categories. In the following subsections we givergsults from the geostatistical
exploratory analysis (autocorrelations) followedtbg univariate and multivariate

geostatistical Bayesian analysis.

2.3.4 Spatial multiple and multivariate results for three adiposity

measures.

The three adiposity measures were correlated sia¢thBMI and waist circumference
(r=0.2381,p<0.001); BMI and body fat mass (r=0.43%30.001) and waist
circumference and body fat mass (r=0.2697,p<0.08datial investigations using
multiple variable and multivariate models showedenariability (12% vs 47%
partial-sill-to-sill ratio), smaller nuggets andwler decay with the latter multivariate

models.
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Table 2.3: Body mass indices descriptive statisticEnivariate, multiple variable and spatial multiple and multivariate results

Descriptive measures

Single outcome models

Seveoatcomes models

Variable and Summary statistics| Univariate regression Spatial multiple Multivariate multiple Spatial multivariate multiple
categories Coefficient (95%Cl) regression Coefficient | regression Coefficient | regression Coefficient (95%3Cl)
(95%BCI) (95%BCI)
Sex - Male 328(50.62%) ref ref ref ref
Female 320(49.38%) -0.47t -0.76 -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 -0.54f -0.6f -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 -1.6p*2.16| -1.17| -1.69*| -2.22| -1.16 -1.69* -1.78 -1.60
Socio-economic | 134(20.68%)
status Most poor ref ref ref ref
Very Poor 129(19.91%) 0.05 -0.41 0.51 0.100.25| 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 0.250.11 0.61 0.16| -0.21 0.53 0.25* 0.19 0.32
Poor 129(19.91%) 0.15 -0.31 0.61 0.250.11| 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° | 2.99x10°| 4.10x10°

*:-significant at the 5% level; ref:-reference (&t@ent equal to 0); Cl:-confidence interval, BéBayesian credible interval
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Observed Body Mass Indices Posteriors multivariate Body Mass Indices

@ | o

A ®
(g ol SN . g{ e
k% @ Df?@ ) / S@S@%C)
G\ T - ) F oz

Northing (k)

\

5

)
o

0,

(Gs h@\
/

Northing (k)

)
Z @V‘“'\}Jobv Ly = o -
®' el 2 > 126,
£ e (7 /<V/AQ & (2 .
“ J T~ y QY- 1281
(j %{‘5/ & " & 5
9 9 Fx

Figure 2.6: Observed (left) and spatial multivariae posterior (right) maps and
contour for body mass indices for children in Aginourt 2007.

Several factors were significantly associated itiiorsening BMI: being female, older
child age, childhood wasting, being underweight betder socio-economic status (table
2.3). Figure 2.6 (left hand side) shows the obskBMIs of two northern areas, with
significantly higher and one region north-eastéiyg significantly low BMI. These
patterns are consistent with the low spatial autetations of BMIs highlighted in
section 2.3.2. The BMIs posterior maps figure 2ighf) adjusting outcomes: waist
circumference and percentage body fat and for catesr child’s gender, age, wasting,
underweight and better socio-economic status. ifldisated several areas predisposed
to lower (blue areas — cold spots) BMI related asdify compared to those with high

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

Descriptive measures

Single outcome models

Sevenaltcomes models

Variable and Summary Univariate regression Spatial multiple Multivariate multiple Spatial multivariate multiple
categories statistics Coefficient (95%Cl) regression Coefficient regression Coefficient regression Coefficient (95%BCI)
(95%BCl) (95%BCI)
Sex - Male 328(50.62%) ref ref ref ref
Female 320(49.38%) -7.97* -13.1 -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 -3.3314.61 8.1 -2.04| -14.15| 10.09 -3.28* -3.55 -3.00
Stunted - No 537(82.87%) ref
111(17.13%) -22.09*| -28.72 -
Yes 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
66(10.19%) -29.65* | -37.86| -
Yes 21.44| -22.61*| -32.64| -12.68| -22.78*| -33.4| -12.19 -22.61* -22.85 -22.38
Socio-economic | 134(20.68%)
status Most ref
poor 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 17.21 542 -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° | 2.99x10° | 3.00x10°

*:-significant at the 5% level; ref:-reference (ffoment equal to 0); Cl:-confidence interval, BéBayesian credible interval
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Observed Waist circumference Posteriors Waist circumference
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Figure 2.7: Observed (left) and spatial multivariae posterior (right) maps and

contour for waist circumferences for children in Agncourt 2007.

Similarly for waist circumference had several fastsignificantly associated with a
worsening adiposity such as being female, eldérig@age, childhood wasting, being
underweight and better socio-economic status, showable 2.4. Figure 2.7 (left hand
side) shows the observed waist circumferences sloowe north-easterly and south-
westerly regions with significantly moderate tothadiposity measures. However the
prediction posteriors map in Figure 2.7 (right)wbdhe predicted waist circumferences
show several north-easterly and south-westerlyoregwith significantly lower

adiposity measures. It appears that waist circuenfar adjusting for outcomes BMI and
percentage body fat and for covariates: child’sdgenage, wasting, underweight and

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

Descriptive measures

Single outcome models

Seveoatcomes models

Variable and Summary Univariate regression Spatial multiple Multivariate multiple Spatial multivariate multiple
categories statistics Coefficient (95%ClI) regression Coefficient | regression Coefficient | regression Coefficient (95%BCl)
95%BClI) 95%BClI)
Sex - Male 328(50.62%)| ref ref ref ref
Female 320(49.38%) -6.277 -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 2177 272 -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*| -7.120 -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 -3.00*-5.45| -0.58| -2.99| -5,55| -0.43 -2.99* -3.10 -2.89
Socio-economic | 134(20.68%)
status Most poor ref ref ref ref
Very Poor 129(19.91%) | 0.41 -1.59 2.40 0.80-1.44 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 -1.720  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° | 2.99x10°| 3.00x10°

*:-significant at the 5% level; ref:-reference witbefficient equal to 0; Cl:-confidence intervalC B-Bayesian credible interval

Chapter 2 — page 78




Observed percentage body fat Posteriors percentage body fat
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Figure 2.8: Observed (left) and spatial multivariag posterior (right) maps and

contour for body fat masses for children in Agincout 2007.

The observed percentage body fat spatial distobutr hot spots was very similar to
that of the BMIs, which also had the better paisevcorrelations. However they
generally are less clustered (more random) thaBhks as shown by the insignificant
Moran’s and Geary’s indices in table 2.2. The petage body fat adjusted (for BMIs
and waist circumference) posterior map shows seweld spots adjusting for
covariates: child sex, age, wasting, underweiglainotrition and socio-economic

status.

2.4 Discussion

In this paper we demonstrated that there are difigs in spatial variability on three
adiposity measures for children aged 1-5 yearssmall rural area in South Africa. The
multivariate analysis adjusting for the other sanibutcome measures as well as
covariates indicated that that gender, age, mafiutindicators (underweight, stunted

and wasted) and socio-economic status. Similarfgedhave also been found in other
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studies (141-144), however they did not adjustni@niboth outcomes and covariates
whilst fitting a spatial random effect model. TiBsan emerging discipline in

epidemiological studies.

It is evident in this area that there are severel$eof adiposity mostly for those

children residing north-easterly and also on thdlsevesterly parts. This information
can be used to inform how interventions for theanee administered to obtain the most
effective public health impact. Such knowledge akmo better the manner in which
analysis is done and how morbidity/mortality data @ported for this area and beyond.
Often regional (country-specific) estimates areortgrl which mask the true estimates

resulting in under or over estimation of diseasesmortality.

We also demonstrated that semi-variogram fittindata is an interactive process where
the modeller has to visually assess how well tkeritical models fit to their data.

Often all parameters may not be estimated well gh@nd sometimes stricter
assumptions have to be made to settle for a ghlveorétical model. The technique we
used to estimate then fix the spatial range pammheis been favoured by some authors
because often convergence of the range is vengulifto attain (145). This is because
its’ very sensitive to the fitted theoretical distrtion, as our graphical semi-variogram

analysis disclosed.

2.5 Conclusion

Geospatial analyses maps can guide to furtherpthdgtudies to determine major

causes of adiposity in areas of high HIV/AIDS, tethconditions and poverty. With
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less than three years to the end of the MDGs (irbPthere is need for more accurate
reporting of morbidity and mortality in member ctugs as this impacts on allocation

of global interventions and accuracy of burdenisédses.

Epidemiological modelling catering for spatial rand effects has been getting
increasingly more complex due to the nature oftidt@ (large) and interrelatedness of
outcomes and explanatory variables. Our study bagdstrated that a univariate as
well as multivariate model can be used and theltsesill be comparable. Lowrank
kriging is a potentially very useful technique to handbrge” spatial dataset it
performed considerably well and yielded similautesto estimations based on all geo-
locations (globakriging). When several correlated outcomes are in coretider

spatial multivariate techniques that can handlé satations are available using
software from the public domain. This allows usrtodel biological or natural
processes in accordance with their original sted@grties. In conclusion we propose
that geo-statistical modelling has a great potemtipublic health research and can be
effectively used by researchers to inform policykara and on high and low risk areas

for interventions.
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Chapter three abstract

Background: The extent of geographical disparities on childhowlnutrition and effects of
HIV has hardly been explored, yet it is a reserebinformation for effective public health
interventions.

Objective: Our primary aim was to determine factors assogiafti¢h two malnutrition
outcomes (weight-for-age and height-for-age) adjgdor their multivariate spatial random
effects. Secondarily, pathways linking independaators, HIV and malnutrition outcomes,
were examined. We tested the hypothesis: “HIV dstahild growth controlling for other
factors and household spatial random effects”.

Design: We analyzed data from a cross-sectional anthropansairvey of 648 children aged
1 — 5 years collected in 2007. We employed a Bayesiultivariate spatial model to
simultaneously analyze the two indicators of childinutrition. To assess the mediator
impact of HIV on correlated malnutrition outcomeslather explanatory variables,
structural equation models were used.

Results: Spatial multivariate adjusted analyses revealedgative mean effect due to HIV
and protective effects with older aged children amadhers, and maternal education. Pathway
analyses of these factors showed that HIV hadrafgignt mediator effect and the greatest
worsening effect of -0.55 (95% CI: -1.09,-0.02) a@b1(95% CI: -0.98,-0.24) for weight-
for-age and height-for-age z-scores respectively.

Conclusions:Child malnutrition interventions can be more efifexif there is a dual focus
on those HIV infected and the geographical areagedtest risk. Public health population
level interventions aimed at reducing child malitiatin 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 Maeing and is associated with mortality,
morbidity and child development (112). Malnutritiaaocounts for more than half of the 10
million child deaths yearly worldwide (146). HIV @malnutrition are major problems in
children of the sub-Saharan Africa region. The iotjpd HIV/AIDS on child malnutrition
and vice versa is of paramount concern in the putgalth of developing nations.
Knowledge of inter-linkages between the HIV virmgldhe child’s nutritional status may
help focus interventions in different geographigioas of the globe. South Africa has more
than two million AIDS orphans (2). Malnutrition i@tors in South Africa a 2008, ranged
from 8.7% to 23.9 % for children underweight anghstd respectively (147).

The association between HIV and malnutrition is-tmany, usually modelled as a vicious
cycle. Malnutrition affects the human immune systeading to depletion of disease fighting
cells (CD4, T-cells), increased viral load, redoctof essential macronutrients (proteins, fats
and carbohydrates) and micronutrients (vitaminB AC and zinc) (10, 12-15, 148). HIV on
the other hand affects nutrition by loss of appetitrug side effects such as vomiting and
diarrhoea and nutrient mal-absorption (14, 16,148, 150).

Several studies have demonstrated that anthropienretices (weight loss, stunting and
wasting) were associated with increased risk oboistic infections and lower life
expectancy regardless of the infection staging{11%2). Analyses of child growth using the
anthropometric indicators, height adjusted for @d&Z), weight adjusted for height (WHZ)
and weight adjusted for age (WAZ), are usuallyiedrout independently. Human growth is
however multidimensional, the child grows in hejgide and weight simultaneously, yet

analytic procedures often ignore this correlation.
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Geographical variation in child growth has beerestigated in the past ignoring the impact
of HIV (111, 113, 158). Limited earlier work hasallooked at child growth using
multivariate Bayesian spatial areal models knowthasnultivariate conditional

autoregressive (MCAR) (159).

To our knowledge no single study has simultaneoessiymined how malnutrition risk factors
interlink (correlations, direct and indirect effecas well as adjusted for household spatial

random effects, hence this study is among thetbrgb so.

In this paper our primary aim was to determinedexcassociated with two malnutrition
outcomes -WAZ and HAZ - adjusting for their multiisie spatial random effects.
Secondarily our aim was to determine the pathwiainlg 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 Sodtlt# in the Agincourt sub-district,
Mpumalanga province, alongside the country's bonddgr Mozambique. Agincourt is a
semi-arid setting, situated in the former Gazankwmeland. The study was nested within
the Agincourt health and socio-demographic suraedé system (HDSS), of the University
of the Witwatersrand, which was established in 1&®&rs the entire Agincourt sub-district.
The Agincourt HDSS follows some 80,000 people kivin 12,500 households in 27
contiguous villages. Health care services are éichih the area: a network of five primary
care clinics refers to a larger public health ceritne nearest district hospital is 25 kilometers

away (71).
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The study is a secondary data analysis based arcdiécted between April and July 2007

from 4658 children and adolescents aged between 1 apda26, randomly selected from
the Agincourt HDSS. The sampling targetted at I&é@stchildren in each sex and year of
age. Our analysis was done on 648 children agegleats; figure 3.1 shows how the

sample was obtained.

Children & youth aged 1 to 20 years
(n=4658)
v v
Children and youths aged 5 - 20 Children aged 1 to less than 5 years
years (n=670)
.| Not geo-coded
" (n=22)
v
v v
Children HIV positive Children HIV negative
(n=27) (n=621)

Figure 3.1: Flow diagram of anthropometric survey m@rticipants, Agincourt sub-district

2007.

Anthropometric measurements included height angliteheight was measured using a
stadiometer (Holtain, UK) calibrated in millimeteFor all children aged less than 24
months, length was measured using an inelasticrtegasure in a recumbent position on a
flat surface. Weight in kilograms (to one decimaint) was determined using a

mechanical bathroom scale (Hanson, UKV testing of children aged 1-5 years was
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carried out using two concurrent rapid tests: Upid5" (Trinity Biotech, Bray, Ireland)
and DeterminB' (Abbott, Wiesbaden, Germany), with pre- and pest-tounselling.
Informed consent was obtained from the parent/caeedpr HIV testing of children aged
1-5 years. Ethical clearances were granted by theesity of the Witwatersrand
Committee for Research on Human Subjects, MedM@alFf0244 and M081145petails

of the sampling, data collection procedures and téBting are provided elsewhere (71, 72,
117). This paper uses data from 648 children ageégdars, each coming from a different

household.

3.2.2 Outcomes and Covariates

Our main outcomes were WAZ and HAZ malnutritionioes, generatedsing the World
Health Organization (WHO) 2006 growth standard$iwhite WHO Anthro 2005 program,
Beta Version (160)Several explanatory variables were chosen witmtt®on that they

could be confounders, mediators or effect modifi€hese variables were either child
specific factors (age in years, gender, HIV stabtusastfeeding status, nationality and place
of birth), maternal factors (age group, highestoation attained, reported HIV status), or
household-level factors (access to water, toilétenctricity, socioeconomic status and geo-
locations). Geographical longitudes and latitudesewised in approximating the multivariate

spatial random effects for the households.

3.2.3 Multivariate geo-statistical Bayesian model

We employed a Bayesian multivariate spatial moalsirnultaneously analyse two indicators
of child malnutrition, WAZ and HAZ; these also prd& useful indications of the multi-

dimensional growth patterns of the human body aad#en modelled singularly. We
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modelled the two outcomes of child malnutritiomjly assuming they follow a Multivariate

Normal distribution

Yie ~ MUN(44,,2)
with meang, = [, X+ whereYy = (Vi Yien)' Yi; corresponds to nutritional indicator
related to WAZ (j=1) and HAZ (j=2) for childl= 1,..,n at househol& = 1,..,m. The
matrixZ ={ 0.} models the variances and covariances of the imntzitindicators with
O =COV(Y,,,, Y,,). The parametef, =(53,,,5,,,---43, ) is the vector of regression

coefficients associated with tHegcore andX, = (1, X, X?,...., X )is the vector of

covariates.

To take into account spatial correlation and ran@dfiects we introduce household-specific

random effectsgandé, on the mean structure, thatag = 3 Xy +¢, + &, assuming that

they are latent data from an unobserved isotrqmtial Gaussian processes that is
@~MVNIO, K(g; s $)] with vector of spatial decay parametgrs[g 1= ,the qn x gn

variance-covariance matriK (g;s, s) = amn[D‘}jf,o].( s §6))]a,,, which should be symmetric
and positive definite.
The random (nugget) effects from normal distribagias ~ MVN[O, W]

[_IJ — le,l T12,2
Where 1'22'1 T;,z

To complete Bayesian specification we adopt therise Wishart priok ™ ~Wish(Q®”, 2)

for the variance-covariance matrix, non informatNarmal priors 3, ~ N (1(”,a*?’) for
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1 1
the regression coefficients, Uniform priors for gpatial decay#. ~U —
. max(d; ) min(; )

and an inverse Wishart prior for the matrix of repatial random effectd™ ~Wish(Q, 2)

3.2.4 Structural equation modelling

To assess the mediatory impact of HIV on the cateel malnutrition outcomes and other
significant explanatory variables, structural egquratnodels were used. Variables which
were used as explanatory (exogenous) were motage group, mother’s education and
child’s age. Child HIV status was used as both axaiory and outcome (endogenous),
whilst the malnutrition indices WAZ and HAZ weredaigenous and correlated among them.
Three structural equations were fitted with eacthefendogenous variables as outcomes
together with correlations of some exogenous amdgenous variables. Goodness of global
model fit was determined by the chi-square statiséisting the null hypothesis that the

reproduced covariance matrix has the specifiedtre (model fits the data well) (161).

3.2.5 Bayesian inference and statistical software u  sed

The model fitting was done using Monte Carlo Mark&hain (MCMC) via Gibbs sampling
and Metropolis Hastings within Gibbs sampling wiies conditionals were numerically
intractable (162) (85). Bayesian-based model ttmvolved the inversion of a spatial
covariance matrix with the same size as the nurmbgeo-locations (households). We did
this directly for all our 648 households. A tot&lb®,000 iterations were done with the first
5000 discarded as burn-in, and to reduce autodatime every 28 value was taken to form
a posterior sample of 2000. Model fitting was donR version 2.12.2 (163) using the

package spBayes (164) and preliminary analysestanctural equation modelling was done
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in STATA 12.0 (134). The multivariate spatial motsbk 15 days to run on an 8.0 gigabits

random access memory (RAM) Intel i7 processor @mwWhindows environment.

3.3 Results

3.3.1 Descriptive characteristics of the survey sam  ple

Ages were symmetrically distributed and there walarce in the sexes, maternal age groups
and socio-economic status (Table 3.1). The majbiaty breastfed, were HIV negative, of
South African origin and born in a health facili@Qur investigation of the unsmoothed spatial
distribution of those severally underweight (weifrtage z-score less than -2), stunted
(height-for-age z-score less than -2) and HIV pasits summarised in figure 3.2. This figure
shows that there is a geographical scatter of nidtilon indicators and HIV of children

living in the rural Agincourt sub-district. Almo%0% of the children were underweight; 11%
boys and 9% girls. Effect of HIV on being underwgigias greater in boys (20%) than girls
(11%). More than 17% of the children were stungedooled estimate from 19% boys and
15% girls. HIV had an impact on how tall the chidrwere growing in relation to their age,
such that 30% of the boys and 28% of the girls ke positive and stunted. The

proportion of those underweight was slightly higtiean 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 regressionesults for malnutrition weight-for-age and heightfor-

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) 3.14+1.11 -0.09 -0.03 0.03 0.14 0.21* 0.28
Gendef 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 0% azwaz 0.04 0.23* 0.43
Spatial covariance WAZ, HAZ Owazhaz 0.02 0.42* 0.65
Spatial variance HAZ Gﬁaz_haz 0.05 0.85* 1.11
Spatial nugget WAZ Teazwaz 0.04 0.48* 0.74
Spatial combined nugget WAZ,
HAZ Twaz haz -0.13 -0.07 0.03
Spatial nugget HAZ rﬁaz_haz 0.05 0.08* 0.11
Spatial decay WAZ Pyyag X 1073 2.99 3.00r  3.01
Spatial decay HAZ Phay X 1073 3.00 3.02*  3.03

Key: * significant at the 5% level that is 95% credibigerval not containing zeromean * standard deviation,
“frequency (percentage), 2.50% lower 95% Bayesiedilole band and 97.50% upper 95% Bayesian crebid
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Figure 3.2: Spatial distribution of underweight, stinting 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 variabditg found significant malnutrition
indicators (WAZ and HAZ) and their interaction, vthe greatest on the height-for-age z-
score (Table 3.1). Spatial decay was very simdattie two malnutrition indicators in this
area. Non spatial (nugget) variability was onlygamt for the individual malnutrition levels

but the interaction was not significant.

Spatial adjusted multivariate regression resultk wieight-for-age and height-for-age z-

scores as outcomes showed significant mean desrdasdo HIV and protective effects with
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much older children and women and those whose en®thiere educated as shown in Table

3.1. To find out how the significant determinan&rgvinter-linked to each other and how

they were related to the outcomes, we performeaweat analyses. The results are shown in

Table 3.2andFigure 3.3.

Table 3.2: Path analyses structural estimation redts for variables in figure 3.3

Summary statistics N=648 Results
Structural 95% Confidence
Outcome Independent variable Category mean 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 Statgs,) 0.033** 0.024 0.044
Variance(waz200%2) 1.30** 1.14 1.47
Variance(haz200%3) 1.30** 1.12 1.49
Covariance(waz200%2 ,Error
Covariances haz2005<2) 0.77** 0.65 0.89

Covariance(mumedu ,mumagecat)
Covariance(mumagecat ,ageyear)

-0.026** -0.040 -B.01

0.081**

0.04 0.12

Key: **and* significant at the 1% and 5% level thapivalues 0.01 and 0.0Bspectively
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Pathway analysis revealed a significant mediatad;direct effect of HIV on malnutrition
0 0.77 . . . 110,
outcomes. A 60 @ﬁ) correlation existed between the outcome variadtesalso -13%

and 16% among the explanatory variables mothetisatn and age, and child’s age and

mother’s age respectively.

waz2005
-.86

3.3e-02

haz2005
-1.9

31

ageyear 23
12

Figure 3.3: Pathway analyses structure of malnutribn outcomes, HIV and maternal

factors

We further analysed the data to find out how ttegeificant variables directly or indirectly
impacted on the outcomes (Table 3K®eping other variables constant, HIV reduced the
mean z-scores by greater than 0.55 and upon adjusti multivariate spatial random effects
the impact was more pronounced to greater than(@&®le 3.1). Maternal education’s mean
effect on the correlated weight-for-age z-scores 8&06 direct and 39% indirect (mediation

proportion) whereas mother’s age had an 87% dimedt13% indirect impact.
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Table 3.3: Direct and indirect effects on malnutriton outcomes for children under five from
Agincourt sub-district, rural south Africa.

Outcome Intermediate Exogenous Direct effect| Indirect Total
(% of Total) | effect (% of | effects
Total)
Weight-for-Age | Childs HIV -0.55(100) - -0.55
Z-score status (Positive)
Education level 0.17(61) 0.11(39) 0.28
mother (Educated)
Mother's age 0.28(87) 0.04(13) 0.32
group(25 years)
plus
Height-for-Age | Childs HIV -0.61(100) - -0.61
Z-score status (Positive)
Education level - 0.12(100) 0.12
mother (Educated)
Mother's age 0.29(84) 0.05(16) 0.34
group(25 years)
plus
Child’s age in 0.23(100) - 0.23
years

Similarly, on the correlated height-for-age z-ssorhild’s age had a purely direct impact and
mother’s education purely indirect, whereas mothage had an 84% direct and 16% indirect

effect.

3.3.3 Spatial distribution of malnutrition outcomes

Our results from the multivariate regression anth paalyses revealed that HIV had the
greatest negative impact on child malnutrition oates. From the descriptive map shown in
Figure 3.2, those who are HIV positive are scatta@leover the area with no apparent visible
clustering. However a posterior predictive map Feg8L.4 shows clear patterns of high and
low risk areas of underweight and stunting. Froeséhsmoothed maps (Figure 3.4),
generally stunting is more severe in this area tl&ng underweight; this confirms patterns
shown by descriptive statistics and the unsmoothapl in Figure 3.4. The smoothed maps
show similar areas of negative impact on childho@dnutrition which are north-westerly

area and the diametrically opposite south-east&Hg.northern, central and extreme south-

Chapter 3 — page 96




easterly areas indicated more protective effectmitterweight, whereas the central area was

more protected against stunting.

Posteriors Weight-for-Age z-scores Posteriors Height-for-Age z-scores
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Figure 3.4: Posterior smoothed maps of malnutritioroutcomes in Agincourt, rural

South Africa

3.4 Discussion

In our study we found that HIV infection was theatral direct cause of under-nutrition in
rural South African children resulting in retardgowth and weight gain, a finding which is
generally well documented in the literature (1631 This effect was exacerbated when we
adjusted for maternal education, maternal ageg'shélge and spatial random effects. The
physiological drivers of this impact area compradismmune system and micro and/or
macro nutrient deficient diets (14, 15, 17, 149),16/2-174), which are more severe in poor
rural settings. Several interventional and obsémat studies, mainly from urban settings,
with higher socio-economic status, demonstrateithg@novement in nutritional z-scores upon

uptake of antiretrovirals (ARVs) and nutritionatigher diets (175-179). It is noteworthy that
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all our study participants were treatment naivRY¥'s therapy was only introduced in 2007
in the area.

Our methodological approaches were able to teasthewareas of highest impact and
demonstrate how other risk factors indirectly amdaly impact on nutritional z-scores,
which was not possible by using spatial multivariaggression or structural equation
modelling seperately. Several malnutrition and méthogical studies have used these
modelling techniques (159, 161, 164, 180). Howex®r-have simultaneously disclosed how
child malnutrition risk factors interrelate to eamther, the mediatory effect of HIV and

modeled the seemingly unrelated nature of the ousoas we have done in our study.

Regardless of the strengths of spatial multivaaie pathway analyses, our study had some
limitations. In particular, the cross-sectionaldstulesign limited us to discuss associations
without extending these to causality. A longitudisiady following individuals over time

and then investigating the spatiotemporal pattamishow ARVs have impacted the

nutritional status of the cohort is an importaritife study.

We recommend that for resource-scare areas indiyidammunity level and household
based approaches be used to reduce the levelldfnsainutrition. At community and
individual level we advocate that government sosisaech as child support grants and
prevention of mother-to-child transmission (PMT@Fpgrams be made more accessible
especially in areas of high malnutrition. This wditectly impact on childhood malnutrition
and subsequently on morbidity and mortality. We alsserved maternal age and education
had both a direct and indirect protective effechmainutrition, which persisted even after
adjusting for spatial random effects. Hence indiegagproaches to reducing child

malnutrition, such as community health educati@aahpaigns targeting young mothers and
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promoting knowledge-sharing between more maturen@mdmothers, are important. These
types of interventions have been effective in res®gcarce environments (181-184). A more
focused approach, suitable in severely resourcst@ned environments, would be to
provide health programmes relevant to childhoodiserainly in areas of higher

malnutrition. This, coupled with HIV testing of geant women, will reduce infections and
promote earlier uptake of treatment.

In conclusion, in this study community HIV was la¢ tcentre of poor child growth
independent of geographical location and matemawbfs. Therefore, early interventions to
decrease HIV are important to achieve the Millermibevelopment Goals to reduce the

burden of disease, rate of infections and ultinyatetate an “HIV free generation”.
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Chapter 4 abstract

Background: South Africa accounts for more than a sixth ofdlabal population of
people infected with HIV and TB, ranking her highiesHIV/TB co-infection
worldwide. Remote areas often bear the greatesielnusf morbidity and mortality,

yet there are spatial differences within ruralisgt.

Objectives: The primary aim was to investigate HIV/TB mortaliteterminants and
their spatial distribution in the rural Agincoutlsdistrict for children aged 1-5 years
in 2004. Our secondary aim was to model how theaated factors were interrelated
as either underlying or proximate factors of cmidrtality using pathway analysis

based on a Mosley-Chen conceptual framework.

Design: We conducted a secondary data analysis basedssrsectional data
collected in 2004 from the Agincourt sub-districtrural northeast South Africa.
Child HIV/TB death was the outcome measure derfvath physician assessed
verbal autopsy. Modelling used multiple logit reggi®n models with and without
spatial household random effects. Structural eqoatiodels were used in modelling
the complex relationships between multiple expcsarel the outcome (child

HIV/TB mortality) relayed on a conceptual framework

Results: Fifty four of 6,692 children between 1-5 yearsddid HIV/TB, from a total
of 5,084 households. Maternal death had the giteefiest on child HIV/TB

mortality (adjusted odds ratio=4.00, 95% confidemterval [1.01 - 15.80]). A
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protective effect was found in households withdretbcio-economic status and when
the child was older. Spatial models disclosed tiatareas, which experienced the

greatest child HIV/TB mortality, were those withauty health facility.

Conclusion: Low socioeconomic status and maternal deaths,atagandirectly and
directly on child mortality, respectively. Thesetas are major concerns locally and
should be used in formulating interventions to ahild mortality. Spatial
prediction maps can further guide policy makergsatget interventions where they are

most needed.

Keywords:HIV/TB, child mortality, conceptual framework, spatial analysis, path

analysis, South Africa
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4.1 Introduction

Tuberculosis (TB) and the HIV epidemic are amorggttp public health research
priorities especially in sub-Saharan Africa. Thb-8aharan African region which
constitutes 10% of the world's population is homenbre than 67% (22.9 million) of
people living with HIV/AIDS (185). TB which is prewmtable and curable was
responsible for 25% of HIV related deaths in 2008 mfected 33% of those living
with HIV, as such the World Health Organisation (@Hargets to reduce TB related
deaths by 1 million by year 2015 (186). South Adiscpopulation is about 7.0% (50.6
million (47)) of the sub-Saharan African populatiget accounts for 24.6% (5.63
million of the 22.9 million) of the people livingithh HIV and an estimated 67% of
these have TB , thus ranking as the country witbragat the highest co-infection

rates (185).

Children were affected in two ways: a very highgantion of child deaths (60% in
the year 2000) were attributed to the HIV epide(t&7) and in addition
approximately 1.9 million children were left orpleahby the HIV epidemic in South
Africa (185). The nation at the onset of thé'2&ntury had an estimated 70,000
children (about 25% rate of mother-to-child-transsions (MTCT) ) newly infected,
whereas 10 years later only 10,000 ( 4.5% rate D€V (188)) which is indicative of
an improved and more effective mother-to-child preiwon programs(4). In public
health, determining patterns of disease occurrprmédes the first steps toward
increased understanding of determinants and patgngreater control of the disease
(25). Understanding the associated factors of dhildTB mortality and how these

are geographically distributed is key for effectinterventions.
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Several determinants of child mortality have besported over the past three
decades. In the 1980s, researchers explored calusleidd mortality including

medical, socio-economic and demographic (32). én1t#90s, fertility behaviour,
nutritional status, breastfeeding and infant fegdihe use of health services by
mothers and children, ecological variables andosmanomic status were studied
(189). In the 2% century the focus has been on: HIV exposure, paiernal health,
inadequate infant care, increased exposure totiofe; deaths of parents or
caregivers, immune system abnormalities, poor trtrireduced breastfeeding and
antiretroviral treatment exposure (33). These detents are inter-related and can be
combined into a conceptual (or theoretical) framewdhis combined with spatial
aspects forms social ecological models which arenaponent of the fast developing
systems science that examines multiple effectsrgrdelatedness of social elements
in an environment (190). Analysis of such framevsozkn now be handled with the

aid of structural equation models also known abwway analysis.

The motivation for spatial analysis in epidemiot@dimodelling is based on the
notion that people living in a household and thosgose proximity share similar
exposures which impact on the observed outcomdsIMATB epidemiological
research the focus has largely been on drug dewelop societal integration,
personal nutrition, physical health and care gi\i8@, 33, 189, 191). Country-wide or
region-specific pooled results are often reportistegarding geographical
confounding that often exists. Little has been dimniater-link factors associated with
child HIV/TB mortality or model their impact on a® of residence (households)
(192). The few studies implementing spatial analysive looked across different

infectious diseases (64, 66, 193), used differertysdesigns (cross sectional and
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longitudinal) (50, 194) and on varying levels ofbysis (village, household and
individual) (64, 194, 195). As this is an emergfiayd few studies have focused on
HIV/TB cause-specific mortality assessing geogreghdifferentials in South Africa

over time (195).

The primary aim of this paper was to investigagedause-specific (HIV/TB)
mortality determinants and their spatial (geogrephidistribution in the Agincourt
sub-district of rural northeast South Africa foildren aged 1-5 years in 2004. Our
secondary aim was to model how the associatedrfaatere interrelated as either
direct (underlying) or indirect (proximal) factao$ child HIV/TB mortality using
pathway analysis based on the Mosley-Chen condepamaework that incorporates

social, biological and ecological determinantsiafccmortality (32).

4.2 Methods

4.2.1 Agincourt sub-district data and study design

The Agincourt health and socio-demographic suraedé system was established in
1992 in a remote rural sub-district in the Bushbigie Municipality of Mpumalanga
Province, northeast South Africa near the Mozanioprder (196). There are annual
census updates that collect socio-demographicrirdtion including in-migration and

out-migration, mortality, fertility, health and bekioural data (196).

In this study we extracted data for 2004 descrilairngoss sectional study of
households in the study site. In that year, thenégurt health and socio demographic
surveillance system covered a sub-district poputadif over 70,000 persons living in

approximately 12,000 households scattered througtibuaeighbouring villages.
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There were several health facilities, clinics anggie clinics in the area as shown in

figure 4.1.
\ /
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Figure 4.1: Agincourt sub-district in 2004 showingvillages (dark grey shading)

schools (flags) and clinics and health facilitiexircled white and black crosses).

Cause of death data were obtained through verlapsies conducted on every
recorded death during the year (197). Interviewseweenducted by trained lay field
workers, within one to eleven months after a deaithn the closest caregiver of the
deceased in their mother tongue. Cause of deatlindependently determined by
two medical practitioners; a third was sought &otee discrepancies. Their
consensus cause of death was classified accomlihg World Health Organization’s
International Classification of Diseases 10 (ICD@®8). HIV/TB mortality in

children was ascertained by the reported signsgngbtoms, and in some instances
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this was substantiated by the mother’s cause ahd&88). Over 90% of the HDSS

households were geo-coded thus enabling spatibismsaat household level.

4.2.2 Dependent and independent variables

The study sample included all children aged betwm®nand under five years who
were registered in the Agincourt HDSS between Jgrarad December 2004. The
independent variables used were: child’s gendeiomeality and age, mother’s age,
parity and death, gender of household head, cumeldéaths in household, number
of household dwellers, minimum distance to healthlity and household socio-
economic status. The latitude and longitude of dexisehold were used to construct
the variables for the spatial correlation (randdfaats), based on the straight line
(Euclidean) distances between all pairs of housishdlhe dependent variable was
death due to HIV and tuberculosis (TB) determingdhe WHOs ICD10 codes Al6-
A19® for TB and B20-B24for HIV. The verbal autopsy cannot reliably disfifish
HIV and TB due to low sensitivity and specificithus these were combined in our

analysis (199).

4.2.3 Conceptual framework: determinants of child m ortality

As a way of interrelating child mortality determma we formulated a hybrid
conceptual framework for child mortality determiteaand disease ecology as
proposed by Mosley-Chen and Meade (32, 67). Thpsageh integrates ecological,

social and biological variables in the analysighviihe idea that these determinants

Al6=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 ‘proxim@teermediate or indirect) or
‘underlying’ (direct) variables that impact on HIM2 child mortality (32, 200-202).
Variables are either endogenous (outcome variablesyogenous (explanatory) or
both and these are modeled using structural equataxels. Details of the structural

equation model are given in Appendix A.

a (&

Maternal variables: Mother’s age,
Parity and Mother deceased or

"N

Household related variables:

Socio-economic status, Number -
of deaths in household, Gender
of household head, Total humber - »

of household residents.

N

Ecological variables: Spatial variables,
Distance to Health facility

Figure 4.2: Conceptual framework for modelling chidhood HIV/TB related
mortality: adapted from Meade (1977) (67).
Note: The red arrows reflect a direct effect on tabty and the purple (explanatory

variables) and orange (spatial random effects) arsadepict an indirect effect.

We used the observed variables: child specificherospecific, household related,;
and unobserved (latent) variables: socio-economniatides and spatial (ecological)
variables. We tested the pathways shown in figu2etd measure the direct and

indirect determinants of child mortality for the idgourt sub-district in 2004. Two
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approaches that complemented each other were msed modelling. Firstly we
modelled the HIV/TB mortality determinants for arén aged 1-5 years in 2004 and
adjusted for their spatial random effects. In felato our figure 4.2 we estimated the
direct effects pathways (red arrows) from all categs of the explanatory
(exogenous) variables controlling for confoundem®agst them and their spatial or
geographical effects (orange arrows); resultsHes¢ are presented later in table 4.1
and figure 4.4. Lastly using the significant valesbas outcomes (endogenous) we
determined the indirect (proximal denoted by pugstews) within and between

categories to establish those factors impactinghoid HIV/TB mortality.

4.2.4 Statistical methodology

We modelled the child HIV/TB mortality data to fim@sociated factors and
determine geographic dispariti€tatistical techniques take into account spatial
correlations by introducing in the model spatiatyuctured random effects. These are
usually based on independent observations howesr multilevel correlated
structures commonly used, maximum likelihood estioma(MLE) methods often
underestimate the standard error and thus thetstatisignificance is overestimated
(91). Analysis was done using a geospatial logjtassion model which catered for
individual as well as household level random eHd€86). Inference was done using
classical MLE as well as Bayesian inference teamsdo fit the non-spatial and
spatial models respectively. Bayesian estimatiomeimany parameters was done
using Markov Chain Monte Carlo (MCMC) simulationgiwthe aid of Metropolis

Hastings (MH) steps (85). Geospatial prediction snstpowing the geographical
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coordinates, adjusting for child HIV/TB mortalitggrminants were used in the

analysis.

Data extraction was carried out using Structuredruianguage (SQL), data
management was done in STATA 10.0 (203), and stralcequation modelling was
peformed in STATA 12.1 (Stata Corporation, Coll&ation, Texas USA). The
Bayesian models were fit using software availaléh@ public domain: BayesX
version 2.1 for the spatial modelling and R-crarsimn 2.12.2 for geospatial mapping
using the analysis and mapping packages; maptoaiss, spBayes and Multilevel B-

spline Approximation (MBA) (33, 136).

4.2 .5 Ethical clearance and informed consent

While this study used secondary data the origitualyson which it was based was
careful to consider ethical issues. Verbal inforraedsent was obtained when the
Agincourt health and socio-demographic update reumele conducted and also
when verbal autopsy data were collected from aeclekative of the deceased. To
avoid emotional harm to the interviewee a cultyraticepted period of one month
was observed before the interview was conductesksRof stigmatisation were
minimised through special training of fieldworkens the importance of
confidentiality. This work was granted ethical ckaace by the University of the
Witwatersrand’s Committee for Research on Humarjestd (No. 960720 and

M081145).
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4.3 Results

A total of 6,692 children between 1 and less thgedrs, with a mean age of 2 years
8 months of which 54 HIV/TB-related deaths wereorded in the HDSS in 2004.
There were 5,084 fully geo-coded households witldadn living or dead. Just over
half the children were female (51%) and more thémrd (36%) were born to former
Mozambican refugees. The mean age of mothers wgsét8 and the mean distance
to the nearest health facility was 2.33 kilometiiegble 4.1 shows the results for the
descriptive, univariate and multivariable logit regsion analyses. Maternal death had
the greatest effect on child HIV/TB mortality (Itgi.386 (0.707), equivalent to an
adjusted odds ratio (AOR) of 4.00 (95% Bayesiaulibte interval (BCI) [1.01 -

15.80]) controlling for spatial correlation and ke® all other variables constant.

Multivariable analysis showed three further sigraht predictors of child mortality in
2004; these were child, maternal and householdfgpekdjusting for spatial
correlation and keeping all other variables cortstagre were several significant
determinants of child HIV/TB mortality. Child spécidifferentials showed that boys
were almost twice as likely to die compared tosgflbgit=0.641(0.291) AOR=1.89,
95% BCI [1.07 — 4.36]). As the children got oldeerte was a protective effect against
death; for every year older the child got the likebd of death decreased by about
50% (logit=-0.630(0.137), AOR=0.53, 95% BCI [0.40-70]). Male-headed
households had a 60% lower risk of child HIV/TB matity compared to female

headed households (logit=-0.895(0.30), AOR=0.4% #8_I1[0.23 - 0.74]).
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Table 4.1: Child HIV/TB mortality: descriptive statistics and results of two

multiple logit regression analyses, Agincourt sub-gtrict 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 years 2.77 £1.20 -0.617(0.131)** -0.601(0.146)** -0.680137)**

Gender
Female
Male

Child’s parents former refugee

Yes
No
Mother's age in years

Cumulative household deaths

Mother deceased by 2004
No
Yes

3,379 (50.52)
3,310 (49.48)

2,388 (35.71)
4,299 (64.29)
28.70 +7.59
0.68+0.96;(0-6)

6,634 (99.13)
58 (0.87)

Minimum distance to health facilty 2.33 +1.61

Household size

Gender of household-head
Female

Male

Parity

Socio-economic status quintiles

Most poor

Very Poor
Moderately poor
Poor

Least poor

4.88+2.92

2,434(36.37)
4,258 (6 4.63)
2.12+1.43;(1-10)

1,823(27.24)
1,073(16.03)
1,120(16.74)
1,316(19.67)
1,360(20.32)

0
0.556(0.283)*

0
-0.137(0.280)
-0.003(0.018)
0.684(0.086)**

0
1.508(0.732)*
0.078(0.083)

-0.011(0.048)

0
-0.865(0.418)**
0.085(0.090)

0
-0.112(0.393)
-0.516(0.444)
-0.425(0.406)
-0.458(0.406)

0
0.698(0.303)*

0

1.504(0.867)*

0
-0.880(0.302)*

0
A@291)*

1.386(0)

0
-0.895(0.30)**

Non-spatial variance
Spatial variance estimate

Deviance information criteria

0.10;95%BCI1(0.001,;0.68)

457.26+15.56

@B%BCI(0.001;0.40)
0.04;95%CI(0.008)0.2
B311.65

Significance :*p0.05; ** p<0.01Notes:' meantstandard deviatior, meant standard deviation

(range)). 95% BCI =95 percent Bayesian credibleiasl
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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 whiclable to show unexpected
relationships that may have been overlooked indst@hregression analysis. We
obtained household specific posterior odds ratibglvwere adjusted for child,
maternal and household related variables in théivaulable models. One main
hotspot emerged with high mortality in the nortldl @imere were two southerly areas
with low mortality. The odds ratio posterior mapfigure 4.3 shows the hotspot area
between longitude 20 degrees and 25 degrees atudi¢at2,750 degrees and -2,745

degrees. This area is characterised by the foligvhigher rate of maternal deaths,

Chapter 4 - page 113



more male child mortality, lack of a public or pate health facility and being furthest
from any health facility as shown in figure 4.1.

The results from the conceptual framework analgéhild HIV/TB mortality are
shown in figure 4.4 and table 4.2. All the conndaerows show pathways that were
statistically significance whether directly or irefitly. Being male (logit=5.2 x 1Y)

and older child age (logit=-4.6 x Tpboth impacted directly on HIV/TB mortality
controlling for potential confounders related te thaternal and households variables.
Upon treating male household headship as an exagerasiable this directly
impacted negatively on child HIV/TB deaths (logit=6 x 10°) adjusting for
household variables. Moreover when male headshganandogenous variable the
following household variables indirectly impactedmality: better socio-economic
status and larger household size had a protedfieet €logit=7.7 x 10°) and increase

in household deaths resulted in greater child HB/ffortality (logit=-8.3 x 1).
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Figure 4.4: Conceptual framework pathways resultsdr Agincourt sub-district
child mortality determinants in 2004

Key for variable names: Very poor versus Most p@poor_mostpodr, Moderately
poor versus Most poor{odpoor_mostpogr Least poor versus Most poor
(leastpoor_mostpodr Poor versus Most poop@or_mostpoor)Age of child in
years@ge_ch), Household sizenf_sizg, Cumulative household deaths
(cum_hh_deathy Gender of household hedah(_ gende), mother age in years
(age_mun), mother deceased by 200vdther_deceasgdchild born to former
refugee parents¢fuge), Gender gende,Minimum distance to health facility
(min_dis? Parity (parity), Child deceased in 200dd€ad. Other; the arrows pointing
from the exogenous (explanatory) to endogenouse(akmt) variables and the error

terms ¢) placed on all five endogenous variables.
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Table 4.2: Direct, indirect and total effects of ciid HIV/TB mortality in 2004, Agincourt sub-distric t

Direct effects on child deceased as shown in figu#e2 conceptual framework results

Indirect effect®n
child HIV/TB death

Total effects on child
HIV/TB death

Mother deceased

by 2004

Age of child in years

Very Poor vs Most Poor
Moderately poor vs Most Poo
Poor vs Most Poor

Least poor vs Most Poor
Household size vs Most Poor
Cumulative household deaths
Minimum distance to health
facility

Male household-head
Mother deceased by 2004
Age of child in years

Gender

Mother's age (years)

Parity

Parents former refugee

Intercept

Gender of Child a former Child deceased
household-head refugee
-0.029(0.019) 0.140(0.015%
-0.059(0.020)**
-0.052(0.020)**
-0.111(0.018)**
0.008(0.002)**
-0.083(0.006)**
0.031(0.004)**

-0.0076(0.002
0.027(0.012)*
-0.0046(0.001)**
0.0052(0.0023)*

1.719(0.017)** 1.537(0.011)** -0.002(04)1

0.001(0.000)**
-0.003(0.001)*

0.995(0.005)**

-0.054(0.032)+
2.814(0.054)**

2.6 x 17 (1.6x 10%)™
5x10%(2.1x 10%*
4.0xX“(@.0x 10°)*
8.4%(19.0x10%)**
X519°(2.5x 10°)*
X@.8%2.1x 10%)**
7.72x 10(4.88x 10F)™

1.9%°@099x 10°)*
-7.0x Pp4.0x 10°)™
-2.5x 10%(1.5x 10%"

2.6x 10°(1.6x 109™
4.5x 10%(2.1x 10%*
4.0x 10* (2.0x 10%)*
8.4x 10°%( 4.0x10%**
-5.9x 10%(2.5x 10°)*
6.4x 10%(2.1x 10%)**
7.72x 10 (4.88x 10°)™

-0.0076(0.002)**
0.021@)*
-0.0046(0.001)**
0.0052(0.0023)*
1.9x 10-05(9.99x 18*
-7.0x 10-05(4.0x 1™
-2.5x 10°(1.5x 10%*

+ p<0.10; *p<0.05; ** p<0.01, ns-not significant;! Indirect effects compdias the product along the related pathways.0ex-0.0076-0.14x-0.054-0.0046=2.55 x 10%2.6 x 10*
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Table 4.2 details the direct pathways for child AIB deaths (arrows directly linked to
the red square) and the indirect pathways all ptessoutes for child HIV/TB deaths as
shown in figure 4.4. In our analysis poverty indthg impacted on HIV/TB child
mortality as conferred by two pathways: firstly, lenheadship of households
(protective) and secondly, refugee status (a dekjrolling for child’s age (as shown
on table 4.2 foot note). The greatest direct impacthild HIV/TB mortality was
maternal death (logit=2.7 x TPadjusting for the indirect effects of parity (I6g2.6 x

10°) and mother’s age (logit=6.8 x 1p

4.4 Discussion

In this study we showed that HIV/TB child mortalisyinfluenced by a combination of
child, maternal, household and spatial determingwer the years 2002 to 2005
HIV/TB alone accounted for 34% of all cause-motyadimong the children living in the
area (199). While being male was a risk factoH6v/TB mortality as children got
older, irrespective of sex they were less likelgi®. A major finding in our study was
that maternal death had the greatest direct ingaét!\VV/TB child deaths. A
comparable study in the same area, adjusting ftiadpandom effects at village level,
showed that infants whose mother’s had died (presively of HIV) were at greater

risk of death during the first 12 months of lifetj6

The main source of TB transmission among childreradults, as shown by a study on
a high risk spatial cluster in South Africa withiagidence three times higher than the

WHO levels (50). The most likely cause of HIV iniea was mother-to-child
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transmission. Prevention of mother-to-child trarssitn (PMTCT), using a single-dose
of Nevirapine (sdNVP) administered to the child amather, was found to reduce child
mortality by about 9% in South Africa (204). Fro®02 the guidelines for PMTCT and
ART eligibility have changed compared to 2012. Ehisralso a seven fold lower (from
25% to 4.5%) rate of infection from mother to ctolder the period 2000 to 2010 (188).
Kimani-Murage et al. (2009) found that knowledgechiid HIV status influences the
manner of care-giving as well as acceptance arndkgof community-wide
interventions (205). The mother's survival sigrfitly increases the likelihood of the
child’s survival, a finding that strengthens thereat policy focus on maternal health.
In South Africa a comprehensive three stage protasdeen set up to improve
maternal, foetus, infant and ultimately child sualiduring antenatal care, labour and
delivery and postnatal care (48). Reduction of T&hidity and mortality is the focus
of the WHO 2015 goal of zero new TB infections aedo TB related death (186). The
impact of PMTCT aided by sdNVP, ziduvudine (AZTdafART has also been

demonstrated from evidence gathered from anotkemsrural South Africa (206).

In Agincourt, female headed households had a higiéd mortality compared to those
headed by males. Studies in Tanzania, Zambia angdpo province South Africa
showed similar results (207-209). The pathway amslffigure 4.4) demonstrates that
male headship does not independently lead to loveetality, but is a proxy for better
socio-economic status of households. Main breasevsare usually male with females
having fewer opportunities in the labour market aadsequently earning less. The
absence from the household of a male due to deggérmanent out-migration tended

to impact negatively on household socio-econonatust leading to 90% greater child
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mortality odds (210). In other African countriemdar patterns were observed as men
temporarily migrate within a country or to neighbiag countries due to either pull or
push factors (211-213). HIV/TB deaths have lowehadlife expectancy of working
men from the area who often "return home to dieinfitheir jobs (197). A recent
qualitative study found that a father's unemploytneability to work and reluctance to
provide support were common factors in HIV infeckediseholds (205). From our
pathway analysis (table 4.2 and figure 4.4) we ofegkan indirect impact on child
HIV/TB mortality: as the number of household deatitseased so the risk of child
deaths was higher. This suggests that househottlsavgreater burden of mortality are
more vulnerable socio-economically through losbrefaid winners and high health care
and funeral costs. This compromises a family’sigtiib feed and care for all children,
including those who are HIV positive. We also olisdrthat former Mozambicans are
at greater risk of child HIV/TB deaths, indicatitige need for health care interventions

that target these marginalised and vulnerable mlds.

4.4.1 Strengths and limitations of the study

The strengths and limitations of this paper arewdised in four categories:
classification of exposures and outcomes; locglabal relevance of results;

confounding and effect modification and analysigiaece.

A major strength in our observed variables is thatdata are consistently updated,
corrected and checked for inconsistencies. Nevieghgotentially there are two
variable-related biases namely selection and réadl. Selection bias may occur if

permanent out-migrants differ from residents orgemary migrants which results in
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incomparable groups. Recall bias on the outcomiabarmortality is unlikely as death
is a major household event, however it may affeetquality of the verbal autopsy
(VA) interview, conducted at least one month bugreup to 11 months after death, and

hence the ability of medical experts to assignlal\wause of death .

Our study focused on one sub-district only, but destrated geographical differentials
in child HIV/TB mortality. There was one main hot$pvith highest mortality and a
visible downward trend in mortality moving south@arThese patterns are comparable
to those found in other studies done on the ar4al@b6). While many rural areas are
not geo-coded to enable direct comparison of tramdispatterns, our findings likely
reflect similar patterns in other rural settlemeatitéeast in northeast South Africa.

To deal with confounding variables we used multiglgression and added the spatial
random effects in our modelling and also perforpathway analysis. Mediation was
tested for in the pathway analysis as we determiaetdrs directly and indirectly
related to mortality and malnutrition. However weres unable to model time varying
covariates as this was a cross-sectional studgmulesi

The robustness of our analysis procedures was dgmated in that after catering for
the spatial household random effects we obtaine@war confidence bands compared
to the non-spatial analogue. Therefore cateringhferspatial random effects further
improves the model and parameter estimation cordparelassical statistical models.
Bayesian and pathway analysis combined were alilaridle the complex structure of
hierarchical data from the Agincourt health anda@emographic surveillance system.

Other advantages of Bayesian modelling are théyatwl adjust for spatial
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confounding, ability to handle many parametersiaotlision of prior known

information on the distribution of data.

4.5 Conclusion

The growing field of spatiotemporal epidemiologynigss in person, place and time
aspects in the risk factor analysis. Spatial Bayesiodels provide better fitting models
compared to non-spatial models. This procedureeaiables drawing of risk maps
which can be used by policy makers to target aneéldp community-based
interventions.

Going forward, further studies investigating treogsr time using spatiotemporal
Bayesian analysis will strengthen the evidencessiw@ated factors and trends found in
this study and demonstrate the value of this aitadytproach. Studies comparing
deaths due to other causes with those for HIV/TBhitdren would be important in
disclosing if there is any selection bias betwdmnttvo groups. Also adopting a
secondary analysis of a cohort study design woalek lenabled temporality to be
investigated in greater detail and survival analysloreover a combination of
gualitative and quantitative analysis methods edee to fully understand the proximal
and distal factors that influence child HIV/TB mality. Findings that can be used for

policy nationally would require sentinel sites ltezhstrategically across the country.
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4.7 Appendix A: Structural Equation Model for paths analyses

The structural equation model fit in this paperdoren individual level outcome

(endogenous) variableb (observed; child HIV/TB deaths) and/gr (for latent

endogenous) which then form the vectors of exogeratablesyandp . The

individual level explanatory variables (observed; maternal variables, child variables

and household related variables) andijo(latent; spatial and household related

variables such as socio-economic status) makelseupeictors of endogenous variables

xand ¢ These can be expressed in a multivariate equasiéollaws:

Y=BY+IX+a+{

whereY = (yj is the vector of all endogenous variables witheobsd and latent
n

. . . X .
variablesy andp respectively, the vector of exogenous variabtes (f] with
observed and latent variablesand & respectively and the vector of error terms

ey . . - . -
J= (enj . B=[4]is the matrix of coefficients on endogenous vagalgredicting

other endogenous variables which were; gender uéétmld head, mother’s death,
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former Mozambican and age of child’s in yeaks= [yij] is the matrix of coefficients on

exogenous variables which were; parity at childithhbmother’s age, socio-economic

status, total deaths in household by 2004, houdedipé and minimum distance to

health facility in kilometresa = [a;] is the vector of intercepts from the endogenous
variables, whereag is assumed to have mean zero and covarianggX,{) = 0such

that { ~ MVN(0,Z) where

[ L =Var(X) Z,,=coUX,{)) (lgl=@ 0 (Y
z_(Z'XZ:cov(X,é’) Z((=Var(§)j_( 0 [wij]:wj.LetZ—(ijethe

vector of all endogenous and exogenous variabtas Zh~ MVN(4,,Z,) where
o, = (E(Y) :.Uvj ands, = (Z'YY ZYXJ _ [ZIYY )2 Y>j
E(X) =« 2y 2y 2y @
with expectation vectogs, = E[(1 =B) (IX +a+{)] =(1-B) (Ix+a) andk = [«]
, variance matrix with variableE,, =Var(Y) = (1 -B)*(I'er +¥){(1-B)} and

— — -1
Zyx =covY, X)= (I -B) TP (134, 214-216)yy,q parameter estimation was done

using maximum likelihood in

STATA 12.1 (Stata Corporation, College Station, 8KSA).
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Chapter 5 abstract

South Africa has the greatest burden of HIV/TB hvatprevalence of 17% and 2.1 million
AIDS orphans. We used data from Agincourt locatediral northeast South Africa,
collected longitudinally over the years 2000 an@20A total of 187 deaths were observed
from 16,844 children aged 1-5 years coming fron68,Bouseholds. In this paper we employ
two zero inflated models adjusting for householatisppemporal random effects using
Bayesian inference. Bayesian zero inflated spatipte#al models were able to detect hidden
patterns within the data. Our main finding was thaternal orphans were almost thrice at
greater risk of HIV/TB death compared to those witing mothers (AHR=2.93, 95%
CI[1.29;6.93]). Risk factor analyses which adjudstsperson, place and time enables policy
makers to use estimates and maps for interventiesconclude saying child survival is
dependent on the mother’s survival and advocatpdbicies that promote maternal

longevity.

Key words: (Spatiotemporal confounding, HIV/TB, zeo inflated, over-dispersed,

Agincourt rural South Africa)
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5.1 Introduction

The years 2000 to 2005 mark the middle of the WnNation’s Millennium Development
Goals (MDG) set out by the 192 member states andtBational organizations (217).
Goal 4.1 aims at reducing child (under five) maotyaby two thirds over the years 1990 and
2015. The Sub-Saharan African region has the gehteden of disease and highest
mortality of HIV/TB. In 1990 the Sub-Saharan Africggion had 184 child deaths per every
1000 live births, by the year 2006 twenty sevethefcountries in the region had made no
progress in reducing child deaths (218). Globallyrillion children were living with
HIV/TB in the year 2008 of which 90% were from tBeb-Saharan region (219). South
Africa’s HIV/TB orphans in 2008 were about 1.4 naill, the highest absolute number
globally (220). In 1998 the year Demographic He8lthiveys were started in South Africa,
she had an under five mortality rate (USMR) of 5@8eéths per 1000 live births, aiming a
reduction to 20 per 1000 by 2015 (221). The mairseaf child deaths is the HIV epidemic,
mainly due to mother-to-child-transmissions (MTQ@Wi)h over 70,000 new infections yearly

(222).

Public Health priorities such as disease contrdliatervention are made difficult in many
developing countries due to lack of good data nyaiinle to poor resources, poor
management and inadequate skills. The analyseghticRHealth data often build from the
statistical notion of each person having a rishrabability of contracting a disease. The
main goals in analyses are to identify and quarsiify exposures, behaviours and
characteristics that may modify an individualsagpopulation’s risk. However HIV/TB
interventions are hampered by the high rate otiidasness, which is a factor of

geographical proximity.
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Many articles have been published on HIV/TB motyah sub-Saharan Africa. The issues
discussed focused mainly on the impact of epidenagsessing for risk factors, measuring
efficacy of interventions and identifying high riskusters. A study done in rural Senegal
showed a decreasing trend in child mortality ov87 gear period (52). Spatial analyses on
39 rural villages in Burkina Faso under the Heahlld socio-Demographic Surveillance
System (HDSS) over a nine year period, showedvihatie and distance from the health
facility where among the risk factors for child rradity (53). A seasonal mortality trend was
also disclosed by the same authors in another stiidhe same HDSS (223). A Tanzanian
study used spatial modeling techniques and fouatitktere is a need to adopt both a group-
based and a place-based approach in identificafibigh-risk HIV groups for intervention.
(55). In South Africa rural Kwa-Zulu-Natal a stufbund that prevalence of HIV was
associated with ethnicity, urban status, and uneympént based on over 11,000 persons in
700 enumeration areas (224). In our area of stouelydlative risk (RR) of HIV and TB has
increased ten-fold over an eleven year period, 82d33.2 for the period 2001-2003
compared to 1992-1994, for the Agincourt HDSS (22%)variates that have mainly been
used to model child mortality in the 21st century: &1V exposure, poor maternal health,
inadequate infant care, increased exposure totiaofes; increased mortality, immune system
abnormalities, poor nutrition, reduced breastfeg@ind antiretroviral exposure (33).
Methods applied in the analyses were mostly noneBiay based, which are limited in

catering for large datasets, time and spatial raneffects (58).

In epidemiological research, two study designs Hmeen used for follow-up studies: time
series studies, these estimate acute risk assoeigte short-term exposure and cohort
studies, these estimate chronic effects assoamtadong term exposure. These approaches

have been criticized for potential confounding inyet varying covariates and individual risk
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factors or household level traits, respectivelys(2 Failure to account for extra-variation
induced by temporal and spatial autocorrelationlead to an understatement of the
uncertainty of the risk of mortality (227). Seveaplproaches can be used to address
confounding, at the design level;-randomizationjraythe study;-use of experts and
validated instruments and during analyses;-mulide regression, standardization and
stratification (228). Bayesian and spatial stat&dttechniques can be used to evaluate
differences in rates observed from different gephi@al locations, separate noise from

patterns and identify disease clusters.

To date HIV/TB research has largely focused on diexelopment, societal integration,
personal nutrition, physical health and care gi\ib@9). Most of the research focuses on
individuals and treatment cohorts. Little has sdoieen done on diseases’ impact on
populations and their areas of residence. In thepwe did an exploratory analyses looking
for risk factors for childhood HIV/TB mortality usj spatial modelling. The modelling
procedure adjusts for the household level spaaom effects for child HIV/TB mortality.
Some related earlier work has looked at all-causdatity adjusting for village (areal) level
random effects (51, 64). Our findings can aid idenstanding the household differentials
adjusted risk factors of child HIV/TB mortality anrural 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 swirdit in Bushbuckridge Municipality of

Mpumalanga Province, northeast South Africa. Thenégurt HDSS site was set up in its

Chapter 5 — page 128



current location mainly due to availability of seafeclinics and presence of Mozambican in-
migrants (229). The Agincourt HDSS has a populatibaver 70,000 persons, living in
approximately 12,000 households all scattered ixittdges. The area covered is 432 square
kilometres, with 34.2 kilometres as the maximuntatise between two households.
Information at individual level (infants, childremd adults) is collected once every year
together with other annual census updates, thapiemigration, health, demographic,

mortality and fertility data (230).

Jimbabwe
Bolswana = f et 1

MNamibia O

Bushbuckrigge
and Agincourt
field site

Soiuith Africa

Figure 5.1: Agincourt HDSS location, north-east South AfricaSource Kahn et al. (2000)
Special modules are run periodically such as tlseosconomic status and food security.
Cause of death data are obtained through verbapsies conducted on every recorded death
by trained lay fieldworkers (69). The cause of Haatindependently determined by two at
most three medical experts and classified accoriinige World Health Organization’s
International Classification of Diseases (ICD1MeTHDSS’ every household is geo-coded
thus enabling spatial analysis at household asasedlt village level. Agincourt HDSS

longitudinal data are correlated in time and sgapatiotemporal), since they are collected
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yearly on the same population. This makes it diffito 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 &el@ in accordance with the approach
proposed by Rutstein (2000) who mentions six migkfactors for child mortality : socio-
economic status, nutritional status, use of hdalthities, environmental health conditions,
maternal factors and infant feeding (189). The @essncluded in the study were all the
children aged between 1 and under 5 years who bvéwd lived in the Agincourt HDSS
between January 2000 and December 2005. The exptgvariables used were: child’s
gender, child’s and mother’s nationality, mothexge, parents’ dead or alive, gender for
household head, antenatal clinic visit, motheristpat pregnancy and birth, cumulative
deaths in household, number of household dweltensiber of deaths in household and
mother’s total live births. The individual childésge was treated as an offset variable. The
variable years ranging from 2000 to 2005 was usattiermining the temporal random
effects and the household’s latitude and longitndee used construction of the variable to

determine spatial random effects.

The outcome variable was death due to HIV and leertulosis (TB) determined by the
WHOs ICD10 verbal autopsy codes A16-R16r HIV and B20-B24 for TB. The outcome

death was treated as a discrete (count) variade $his provides epidemiologically better

5
Al6=Respiratory tuberculosis; not confirmed bacteriologically or histologically ; Al7=Tuberculosis of nervous system;
A18=Tuberculosis of other organs; A19=Miliary tuberculosis

€ 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

Chapter 5 — page 130



estimates of prevalence and relative risk comptrelde odds ratio which results from
treating it as binary outcome (90, 231). Treatimg dutcome as such allowed us to employ
the zero inflated Poisson (ZIP) and zero inflategyative Binomial (ZINB) which yields

more epidemiologically plausible relative risks tfbese cohort data. These models which are
members of the exponential family have a log limkdtion which has less identifiability
issues in the generalized linear model comparédetdogit link function which results from

treating the outcome as binary and using logigtggession techniqué23).

5.2.3 Spatiotemporal zero inflated Poisson and Nega tive Binomial models

Agincourt child HIV deaths data had several proldehat made it difficult to use standard
statistical procedures: over dispersion, causednopserved heterogeneity or temporal
correlation, large data, excess of zeros, and imldespatial random effects. Conventional
statistical methods applied to spatiotemporal détn underestimate the standard error and
thus the statistical significance is overestimg8).Bayesian analyses of sophisticated
multilevel models for complex geographically refezed data can be done with the aid of the
Markov Chain Monte Carlo (MCMC) parameter estimafovocedure (85). Bayesian data
models that can deal with the highlighted problaemsultaneously and within a unified
inferential approach were employed. These are ,sddebver dispersed, zero-inflated data
combined with semi-parametrically structured gediidke predictors, resulting in flexible

spatial regression models (232).

Geo-additive spatiotemporal zero inflated PoiggtR) as well as Negative Binomial

(ZINB) models (see appendix A) were used in thdyasma The ZIP and ZINB models have

Chapter 5 — page 131



many parameters and are hierarchical (multiletie)s we resort to full Bayesian inference
with the computationally efficient MCMC techniquédultiple variables models were used
to assess the effect of different covariates irptiesence and absence of geographical
heterogeneity (66). We investigated the presenceei-dispersion (wheb — oo it's absent)
and zero inflation (whefi = 0, it's absent) (232). Spatial dependeigg,(s) was modelled
by assuming that the random effects follow a zeeamstationary multivariate Gaussian
random field (GRF) with spatial varianeg,,. and isotropic Matern correlation functions.
For the exponential correlation which is a spec#e of the Matern function, the
multivariate GRHFf;,4:(s)~MVN(0, }}) has variance-covariance matrix

Y, = 0oyqcexp [—pd;j], whered;; is the Euclidean distance between househiadslj, o5,,,
is the geographic (spatial) variability known as #ill andp = max; ;||s; — s;|| /0.001 is the
empirically estimated rate of spatial correlati@taly (233). Multivariate Gaussian random

-1

field (GRF) PHiOrSfypae () = p(B7* |0Zpae) o€ [SI 2exp (55— (B2Y 51574

2o-szpat
wherep P is the vector of household specific structurediapeaoefficients, whereas the
non-structured utilize the independent and idehyichstributed (i.i.d) Gaussian priors with

Inverse Gamma (IG) hyper-priors (133).

Bayesian based model fitting requires the inversiotie variance-covariance matri¥ ()

with the same size as the number of geo-locatioosseholds). Due to the large number of
observations in our dataset, the estimation of inpai@meters becomes unstable and
unfeasible; this problem is popularly known as‘thig N”. We addressed this problem by
using low rank kriging to approximate the statign@aussian random field (234). Firstly the
spatial correlation decay) is estimated from a “representative” subsamplaiobtl using

the mini-max space filling criteria, hence only gaeters g, (1/73,,:) needs to be
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estimated. This reduces the computational burdeeghe spatial decay is fixed and the
large Euclidean distance matrix is also constastlting in estimation of the spatial variance

and parameter vector of household spatial effects.

Full Bayesian inference was done via MCMC simolatbased on updating full conditionals
of single parameters or blocks of parameters, gilierrest of the data. Gibbs sampling was
used for closed conditionals and for the numeraalractable a slightly modified form of
the Metropolis-Hastings (MH) algorithm based omaterely weighted least squares (IWLS)
(85). A total of 55,000 iterations on a single chain wene with the first 5000 discarded as
burn-in and to reduce auto-correlation everY 28lue was taken to form a posterior sample
of 2000. MCMC convergence was assessed using diigmpvocedures proposed by Raftery
and Lewis (1992), Geweke (1991) and Heidelbergdnaelch (1983) (235-237). These
convergence diagnostics techniques were done iR{b&ckage, “convergence diagnosis and
output analysis” (CODA) (138Additionally a graphical assessment was done usaug-
plots, histogram density plots and auto-correlaiohparameters and the summary statistics

assessing the closeness of the mean and mediamiposstimates (139).

5.2.4 Goodness of fit and best model selection

The deviance information criteria (DIC) was used@&termining goodness of fit of the
proposed models, this can be defined as “classatahate of fit, plus twice the effective
number of parameters” (238). This is a techniqudfoyesian model selection for MCMC
derived posteriors. The procedure works on therapan that the posterior distribution is
multivariate normal and it's un-standardised dewéais given asb(Q2) = —2log(p(y|Q)),

where y are the dat&, are the unknown parameters of the moplgl|Q) is the likelihood.

Chapter 5 — page 133



After addition of the standardising constant 2log f(y) we get the Bayesian or saturated
devianceD(Q) = —21log(p(y|Q)) + C. The expectation of this devianbe= E?[D(Q)]
measures how well the model fits the data, the lsmialis the better. The measure of model
complexity or parsimony is the effective numbepafametersp, = D — D(Q2),whereQ is

the expectation a2 the smaller it is the more parsimonious. Fromdhagasures we get the
deviance information criteri@)IC = pp, + D and upon substitution @f we getDIC = 2pp +
D(Q), which penalises on complexity and lack of fitlé8&ion of better model based on the

DIC basically favours models with the smaller value

The data extraction was done using Structured Queenguage (SQL). Preliminary data
analyses, trend analyses, survival graphs andnai@tagement were done using STATA 10.0
(203). The Bayesian MCMC analysis was done usisgftavare package called BayesX
(239). This package utilises computationally eéfici C++ algorithms (240). The
computations were done on a quad core processlodviitgigabytes of random access
memory (RAM) within a Linux environment. The rowggused to estimate the parameters of
the models via MCMC which perform Gibbs sampling &etropolis Hastings within Gibbs
sampling (162). Multivariable analyses were perfedno determine patterns for HIV/TB
mortality adjusting for possible household confoensd 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 cleagdry the University of the

Witwatersrand’s Committee for Research on Humarjegtsd(No. 960720). This work was
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also granted ethical clearance by the UniversitthefWitwatersrand’s Committee for
Research on Human Subjects (M081145). Verbal inddroonsent was obtained when the
census rounds were conducted and also when vertogdsy data were collected from a close

relative of the deceased.

5.3 Results

5.3.1 Exploratory analysis and descriptive statisti CcS

The data used were for children aged 1 to 5 yesiding in Agincourt HDSS from 2000 to
2005 whose geo-location data were available, ttetabed 16,844 children from 8,863
households, with a range of 138 to 835 househadssa the 21 villages. A total 187 deaths
were HIV /AIDS (including HIV/Tuberculosis) relatécbm 59,448.15 person years yielding
a 1 to 5 years mortality rate (1-4MR) of 3.15 degtbr 1000 person years. There were
slightly more females than males (51% vs 49%) aftd Svere former Mozambican in origin.
The mothers had an average age of 29 years , 65&6Soeith African and about 1% had
deceased compared to 2% of the males. The wontée grea on average visited the

antenatal facility four times during their pregnamnd 34% were heads of their households.

An investigation of the survival experience usihg Kaplan-Meier (KM) curves (Figure 5.2,
left) showed differences in the survival experienceer the years 2000 to 2005. To
statistically test the differences in survival esipeces over the years using the generalized
Fleming-Harrington test (241) (weighted for lateays failures) was significant (p-

value=0.048). However there was no significantdrever the years (p-value=0.728). This
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procedure of stratifying over the years was useass®ess for the possibility of temporal

random effects.
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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 personyéam 2000 to 2005 were 3.57, 2.41,
3.33, 2.54, 4.44 and 1.55 respectively, consistéthtthe KM curves (5.2, right) for the
respective years. There was a statistically sigguifi difference in the 2002 mortality rates
compared to the 2000 from the spatial and non-@lpatialyses (see Table 5. 2). The knots
used in the low rank kriging were fit using the mimax space filling criteria, figure 5.3
shows distribution of 50 knots. The small faintdrelots are the locations and the squares are
the selected 50 knots, since phérate of spatial correlation decay) is fixed thenter of

knots only impacts on the computational speed at@m the accuracy of the estimates. The
spatial variances were estimated for each spatdetrusing Bayesian MCMC with inverse
gamma prior and hyper-parameters of 0.001. ThenzdBel was used to cater for zero
inflation and to cater for both the excess zerasaer-dispersion, the ZINB model was
used. The zero inflated Negative Binomial spagatporal model showed an over-dispersion

estimated = 1.79 + 1.87[95%CI(0.041; 6.935)] and the zero inflation estimate was
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8 = 0.077 £ 0.062 [95%CI(0.010; 0.217)]. These values show that there is some over-

dispersion and zero inflation, thus ignoring thesgrely in the modelling may cause model

instability.
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Figure 5.3: Knots fitted using the Mini-Max space illing 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-spatma spatial models for child specific
variables, maternal variables and household vasalayesian semi-parametric geo-
statistical models with location-specific randorfeets were fit to estimate the degree of zero
inflation, over-dispersion, temporal and spatiaretation in the child HIV/TB mortality
data. Spatial models showed more stable resultssaialler standard errors in comparison to

the non-spatial, the mean-based adjusted hazand [AHR=exp(mean)] estimations were
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reported. The ages (Interval start ages) were stk analysis as the duration of follow-up
(offset variables) until death or survival betwdeand 5 years of age over the period 2000 to
2005. The outcome variable was treated as a déscoeint of child death due to HIV/TB (0 =
Alive and 1 = Death). The outcome was treated ab Buget a more epidemiologically
intuitive estimates for cohort data and to avoiehitifiability problems associated with the
logit link functions as highlighted earlier. Multiiable regression models were fit to account
for spatial and temporal correlation; co-variablese added to the models to control for
potential confounding in determine factors assedatith child HIV/TB mortality (58).
Poisson and Negative Binomial models were fit ®odhta as well as their zero inflated
variants. The offset variable was fit using thecpigvise exponential (p.e.m) with a first order
autoregressive model temporal prior (see figurg Higure 5.4 shows the log-baseline
hazard function for selected models, showing aowaer confidence interval for the spatial

multivariable model in comparison to the non-spatia
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Effect of IntervalStartAge
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L

Effect of IntervalStartAge

-4
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T T T T T T T
1 3 5 1 3
IntervalStartAge IntervalStartAge

Figure 5.4: Non-spatial ZINB with AR(1) baseline haard (left) and multivariable spatial

ZINB with AR(1) baseline hazard (right).

Four models were fit in the multivariable analytesse were the non-spatial zero inflated

Poisson (ZIP) model, spatial zero inflated Poissaael, non-spatial zero inflated Negative
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Binomial (ZINB) model and spatial zero inflated N¢ige Binomial model. The first two

were to cater for zero inflation and the last twergvcatering for zero inflation as well as over
dispersion. The deviance information criteld@) was used to measure model goodness of
fit and the effective number of parameterg)(to measure model complexity (238).
Generally the spatial models had higher DIC becatifige spatial parameters and also the
Negative Binomial models had greater DICs comp#weatie Poisson; this made it difficult to
judge the best model based on the DIC alone. Tieetefe number parametepg which
assesses model simplicity (parsimony) was then tesddtermine the most parsimonious
model amongst these four. The zero inflated Negdimomial spatial model had the least
number of effective parameters and selected abh#dst” model (see table 5.1).

Table 5.1: Model goodness of fit non-spatial/spatiaero inflated Poisson and Negative Binomial modgl

Non-spatial ~ Zero
Non-spatial Zero Spatial Zero Inflated  Negative Spatial Zero Inflated
Inflated Poisson nsZIP Inflated Poisson sZIP Binomial nsZINB 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

The spatial multivariable analyses results shovesg sl determinants of the child HIV/TB
mortality in the categories consistent with the1spatial analyses. Several variables were
statistically significant at the 5% level, theser@veither child, mother or household related.
The results from the analyses are shown in tabarkd 5.3 for the ZIP and ZINB
respectively. The ZIP models both had five outhaf $ixteen variables significant in the non-
spatial and spatial analysis respectively, whetieaZ INB had eight and nine variables for
non-spatial and spatial models respectively. Thal spatiotemporal ZINB model was
considered the best model which caters well foo aeftation, over-dispersion and

spatiotemporal confounding.

Chapter 5 — page 139



Table 5.2: Non spatial and Spatial Multivariable Ze&o Inflated Poisson model

Non-Spatial Zero Inflated Poisson nsZIP Spatial Zero Inflated Poisson sZIP
97.50
Variable Category  Descriptive,n(%) | mean sdev 2.5%. median 97.50%| AHR mean sdev  2.5%. median % AHR
Gender Female (ref) 8506 (50.50)
Male 8838 (49.50 0.415 0.25 -0.12 0.42 093 151 0.38 0.25 -0.11 0.39 0.88 1.4
Year 2000(ref) 3360 (19.99)
2001 2826 (16.78 0.49 0.30 -0.14 0.50 1.0 1.63 0.50 0.30 -0.10 0.52 1.0 1.6
2002 2633 (15.63) 0.837* 0.37 0.16 0.86 0.54 2.31 0.81* 0.333 0.17 0.81 14p 2.2
2003 2496 (14.82 0.56 0.43 -0.21 0.53 143 1.75 056 0.40 -0.32 0.58 1.27 1.7
2004 3002 (17.82 0.15 0.34 -0.50 0.15 0.80 1.16 0.17 0.32 -0.52 0.17 080 1.1
2005 2527 (15.00 -0.22 0.47 -1.14 -0.20 0.61 0.80 -0.21 045 -1.07 -0.20 0.66 0.9
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 -0.69 036 0.4
Mother's Nationality ~ South African(ref) 10,883 (64)
Mozambican 5961 (35.39) -0.11 0.67 -1.56 -0.11 1.25 0.90 -0.05 054 -1.07 -0.05 1.00 0.9
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 1.0
Mother's Status Alive(ref) 16,736 (99.3p)
11.6
Deceased 108 (0.64) 2.665* 0.81 0.90 2.74 3.9D 14.37 2.456* 0.63 1.15 2.46 374 6
Father's Status Alive(ref) 16,531 (98.14)
Deceased 313(1.8¢) 0.98 0.66 -0.33 1.00 233 2.66| 1.081* 0.49 0.06 1.09 2.04 2.9
Household head Gender Female (ref) 3012 (33.98)
Male 5851 (66.02 -0.49 0.26 -1.04 -0.50 0.0L 0.61 -0.45 0.25 -0.96 0.44 0.0 0.4
Antenatal Visits Mean visitstSD 4.04+2.42| -0.185* 0.05 -0.29 -0.19 -0.0p 0.83]| -0.184*  0.05 -0.29 -0.18 -0.9p 0.4
Pregnancy Parity Mean +SD 2.104 £1.396 0.25 0.22 -0.14 0.24 0.67 1.28 025 0.21 -0.16 0.25 0.67 1.7
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 -0.22 036 0.9
Poor 1833 (20.68 -0.20 0.35 -0.84 -0.20 0.591 0.82 -0.28  0.29 -0.85 -0.29 0.27 0.7
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Cumulative household
deaths

BirthParity 2

Total living household
Number of deaths in
household

Total live births

Moderately poor

Least poor

Mean +SD
Mean £SD
Mean +SD

Mean +SD
Mean £SD

1905 (21.49
1858 (20.97

0.252 +0.51
1.569 +0.85
1.569 +0.8

0.047 +0.2

2.030 +1.85

) -0.26
) -0.856*
3 -0.16
6 -0.369*
B4 0.01
)2 0.854
5 -0.21

0.33
0.42

0.25
0.20
0.02

0.50
0.18

-1.03
-1.60

-0.68
-0.77
-0.04

-0.11
-0.60

-0.27
-0.84

-0.17
-0.35
0.01

0.86
-0.21

0.77
0.42

0.85
0.69
1.01

2.35
0.81

-0.30
-0.941*

-0.10
-0.37*
0.00

0.89
-0.22

0.32
0.42

0.24
0.18
0.02

0.48
0.18

-0.95
-1.83

-0.62
-0.74
-0.04

-0.17
-0.61

-0.29
-0.94

-0.13
-0.37
0.00

0.92
-0.21

0.2
-0.1

-0.0

1.7
0.1

0.3

0.4
0.6
1.(

2.4
0.8

* significant at 5% level of significance
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The final zero inflated spatial Negative Binomiabael results showed these nine predictors
of child mortality: gender, nationality of childedth of mother, gender of head of household,
year, antenatal clinic visits, socio economic sahirth order position and number of deaths
in household. The boys were 36% more at risk oftdeampared to the girls adjusting for
other variables and space-time confound&i36(= e°311,95%CI [1.08,1.88]). There was
temporal effect on HIV/TB mortality risk for the 2002 which was more than twice that
of 2000(2.02 = e%719,95%CI[1.13,4.00]). South African children were akhtwice better
protected to HIV/TB death compared to the Mozambidaildren after adjusting for several
variables (.51 = e~%%83, 95%CI[0.24,0.96]). Orphans with a deceased matlege almost
thrice at risk of HIV/TB death compared to thoseosd mother’s were alive keeping other
variables constan(93 = e1%7°,95%CI[1.29;6.93]). Adjusting for other factors maleaded
households were 42% less likely to experience la c@ath in comparison to female headed

households(.58 = e~%5*8 95%CI[0.45;0.75]).
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Table 5.3:Non spatial and Spatial Multivariable Zewo Inflated Negative Binomial model

Non-Spatial Zero Inflated Negative Binomial Non-Spatial Zero Inflated Negative Binomial
nsZINB 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 0.6p 1.32 0.326* 0.17 0.08 0.31 0.6B 1.3
Year 2000(ref) 3360 (19.99)

2001 2826 (16.78 0.46 0.27 -0.05 0.48 1.06 1.62 055 0.23 -0.06 0.58 0.92 1.7
2002 2633 (15.63 0.74* 0.24 0.16 0.79 1.14 2.40 0.762* 0.31 0.12 0.72 1.3B 2.
2003 2496 (14.82 0.39 032 -0.19 0.40 1.0n 148 045 031 -0.14 0.45 1.0p 1.4
2004 3002 (17.82 0.00 0.25 -0.42 0.00 0.46 1.0 0.03 0.24 -0.40 0.03 0.4 1.4
2005 2527 (15.00 -0.54 0.41 -1.27 -0.53 0.26 0.9 -043 0.32 -1.08 -0.41 0.1 0.4

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 -0.0¢ 0.9

Mother's Nationality =~ South African(ref) 10,883 (64)

Mozambican 5961 (35.39) 0.05 0.32 -0.59 0.06 0.5)7 1.6 -0.12 0.33 -0.68 -0.19 0.5)7 0.8
Mother's Age at Birth ~ Mean years (SD) 29.00 +7.60) 0.01 0.01 -0.01 0.01 0.06 1.1 0.01 0.01 -0.01 0.01 0.08 1.4

Mother's Status Alive(ref) 16,736 (99.3p)
Deceased 108 (0.64) 1.479* 0.36 0.63 1.52 2.1p 485 1.09* 047 0.25 1.08 1.90 2.9

Father's Status Alive(ref) 16,531 (98.14)
Deceased 313 (1.86) 0.17 0.32 -0.55 0.24 0.70 1.27 011 044 -0.82 0.16 0.8p 1.1

Household head Gender Female (ref) 3012 (33.98)
Male 5851 (66.02] -0.449* 0.16 -0.70 -0.49 -0.1p 0.2 -0.54* 0.14 -0.79 -0.55 -0.2p 0.5
Antenatal Visits Mean visits +SD 4.04+2.42 -0.156* 0.03 -0.21 -0.16 -0.0p 0.85 -0.17* 0.03 -0.22 -0.17 -0.1p 0.4
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 1.4
Socio-economic status Most poor(ref) 1566 (17.67 )

Very poor 1701 (19.19) -0.32 0.18 -0.65 -0.32 0.08 0.12 -0.36 0.24 -0.81 -0.31 0.09 0.7
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Poor
Moderately poor
Least poor
Cumulative household deaths Mean £SD
BirthParity 2 Mean £SD
Total living household Mean £SD
Number of deaths in household Mean +SD
Total live births Mean £SD

1833 (20.68 -0.37 0.20 -0.77 -0.38 0.
1905 (21.49) -0.23 0.24 -0.78 -0.22 0.1
1858 (20.91) -0.945* 0.33 -1.57 -0.97 -0.2
0.252 +0/553 -0.10 0.14 -0.38 -0.09 0.1
1.569 +0.846 -0.291* 0.12 -0.54 -0.31 -0.0

1.569 +0.884 0.01 0.01 -0.01 0.01 0.
0.047 £0§2220.703* 0.27 0.14 0.71 11
2.030 +1.885 0.03 0.09 -0.11 0.02 0.2

0.¢8 -0.41
0.80 -0.28
0.38 -0.99*
0.92 -0.14
0.14 -0.314*
1.1 o0.01
2.03 0.681*
1.2 -0.06

0.21
0.24
0.27
0.16
0.11
0.01
0.29
0.09

-0.79
-0.75
-1.44
-0.48
-0.55
-0.01

0.12
-0.26

-0.43
-0.26
-0.97
-0.15
-0.31

0.01

0.69
-0.07

0.2
-0.4
0.1
-0.1

1.2

0.4
0.7
0.3
0.9
0.1
1.4
2.0
0.4

DN O R, W o g O

* significant at 5% level of significance.
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For every increase by one visit to the antenataiocthe adjusted risk of death reduced by
16% (0.84 = e~%173, 95%CI[0.81;0.89]). The least economically poouseholds were 62%
less likely to experience a child death comparetthéamost poor householdx38 = e~0-966
adjusted, 95%CI[0.24;0.61]). The birth order pasitivas protective such that as this
increased by one level the adjusted risk of chidtt decreased by 27%73 = e~ %311,
95%CI[0.58;0.89]). Lastly as the number of housdl®aths increased by one the adjusted

risk of child HIV/TB death increased by two fol2l§0 = e%¢%*, 95%CI[1.12;3.33]).

Posterior risk estimates were shown on smoothed slagwing the smoothed areas where
child deaths occurred. Maps of posterior mean &eljulsazard rates (AHRsS) show point
estimates and extreme high and low risk areas (E4gk factors of child HIV/TB mortality
adjusting for potential spatiotemporal confoundeese: being a boy, a former foreigner,
losing your mother, having a female head of hohs#g socio-economically disadvantaged,
being born earlier and coming from households wesay deaths occurred. Protective to
child HIV\TB mortality were increasing number ofrgt visit and coming from households
with more people. Figure 5.5 shows the maps ohtheseholds and the mean AHRs
smoothed posterior maps adjusting for the aforeimead risk factors, spatial and temporal

potential confounders.
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Figure 5.5: Posterior adjusted Hazard rates (AHRsymoothed 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 expeee three-fold greater risk of death due
to HIV/TB than children whose mothers were stilinig (AHR=2.93(95%CI[1.26;6.93])).
This was adjusted for potential spatiotemporal cantling, number of household deaths,
birth order position and parity, child and mother&ionality, gender of house head and
gender of child, which were all significant risictars. Increased antenatal clinic visits and
cumulative total of adults in the house were pridbtecof the child’s death. These risk factors
are interrelated and fall into either child spexifnother related, household socio-economic
status, temporal or spatial. Risk map analysis glaivat there were three hotspots central,
south easterly and south-westerly over the yedd® 862005, similar hot spots were seen for
the year 2004 alone and also in another study derisg only the areal (village) level and
temporal random effects (51). The trends seenisnpidyper are consistent with other studies
in South Africa, in the same site and elsewherstully in Agincourt over the past two
decades showed that HIV/TB accounted for abouird ¢f the under-five deaths from 2002

to 2005 (243). A similar non-spatial study on thmpact of parental presence on child
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mortality in Agincourt, 1997 to 2005 showed thaattheof a mother was the most predictive
of the child’s death (OR=5.22,95%CI[2.37;11.54342. The study also showed that former
Mozambican mother’s children were more than a tatrgreater risk of mortality than the
South African’s children (OR=1.34,95%CI[1.09;1.65)milarly in Mtubatuba of rural
KwaZulu-Natal a South African Province, the motkeatéath increased the mortality risk

four-fold adjusting for child, household and motkesariables (245).

There are different schools of thoughts on howntiagernal orphan HIV/TB mortality
trends can be explained, mainly the biological smco-economically. Mothers who die due
to the AIDS, would most likely have passed the vitatheir children, regardless of the stage
at which this occured (in utero, intrapartum andtpatal). Policies that are in place currently
favour local South African mothers, thus makindifficult for breast feeding foreign
mother’s to get access to freely available resa@urSecially if the mother (who will most
likely be the remaining bread winner) passes as,l#aves AIDS orphans with no guardian
or their grandparents who can no longer work. Thisninates in the deaths of under fives
due to hunger, malnutrition, weakened immune systedilack of adequate support due to
the double barrelled impact of being an HIV postrefugee and orphan. Although we
concentrated on HIV to have been the main causleath for these under five children we
acknowledge that TB could have played a significal# leading to death, however the
modes of transmissions are more complex than sitmidyng child and mother deaths. Also
the ICD10 technique used to determine cause ohdgsds not distinguish these very well
for children. Although Agincourt is in rural Souftirica, the use of available health facilities

seems to be increasing using antenatal clinicsvasta proxy.
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The other risk factors were mainly related to poves direct proxies indirect
consequences of it. We found that poorer socio-@manhouseholds had higher child
HIV/TB mortality rates. A finding which correspondsth a study done in rural Kwazulu-
Natal Province (246). Poverty is a major contribbdtochild deaths in Africa, every 3.6
seconds one person dies of starvation, usuallyié ewhder the age of 5. One of the
Millennium Development Goals (MDGS) is to: “Eradieaxtreme poverty and hunger” (199,
247). The child grant provided by the South Africgavernment is an amount of ZAR240
p/m (US$30) and can be all that some families éndtudy area have to live on. The elderly
also get an old-age pension of ZAR940p/m (US$11hkkvbecomes the main source of
livelihood of the families often averaging nine gans per household with a range of 1-43.
Case et. al (2000) showed that female old-age peas cared for the children and improved
the girl child’s likelihood to go to school in Agiourt (248). These latter studies are also
revealing some gender differentials in access altheervices, schooling and paternal

treatment which are still prevalent in this rurattpof South Africa.

Controlling for potential confounding in epidemigloal analyses gives strength to the
estimates derived from such modelling procedures.mbdelling approach caters for spatial
and temporal confounders and also for large zdlatad spatiotemporal sparse data.
Spatiotemporal Bayesian modelling provided gootreges and maps which can aid
interventional programmes to be more effectivehmfight against HIV/TB. There are some
modelling limitations which if addressed in futussearch will improve on the
epidemiological modelling. The temporal componeaswliscretized into whole years; this
could have been modelled as continuous and allofofmulation of time varying covariates
and spatiotemporal interactions. As a way of dgalith identifiability issues and getting

more epidemiologically correct estimates; membéth@exponential (log link) family were
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used, other less flexible family of distributioreuéd be also used for sensitivity testing.
Mostly non-informative priors have been used; etg@pinion could be sought to build and
apply more informative priors in our modelling.dealing with the “big N” problem several
approaches can be used as well. The package Baytatst it cannot address all the
modelling issues but provides a very useful Bayespatiotemporal modelling algorithms

which are applicable even in a resource scare @mwvient.

Our results are additional facets of evidence ugefipolicy makers advocating foreigners
better access to health access and child suppoitiess, increase and diversification of HIV
mother to child transmission awareness programmagal parts of developing countries.
This study provides more evidence towards the SAfriban government’s revised
prevention of mother to child transmission (PMT@®)icy effected on 1 April 2010. The
policy allows HIV positive mothers to be on antérevirals (ARV) with a CD4 count of

350 (national cut off is 200) or less, symptométly regardless of CD4 and also pregnant
mothers from 14 gestational weeks onwards. Infeatsnow be tested without the mother’s
consent to save the child (249). Child survivalependent on the survival of the mother,
hence the need to strengthen antiretroviral treatn8outh African policy advocating for
maternal longevity need to be strengthened. Indainess to the nation the South African
president said: “One of the most important resuflthe roll-out of antiretroviral therapy
among the general population will be the extensiatie lives of AIDS sick parents leading
to a dramatic decline in the number of orphans0§2%he main challenge as with any other
policy is implementation. We suggest that targetongeduce mother-to-child transmissions
by implementing PMTCT interventions and campaidresé 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 byrdiiteknown statistical distributions
including the flexible exponential family. Mortaglibutcomes of the count of deaths can be
modelled using the basic log-linear Poisson modaekvthe outcomeg; | X;~Po(A;) are
conditionally independent with mean and variahce exp(n;) with linear predictor; =

X;B. The commonly applied logistic regression modéeiscty have logit link functions have
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been seen to cause identifiability problems, resyin unstable model especially for spatial
models (23). We therefore treated the outcome desathdiscrete (count) variable since this
provides better estimates of prevalence and relaibk compared to the odds ratio which
results from treating it as binary outcome (90,)2Bie Poisson model can also incorporate
the exposure time by introducing piece-wise exptakoffsetso; resulting in

vi|Xi~Po(u;), u; = exp(o; +n;) and in log-linear forny;|n;~Po(y;) (133).In this paper

we extend this model in three dimensions to addigisent inherent problems in our
hierarchical data structure. Firstly the problenoweér-dispersion when the mean is less than
the variance which can be addressed by use of timmaliy independent Negative Binomial
(NB) distribution (251). We then extend our modwlarporate the dispersion parameter

6 > 0,y;|n;, 6~NB(u;, 6). Secondly we have the problem of excess of zerow/Rras zero
inflation, this is

addressed by use of a latent process that infllatesumber of zero points with a weighting
for extra zeros antl — 8 for the ZIP and ZINB wher@< 6 < 1. We then obtain the
conditionally independent Zero Inflated Poisgem;, 8~ZIP (u;, 8) and Zero Inflated
Negative Binomial (ZINB)y;|n;, §,0~ZINB (u;, §,0) whose hierarchical model structures
and likelihoods are shown below. Thirdly modellingich is flexible to include; time

varying covariates, temporal random effects, spetradom effects, non-linear covariates and
desired interactions. This was done by extendieditiear predictor; = X;f to a structured

additive predictor:
p
n; = ij (zij) + XiB + fspat;(Sk) + &,
j=1

wheref; (zi]-) are nonlinear effects of continuous covar@feX; is the linear (fixed) effects
design matrix and vector of parametgrs, ., (sx) is the structured random spatial at

households, € s (all households with children in the area) agdbeing the unstructured
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non-spatial random effect. Due to the complexityhef spatiotemporal data (correlated in
time and space) and their large size. Statisti@hods applied to spatial data which have
spatial autocorrelation often underestimate thedsted error and thus the statistical
significance is overestimated (91). We used theeBay estimation called the Markov Chain
Monte Carlo (MCMC), which require Gibbs samplinglavietropolis Hastings within Gibbs
(85). Modelling spatial longitudinal data which dmghly auto-correlated has been made
possible by introduction of the Hierarchical Bayes(HB) modelling approach. This
decomposes a complex problem into a series of smgpihditional levels such that at any
given level in the hierarchy inference conditiopaklies on hypotheses made at higher levels
(85). The HB model constitutes of four levels:tliyghe data level which specifies the
conditional distribution of data given parameteeyj|. ; secondly a process level which
specifies the conditional distributions of procgs&en their parameters (these are usually
logit and log functions of Generalised Linear Ma&jgethirdly a parameter level with
conditional parameter distributions given priorsl éastly hyper-parameter level which
specifies the prior distributions for hyper-paraenst The posterior distribution can then be
used for full Bayesian inference of the ZIP and BliModels given the following full
conditional distributions. To estimate the paramse@bbs sampling is used by sampling
from the full conditional distributions for posters with known closed forms(162). For those

without the closed form we use the Metropolis Hagi(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 (6).

v;In;~Po(w;) with probability density function

—u ) Yi
6+(1_9)exp(yllll)lh if y, =0

P(yilm,(?):I _ 41' v
Ik (1_6)exp(yﬁl)lhy if y, %0

!
With expectatiorE (y;|n;, 6) = (1 — 8)y; and variance

Viln;, 0) = (1 —0)(u) +6(1 — 0)u}

Level 2: Processes
n= Xiﬁ"’fspati(sk) + &g
6~Uniform[0,1]

X; is the linear (fixed) effects design matrix andtee of
parameters, fi,q:, (s, is the structured random spatial effect
ande,, being the unstructured non-spatial random effect.

Level 3: Parameters

Priors for P(8), P(fipat;|t2at )» P (€5 | T2rror ), P(6). Uniform
priors for P(B) and P(0). Multivariate Gaussian random
field (GRF) priors for P(fipac;|t2ar) and P(es,|t20r) are
Gaussian independemtd identically distributed (i.i.d)
random effects

Level 4: Hyper-parameters and likelihood

Hyperpriors for P(t3,4), P(T3:ror) andg(t?) are all Inverse

Gamma~ IG(a*, b*); with hyper parameters a*=b*=0.001(133).

After some computations the likelihood of the ZIBdals is:
n

L(yiln;, 6) = HP(Yilni'e)
i=1

& exp log(6 + (1 — 0)exp (—))
+ wqlog(1 —90)

+ Z (= + yilog(py)) }

yi#0

Wherew, is the number of units with strictly positive regges.

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 (§), zero inflation(0).
v;|ni, 8, 0~ZINB(u;, 6, 0) with probability density function

P(y;ln,6,0)

|{ 6+(1-6 —6 ’ 0
+ — [ L=
=0 (57) i

. s . i
a- 6)1"(13:1-(%: :—)1{26) (6 -fui) (6 -T-Lui)y if yi# 0

With expectatiorE (y;|n;, 6) = (1 — 8)y; and variance

Vi, 8,0) = (1= 6) (i +2) + 001 - O)u.
Level 2: Processes

M = XiB+fopar; (i) + &5

§|b~Gammal(a, b); 0~Uniform[0,1]

X; is the linear (fixed) effects design matrix andtee of
parameters, fi,q., (s, is the structured random spatial effect
ande,, being the unstructured non-spatial random efféte
set a = 1 and assume a Gamma hyper-prior for
b~Gamma(al, a2).

Level 3: Parameters

Priors for P(ﬁ)' P(fspatiltszpat)l P(Sskltgrrar)l P(H)r P(6|b)
Uniform priors for P(B) and P(6), Gamma priors for P(5|b).
Multivariate Gaussian random field (GRF) priors for
P(fspat;|T2ac) and P&, |t2r0,) are Gaussian independentl
identically distributed (i.i.d) random effects

Level 4: Hyper-parameters and likelihood

Hyperpriors for P(t2,a), P(Té:ror), P(b) and g(t?) are all
Inverse Gamma ~ 1G(a*, b*); with hyper parameters
a*=b*=0.001(133). After some computations the likelihood
of the ZINB models is:

"
L@, 8,0) = | [Pwin, 8,0)

i=1
uexp{210g<9+(1—9)(ﬁ)8>

yi=0
+ wo(log(1 — 8) — log(T'(8)) + 8log (8))
+ Z (log(T(y; +8)) +yilog(w) — (i
yi#0

+ 8)log(s + ui)}

Where wy, is the number of units with strictly positive
responses.
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Chapter 6 abstract

Longitudinal mortality data with few deaths usudigve problems of zero-inflation. This
paper presents and applies two Bayesian modelfwehater for zero-inflation, spatial and
temporal random effects. To reduce the computatiomalen experienced when a large
number of geo-locations are treated as a Gausg#h (6F) we transformed the field to a
Gaussian Markov Random Fields (GMRF) by triangatatWe then modelled the spatial
random effects using the Stochastic Partial Difieée¢ Equations (SPDE). Inference was
done using a computationally efficient alternativéviarkov chain Monte Carlo (MCMC)
called Integrated Nested Laplace Approximation @Mkuited for GMRF. The models were
applied to data from 71,057 children aged 0 to&gyé&om rural northeast South Africa
living in 15,703 households over the period 1992Q&0. We found protective effects on
HIV/TB mortality due to greater birth weight, oldege and more antenatal clinic visits
during pregnancy (adjusted RR (95% CI)): 0.73(@31A), 0.18(0.14;0.22) and
0.96(0.94;0.97) respectively. Therefore childhodsf//iB mortality could be reduced if
mothers are better catered for during pregnandlissan reduce also mother-to-child
transmissions and contribute to improved birth WwisgThe INLA and SPDE approaches are
computationally good alternatives in modelling Ergultilevel spatiotemporal GMRF data

structures.

Chapter 6 — page 155



6.1 Introduction

Public health data on mortality have been grownageasingly rich as more accurate
information on “who”, “where” and “when” becomesaalable. These form hierarchical
(multilevel) data structures which are correlatedhsthat person-level (“who”) information
can be repeated, geo-statistical (“where”) dataroftas spatial correlation, and temporal
(“when”) data can be auto-correlated. Statistieahhiques are usually based on independent
observations, but when applied to multilevel daétactures they often underestimate the
standard errors. As a result of this the statiksigmificance is overestimated leading to
erroneous results and subsequent inferences (Bik)d€&feats the main goal in
epidemiological analysis, which is to identify amaantify correctly any exposures,
behaviours and characteristics that may modifyufadion’s or individual’s risk and use

these to implement more appropriate interventi@as).

In modelling hierarchical data we can take intocatt spatial and temporal correlations by
introducing in the model spatiotemporal randomafeSeveral other hurdles have to be
overcome when modelling hierarchical mortality daiah as: zero inflation when there is a
greater proportion of non-occurrence for an outcdma@dling large data structures, repeated
measures and estimating many parameters rapidlg@ndately. Bayesian techniques with
the aid of the Markov chain Monte Carlo (MCMC) siation methods have successfully
overcome these hurdles and fit spatiotemporal nanelidects for reasonably sized geo-
locations of Gaussian fields (GF) (20, 92-95). Hegreas the number of geo-locations

increases MCMC computations of a denser@® mspatial correlation matrix become
infeasible or extremely slow in the order of pomlrafee(O(m3)) , this problem is popularly

known as the “big m” or “big N” (254). Several appches have been used to resolve the

"big m". Banerjee et al. (2003) give brief summsau these: sub-sampling, spectral, lattice,
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dimension reduction and course fine coupling meth@34, 254-258). Generally these
techniques attempt to reduce the dimension of thé¥sselecting a “representative” sub-
sample or fixing some parameters or changing take $rom continuous to discrete with the

aim of reducing the computational burden in runrtf@MC simulations.

We addressed this problem using techniques prodms&uie et al. (2005) who changed the
continuous scale GF to a discrete scale Gaussiakovi&andom Field (GMRF), for the
Matérn family of covariance structures (96). Mogeantly Lindgren et al. (2011) provide the
detail of how the GF and GMRF relate via StochaB&adial Differential Equations (SPDE)
using basis functions (259, 260). Secondly we peréal inference and prediction using
Integrated Nested Laplace Approximation (INLA) waliited for GMRF as opposed to the
commonly used MCMC (261). Hence we greatly redubedcomputational burden and

could run in hours what usually took days havindueed the computational operations for a

spatiotemporal model from power 3 to power(D6m3) - O( m3’2))

The aim of this paper is to discuss and apply a&Biay model that can handle large zero-
inflated spatiotemporal observational data on nlitytaroducing reliable estimates speedily.
In the next section we explore the Bayesian metlandsmodel fitting inference, prediction
and goodness of fit. In Section 6.3 we apply tlseussed Bayesian spatiotemporal model to
data from the Agincourt health and socio-demogm@phrveillance system in rural South
Africa which has 71,057 children aged 0 to 9 ydiainsg in 15,703 households over the
period 1992 to 2010. In the concluding sectiondiseuss the merits of our model and distil

the public health implications of our results iteirventional studies.

Chapter 6 — page 157



6. 2 Methods

6.2.1 Spatiotemporal model structure

The outcomey, (s, t) was the observed HIV/TB related death of a chifl, ...... N from a

given householdj =1,......m in a specific yeat =1,...... T which is a realisation of the
spatio-temporal process.,.)0Y (.,.). Assuming the outcomes distribution belongs to the

exponential family of distributions, we can fitxible structural additive models belonging to
the generalized linear mixed models (GLMM) (86, R&2ur data may be represented by the

equation:
yi(s. 9= X(s, Dﬁ"'z Py )+6 (s ) 6.1)

where X(s;; 1) Is the design matrix with fixed p covariatg®= (5,,...... B, ) is the

regression coefficients vectof(.)which is one of thef ) used to relax the linear
relationship or introduce random effects or bott gfs,, t) ~ N(0,07 )are the error terms

which are neither temporally nor spatially correth{260). As our data are spatially and

temporally correlated we can introduce random ¢dfdég.) = f (s;, t) a Gaussian random
field with a first order autoregressive tempordeef {(s;, t—1) and coefficienty and zero

mean multivariate normal (temporally independep8tial effects
s, ) ~ MVN(O,Z = af,C(H $— d‘ = B]; ¥ & resulting in the equation:

f(s,)=¢&(s, t-D+w(s,? (6.2)
where| gk 1in case of stationarity(s,,1) ~ N(007 / (I- ¢ )= 1/, (- ¢* ) and the

spatial effect is second order stationary andagatt When the spatial correlation follows a
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1

Matérn covariance structure we obt&ih) = W
v

(kh)” K, (k1) for the Euclidean

distance lagb. The parametev measures the degree of smoothness and also #readrd

the modified Bessel function (when> 0) of second kindK, and finally ¥ > Ois the scaling

8y

parameter with a range =——where the spatial correlation is close to 0.1 fmtev (259
K 1

261)

6.2.2 Zero Inflated Poisson and Binomial spatiotemp  oral models

Observational binary outcome data are commonlyyaedlusing the logistic regression
model, which has a logit linear predictor in theNBs canonical link structure. However
this model has problems of instability especialithvgpatial random effects, which would be
exacerbated due to zero inflation (23). In epidéogical cohort studies a relative risk is
preferable to an odds ratio as this caters for tealjppy and also a more intuitive measure of
burden of morbidity or mortality (90, 231). In ligbf this and in an endeavour to have better
fitting models, two models that can handle zertatidn were employed. The two

conditionally independent models fit were the zeftated Poisson and zero inflated

Binomial with a log and a logit canonical link furoms respectivelyy,|,.6 ~ZIP (4, .6,)

and y;|7., .6 ~ZIBin(n, R & )-

The mortality outcome (count/binary) dayg(s;) observed at the households in the

Agincourt area are zero inflated and assumed toviadither a Poisson (count) or Binomial

distribution (binary). We will occasionally dropetts; for notational convenience in the rest
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of the article We therefore resorted to the zero inflated modetsater for the imbalance due

to many zeros. The model that takes care of zdiation (6,) can then be represented as:

_[6+(1-g)n(op 8) i y=0
”(Xl”t’gt)_{(l_gt)n(lwtﬂt) ifyt:t 0 (6-'

With canonical links of the expected meapfE( y, (.)) = log(x) =7, and

t

M for the Poisson
1+ex

t

g(E(y () =logit( p) =#, with means arg, = exp(, Jandp, =

and Binomial distributions, respectively. A spagimiporal canonical link (linear predictor)
model can be expressed as

n(s)=%(s)B+ f(s)+&( 9
ft(sj) = (aft—l(%) +a1)( §) (6_4)

whereg,(s;) ~ N(0,c? I, )with identity matrix |, of dimensionmx m, o~N(@,2=d%) with a
stationary AR(1) procegg ~ N (0,2 /(1-¢/)) (260). The is a dense GIfn by m

dimensional matrix from a Matérn distribution witbale and smoothness parameteend
V (which is fixed in all our computations) respechuéAs the size ofm increases
computations become increasingly more difficult tuéhe “big m” as previously

highlighted.

6.2.3 Solving the "big m" using the SPDESs to estima  te the spatial random

effects

To resolve the computational burden associated th@lGF Matérn covariance function we

used a technique that changes this to a GMRF peapmg Rue and Held (2005)(96). Briefly
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the locations are converted into areal trianguteifirstly by making them the initial triangle

vertices before adding more vertices for propantyulation which extends the grid and are

very useful for prediction. Figure 6.1 shows howemeployed triangulation to our data, the

diagram on the right was made assuming househattdgs00 m were similar we fit 488

vertices and 938 triangles.
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Figure 6.1: Agincourt sub-district: original household locations (left), triangulation of

all households (centre) and triangulation of housedlds within 500m apart (right).

The SPDE technique redefines the Matérn field fasta "representative” linear

combination of basis functions on a triangulatiéthe locations (260). Hence for our

spatiotemporal random effects in GMRF represematie geté~NO0Z=Q")

51 - N(O;

Q _
1-¢

and

Q;lj whereQ,is a sparse time-invariant precision matrix witension

m vertices from the triangulations. A joint spatiofgoral GMRF

f,~N (O,Q'1 =(Q O Q)_l) whose precision matrix is the Kronecker produdhef

temporal and spatial precision matrices; is suah fhz Bf, where the basi8 is a sparse
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matrix with unit elements for matching triangle tes and zero’s elsewhere (259).
Therefore equation (6.4) becompes X, + Bf, + &, where we letx, ={f, B,8} be the
vector of latent Gaussian fields agg={c?, »,k,0”} being a vector of unknown parameters.

We can thus express our model into a hierarchiealsGian latent variable fashion as
follows, stage 1-observational equation, stagea2eht Gaussian field and stage 3- parameter

model (263):

stagely, k 4, N(XB+Bf ¢’l,)= N(ﬂM @ F A Q4 ))

stage 2x ¢, N(u, & R 4 ) (6.5)
stage 3¢, 1 ¢, )

where the precision matric€g*(.) are either small enough (for easier multiple feistdion)

or sparse (264). These models cover a wide rangedgls 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 aifintbthe posterior distribution of the

processes and parameters updated by data (94¢dli be expressed as:

Probability (process, parameters | data) Likelihood (data| process, parametexs)

Probability(process| parameters) Probability(parameters)

Applying this expression to our modigiting © ={ 8,¢.6,,07, .k .07} denote the vector of all

parameters and dropping the subscripts to presemdtor form¢ ={¢} and datay ={y}

(260, 261), their joint posterior distribution has:
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n(©,&n1y)Dr(yl© £ n)r(n ¥ ©)n(é ) (6.6)

Figure 6.2 gives a simplified pictographic view, where lettedre the data and assumed
distributions, level 2 is a process, level 3 aratelparameters and level 5 gives the default

hyper-parameters used in the INLA package.

yin,.0~ ZIP(u,.,0) < y,(s,) = y,|n,. p,,0 ~ ZIBin(n,, p,, 0) Level 1
4
T oA
n, (S Level 2
/:(5)\‘9(‘) Level 3
_, 1(5 ()(s
J_
logit(z,) B~ N(u,,7, =log(x) 100(2' ) log| r=—1| log(z,)
A K
Level 4

()~ N(=1,0.2) 7, ()~ N(0;0.15) 7, ()=7x_()=7T)~1gl(L;5x107 %) 7, ()~ lgT°(1;1x107%)

Level 5

Figure 6.2: Hierarchical structure of a zero inflated spatiotemporal model fit using

INLA

The posterior marginals are required, standara¢3ted approximation (ii) and numerical

={5.1,8 {po? k.07

integrations (iii) for latent fields and hyper- paramete|¢s

respectively (96, 261):

Chapter 6 — page 163



) m(x.81y) =[x 16, y)7(g |y)d¢ (g, Y=]nle Ydo,

i) 77(x.¢ 1y) = [ 72(x, 18, ) 7(# |y)d g (g, |y=jfr¢ ) dg., (6.7)
_ (x.21y)
i) 72(x.8 1) = 270, 16 Y) 718 19 ;YO j (19, y)xzwd%

Using this technique we aim to initially get thenbs “nested” inside the integrand in

equation 6.7i) left hand side without integration (264). To dovgfirstly estimate the

marginal 71; (X |, y) which is a Gaussian approximation »fvith mode x* (@), for a

given ¢ . Secondly we estimatﬁr()g | @, y) = N( XM (¢),0i2(¢)) using either Gaussian or

Laplace or a simplified Laplace approximations (2&¥e computed these marginals using
the R package Integrated Nested Laplace ApproximdtNLA) which uses the simplified
Laplace approximations (96, 163, 261) The INLA @ubhare also enables easier spatial
prediction since it computes posterior conditioriatghe spatial random effects on all

triangulation vertices including the extensionslagwn in figure 6.1.

6.2.5 Model goodness of fit and convergence diagnos  tics

We assessed the accuracy7To(f¢ | y) using the effective number of parameters, whichbzn

approximated as the difference between the dimardfithe normalised integral

{n(¢ | y)} " and the trace of the product of the prior precisiatrix and the posterior

covariance (238):

Po () = - t{ AP Q*(¢) 7} (6.8)
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The deviance information criteria (DIC) was alsedisvhich is defined as the difference
between twice the mean of the deviance and thedewiof the mean according to

Spiegelhalter et al. (2002) (238) and expressed as:

D(x,@)=-2) log{ 71('y |% ¢)} + constar
i 6.9)

An interpretation of this is quite straight forwatlle smaller the effective number of
parameters the more parsimonious the model anshtlaler the DIC the better the model fit,

more-so most parsimonious is not always the bestemo
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 suraedé system (HDSS) site was set up in
the Agincourt sub-district in 1992 due to its remlaication, availability of several clinics

and presence of Mozambican in-migrants who arragdefugees during the early to mid-
1980s during the civil war (265). By 2010, the Agpnrt HDSS had a population of over
84,000 persons living in approximately 15,000 hbwses scattered throughout 27
neighbouring villages. Cause-of-death data weraiobét through verbal autopsies conducted
on every recorded death (197). Interviews were gotadl by trained field workers within

one year after a death, with the closest caregivtre deceased in their mother tongue.
Cause-of-death was independently determined byredical practitioners with the third
serving as arbitrator when consensus could no¢dehed. The consensus cause-of-death was
classified according to the World Health Organia®s International Classification of
Diseases (ICD10) (198). HIV/TB mortality in childrevas ascertained by reported signs and

symptoms, and in some instances supported by thieen'® cause of death (198). Over 90%
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of the HDSS households were geo-coded by 1992 w2010 all the households were geo-
coded, thus enabling spatial analyses at houseisolekll as village level. The study design
was a retrospective cohort study covering housshalbderved from the establishment of the
site to December 2010. Both the Agincourt HDSS thiglstudy were granted ethical
clearance by the University of the Witwatersrar@smmittee for Research on Human
Subjects, M960720 and M081145 respectively. Verifakmed consent was obtained for

each census update round and for verbal autopaycdééction. .
6.3.2 Dependent and independent variables

The persons included in the study were all childrged between 0 and 10 years who lived or
had lived in the Agincourt HDSS between 1992 anddd&er 2010. The independent
variables used were: child’s gender, birth-weigitegory, age category, socio-economic
status (availability of water, electricity and &)l and number of mother’s antenatal clinic
visits during pregnancy and year of observatiore Mbusehold’s latitude and longitude were
used to construct the latent variables for theigpandom effects and year the AR(1)
temporal effects. The dependent variable was dhatto HIV and/or tuberculosis (TB)
determined by the WHOs ICD10 codes A16-A19 and B2@- These data were extracted
using Structured Query Language (SQL). Prelimimttata analyses and data management
were done using STATA 10.1 (203). The Bayesianyaimlvas done using an R software

package called INLA (163, 261) .

6.3.3 Descriptive statistics

There were similar proportions of boys and girl8.886) with an average age of 6.14 years
(standard deviation of 3.38). AlImost 9% (8.89%}h& births were of low birth weight, the
majority (60.3%) of the children were only obsenadtér their §' birthday. Only 8.09% had

access to all of clean tap water, flush toiletdegnouse and electricity, which is expected in

Chapter 6 — page 166



this rural area. Health check-ups during pregnaveyaged 6 antenatal care visits, with the
majority (73%) not attending at all. A total of 436,057 (0.64%) deaths were due to AIDS
(including HIV/Tuberculosis) therefore showing pease of zero inflation. Mortality was
moderate in the early to mid 1990s before graduadliseasing from 1999 and reaching a
peak in 2001, remaining high for several years teefogradually declining from 2007 as

shown in figure 6.3.
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Figure 6.3: Year specific child deaths due to HIV/B from 1992 to 2010

6.3.4 Zero Inflated Poisson and Binomial spatiotemp  oral modelling results

We performed univariate and multiple variable asa$yusing both the ZIP and ZIB models.
Multiple variable models were fit systematicallarsing with one without random effects,
then spatial only, temporal only and finally sptmporal random effects. The R-codes
using INLA are given in appendix 6.8. From our ftesghown in tables 6.1 and 6.2, our
discussion will be centred on the ZIP spatiotemipmi@del which was the best fitting model
since this had the lowest DIC (4532.31) and catéredpatiotemporal random effects, as

later indicated in section 6.3.5.
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patiotemmral random effects

Variable Summary, n(%) or | Univariate results, | Non-spatial multiple | Temporal multiple Spatial multiple Spatiotemporal multiple

meanzsd RR(95% credible variable model, variable model, variable model, variable model, adjusted
interval) adjusted RR(95% adjusted RR(95% adjusted RR(95% RR(95% credible
credible interval) credible interval) credible interval) 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) (0853;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) 3(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

1-5years 19,619(27.61) 0.21*(0.17,0.26) 0.20%(0.16,0.25) 83(0.23;0.64) 0.20*(0.16;0.25) 0.18*(0.14,0.22)

5—9years 42,858(60.31) 0.05*(0.04,0.07) 0.04*(0.03;0.05) 43(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;1.00)

At least two 21,871(30.78) 0.74*(0.56;0.97) 0.73*(0.56;0.96) 713(0.54;0.93)

All three 5,748(8.09) 0.57%(0.37;0.86) 0.55*(0.35;0.83) (3(5334;0.81)

Antenatal clinic visits 6.00€1.50) 0.98*(0.97;0.99) 0.98*(0.97;0.99) 0.96*(0.847) 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;8)2 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 0.32%(2.143.33x10)

+ standard deviation)

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 usingero inflated Binomial adjusting for spatiotemporal random effects

Variable Non-spatial multiple Temporal multiple Spatial multiple variable Spatiotemporal multiple
variable model, adjusted | variable model, adjusted | mode, adjusted OR (95% | variable model, adjusted OR
OR (95% credible OR (95% credible credible interval) (95% credible interval)
interval) 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) .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-—1years 1.00 1.00 1.00 1.00

1-5years 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—9years 0.006*(0.004;0.008) 0.005*(0.003;0.95) 0.006*(0.(0A08) 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*(0.2(®3.

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%(2.143.33x10)

Effective number of parameters

11.10(0.080)

24 581

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 agdmmns with child HIV/TB mortality,

firstly the age category of the child, which shoveedecrease in mortality with increase in
age (Chi-Square p-value<0.001). Those aged 11@4/19,619) were 82% {0.18 (0.14;
0.22)} less likely to experience a death due to HE/ compared to those under
1(262/8,580), and those 5 to 9 years (67/42,858¢ @6%{0.04 (0.03;0.05)} less likely to
die from HIV/TB relative to the under 1s keepinbaher variables constant. Secondly the
category of birth-weight was significantly assoeatvith deaths due to HIV/TB, showing a
decreasing trend with greater birth weight (Chi-&gup-value<0.001). Those who had a
birth weight of 3.5 kilograms and above (232/49 A®6re 27% (0.73 (0.53;0.99)} less likely
to die due to HIV/TB relative to those who wererbaith a birth weight of less than 2.5
kilograms (76/6,329) independent of other riskdast The only other significant protective
factor was the number of antenatal clinic visitsimay the mother; for every additional visit
the mother attended the risk of losing the chithfrHIV/TB decreased by 4%
(0.96(0.94;0.97)} keeping other variables constanshown by the spatial only and no-
random effects models. Those who had access tioraét resources — electricity, water and
flush toilet (the more affluent in this area) expaced fewer deaths due to HIV/TB
compared to those who had none of these resoiteshow the posterior marginal point

estimates from the ZIP and ZIB models in figurestép and bottom respectively.

Chapter 6 — page 170



Posterior standard deviation for zero inflated Poisson

Posterior mean for zero inflated Poisson
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Figure 6.4: Posterior point estimates for ZIP (tp) and ZIB (bottom) models

As shown in figure 6.4, the area with the greatis&tof child HIV/TB mortality is the central
region with a trend towards the south-west. Thiga® is where households had lower birth
weights, greater infant mortality and fewer visaghe health facility compared to
households in other regions. The lowest risk reggdhe top north-east with the ZIP model
showing fewer clusters than the ZIB model. The daan error maps indicate the greatest
errors on the peripherals which are also the rexgiamere the extensions of the triangulation
shown in figure 6.1. Also consistent with our résuh tables 6.1 and 6.2, there is a greater

margin of error with the ZIB model as compared wite 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 ZRIZIP we investigated the presence of

zero inflation, temporal and spatial correlatioheTull hypothesis for zero inflation was that

the inflation parameteﬁ is zero (no zero inflation) our results in talbBe$ and 6.2 indicate

significant presence of zero inflation of 0.04 &2 for ZIP and ZIB respectively.

Investigation of temporality was done by testing®lcoefficient of the first order

autocorrelation model with the null hypothesis tiet process was not stationga?l.

Both our models indicated significant presencetati@narity that is 0.86 and 0.87 for ZIP
and ZIB respectively. Figure 6.5 below shows thst@aor means plus 95% credible bands,
time series plots from the modelling which reseralthe observed data shown in figure 6.3.
Lastly on checking model assumptions we investiéte presence of spatial effects by
inspecting the significance of the componerfsand? ) of the Matérn covariance (see
tables 6.1 and 6.2). Also this was investigatedh whe classical Moran’s indices on the
spatial residuals testing the null hypothesis thete is zero spatial autocorrelation which

from both tests yielded significant results, hergjecting 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, anddahat the latter fitted better in all

the variants from the no-random effects model ogppatiotemporal model as this yielded
smaller DICs and model parsimony. Some of the patanestimates were similar, except for
the zero inflated parameter, age categories atia\weights. The ZIP model also showed
more stable estimates and consistent results iadjusted relative risks (adjRR) compared to
the ZIB and narrower credible intervals. As a waglowing the convergence
pictographically for some parameter estimates, hosvsthe fixed effects logarithmic form

posterior means density plots in figures 6.6 afid 6.
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Figure 6.6: Posterior density plots of log-means fdixed effects of the ZIP

spatiotemporal model.
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Figure 6.7: Posterior density plots of log-means fdixed effects of the ZIB

spatiotemporal model.

The plots in figures 6.6 and 6.7 show that the ipatars fitted well as GMRF since they are

symmetrical about thus the mean equals the meamadd.
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6.4 Conclusions

The public health implications of our results cerdn inappropriate health seeking behaviour
in rural areas. Interventions could target two gaf mothers (or other caregivers) — those
not yet infected and those already infected. Fén gooups, antenatal clinic attendance could
possibly improve birth weight and reduce the riknéant mortality. For those mothers’
already HIV-infected, there need to be widely asités and effective prevention of mother-
to-child programmes, with provision of anti-rettetapy for HIV-infected mothers and
infants.. A significant decline in mortality canmeddy be observed in our cohort post 2007,
the year when ARVs were first offered within theadusub-district. Poverty, however, still
remains the greatest challenge in low- and middbe+ne countries and care must be taken to
ensure interventions reach those most in needr&3uits from spatiotemporal Bayesian

modelling coupled with maps can be very usefullimcating scarce resources.

Modelling that controls for potential confoundirgyan add-on to epidemiological studies and
gives strength to the estimates derived from suatieiting procedures. Our modelling
approach caters for potential spatial and tempmmafounders. This approach was also able

to cater for “large” zero inflated spatiotemporatal

A major limitation in low- and middle-income nat®rs lack of reliable and user friendly
analytic software, which was addressed by usingAldlpackage available on the public
domain. Zero inflated Poisson (ZIP) and zero iefalegative Binomial (ZINB) models
were used for log link function linear predictorglaalso catered for spatial random effects
(266, 267). It has also been noted from other stuthiat the log link function linear predictor
models were more stable than logit link functiondels when they contained a spatial

component (266). This finding was also confirmedum study as we observed that models
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from the exponential family with a log-linear prettir were more stable and able to converge
better than the logit-link function model. This nvated us to treat the outcome as a discrete
measure as opposed to binary mostly used for logegression(23). We demonstrated that
the “big m” can be resolved with great ease forigutealth 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
Tibrary(foreign)
Tibrary (INLA)
Tibrary(coda)
Tibrary(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(meshl23)

#4.# Store the data-->vertex mapping:
## ( mesh$idx$loc[m] is the mesh vertex for data location number m )
decdata$hhid = meshl123%$idx$1oc

#5.# Create the SPDE/GMRF model, (kappaA2-Delta)(tau x) = W:
spdel23 = inla.spde.create(meshl23, 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(slumrurall)+as.factor(age_cat)+as.factor(birth
weight_cat)+antenatalvisits+f(hhid, model="iid")+f(idno, model="1iid")

#gg.Tempora1 random effects model with household and individual random
effects
temponly=hivtb2~sex+as.factor(slumrurall)+as.factor(age_cat)+as.factor(bir
thweight_cat)+antenatalvisits+f(year, model="arl")+f(hhid,
model="1iid")+f(idno, model="iid")

#6c.spatial random effects model with individual random effects
spatonly=hivtb2~sex+as.factor(slumrurall)+as.factor(age_cat)+as.factor(bir
thweight_cat)+antenatalvisits+f(idno,model="1iid")+f(hhid,model=spdel23)

#6d.spatiotemporal random effects model with individual random effects
spatiotemp=hivtb2~sex+as.factor(slumrurall)+as.factor(age_cat)+as.factor(b
irthweight_cat)+antenatalvisits+f(year, model="arl")+f(idno,
model="1id")+f(hhid,modeT=spdel23)

#7.# Running INLA models on the four stated in step 6

norand = inla(norand, family="zeroinflated.poissonl",data =
decdata,control.results=1list(return.marginals.random=TRUE, return.marginals
.predictor=TRUE),control.compute=Tist(dic=TRUE,cpo=TRUE))

summary (norand)

spatonly = inla(spatonly, family="zeroinflated.poissonl",data =
decdata,control.results=list(return.marginals.random=TRUE, return.marginals
.predictor=TRUE),control.compute=Tist(dic=TRUE,cpo=TRUE))

summary (spatonly)

temponly = inla(temponly, family="zeroinflated.poissonl",data =
decdata,control.results=list(return.marginals.random=TRUE, return.marginals
.predictor=TRUE),control.compute=1ist(dic=TRUE,cpo=TRUE))

summary (temponly)
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spatiotemp = inla(spatiotemp, family="zeroinflated.poissonl",data =
decdata,control.results=list(return.marginals.random=TRUE, return.marginals
.predictor=TRUE),control.compute=Tist(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)
Tibrary(ape)

D.dists <- as.matrix(dist(cbind(mesh123%$loc[,1], meshl23$Toc[,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.inTa(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(spdel23, precision=1list(tau=tau,
kappa2=kappaA2))$precision

#12b.# Reference point for covariance/correlation comparisons:
ref.s = (which.min((mesh123%$7oc[,1]-mean(range(meshl123$loc[,1])))A2 +
(mesh123%$1oc[,2]-mean(range(mesh123$Toc[,2]1)))A2))

#12c.# Calculate covariances (S) and correlations (SS):

S = solve(Q)

SS = diag(1l/sqrt(diag(s))) %*% S %*% diag(1l/sqrt(diag(s)))
D = as.matrix(dist(mesh123$1oc))

#12d.# Theoretical Matérn correlations and covariances:
dd = (0:1000) /1000

SS.theory = (dd*kappa)*besselk(dd*kappa, 1)

SS.theory[1l] = 1

S.theory = SS.theory/(4%pi*kappaA2)/tauA?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(meshl23, 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,

x1lim=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,
x1lim=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)

Chapter 6 — page 180



Chapter 7

7.0 Discussion and conclusions

In this thesis | have categorised our findings inttirect and direct determinants or risk
factors of morbidity and mortality adjusting foraggaphical locations as a proxy for socio-
economic and environmental factors. A consistetiepaof results was observed when using
different analysis techniques coherent with théedgnt study designs, multi-level structures,
amount of data and spatiotemporal correlationd. @ clude this thesis | provide a
discussion of the results in relation to the gladmaéntific body of knowledge. These can be
grouped according to three thematic areas: detamtsrof childhood morbidity: adiposity

and malnutrition; direct risk factors of child HTWB mortality in observational cohorts; and
spatiotemporal modelling of mortality and morbidityresource scare settings (shown in

table 1.1).

This thesis uses data over the period 1992 to 20%pan of 19 years that makes up almost
three quarters of the United Nation’s Millenniumvempment Goals (MDG) period of 25
years. Goal 4.1 aims to reduce under five childtality by two thirds over that period (3).
Our results overall demonstrate a significant aecin mortality due to HIV/TB after the

introduction of antiretroviral treatment in the abAgincourt sub-district in 2007.
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7.1 Determinants of childhood morbidity: adiposity and malnutrition

Theme 1. Key summary points

1. Spatial differentials exist in childhood adiggsand malnutrition
measures.

2. HIV morbidity retards child growth and plays &dmatory role.

3. Child morbidity due to either malnutrition orWVWand vice-versa
results in a vicious cycle.

In this thesis, through the manuscripts in Cha@2eaad 3, we identified determinants of
childhood adiposity: malnutrition and mortalitynSiar determinants have been found in
other studies as well (167-169, 172, 173, 268-271@)ever none of these studies have
simultaneously examined how the determinants inte(birectly or indirectly) nor have they
adjusted for household spatial random effects.CHapters in this thesis highlight spatial
differences within the Agincourt sub-district aat@ely small geographical area. Firstly,
childhood adiposity: there is evidence of spatitiecences in those who are either
overweight or obese (Chapter 2). Secondly, chilthatation measures: geographical
variations in the study area are shown in Chapt€irlly, child HIV/TB mortality: we
demonstrated clear spatial patterns for eithenglesiyear (Chapter 4) or over several years
(Chapter 5) and also including infants and thosevallive years of age (Chapter 6). The
findings indicate similar geographical pattern@\gincourt; areas with no health facility had
significantly greater malnutrition and adipositpdeareas with a higher concentration of

former Mozambican refugees and households withmldical parents were at greater risk
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of mortality. Access to affordable health careusrently a major global debate; yet the issue
for rural dwellers in South Africa is not only thaftconsultation costs (primary health care is
free) but includes transport costs as a major éraiealth awareness and a health seeking
behaviour and the dual use of traditional and westesdicine in treating and preventing
childhood diseases. The free primary health capéén overburdened due to political and

economic refugees from neighbouring countries.

Other key findings were that those children infdatgth HIV were more malnourished and
were likely more vulnerable to acute illnessesuFegr.1 graphically presents what is
currently known of the effects of HIV on malnutoiti and how our study results contribute to
this body of knowledge. The association between &td malnutrition is usually modelled

as a vicious cycle as supported by several st@iz49).
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Figure 7.1: Vicious cycle depicting inter-linkage 6HIV, malnutrition, maternal and geographical locations: adapted from Piwoz and

Prebel (2000).
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Moreover, our study provides information on thecgge areas where interventions are most
needed, which is a powerful tool for policy-makansing for effective control. Many studies
have demonstrated that lower anthropometric indacesassociated with an increased risk of
opportunistic infections (151-156, 271). The impagtchildren starts in utero: among
pregnant women that are HIV infected there aredrightes of preterm births, lower-birth
weight, slower growth and greater risk of severénotation (272-275). As such,
interventions have centred on prevention of motberhild transmission, maternal uptake of
ART, supplementation of macro and micronutriertisyglation of breastfeeding, and home-
based post-testing counselling and support (27§-28 efficacy of counselling was
demonstrated in a follow up qualitative study afdd who were infected; this revealed that
when women knew the status of their children theas a change to improved health seeking

behaviour (205).

7.2 Direct risk factors of child HIV/TB mortality i n observational cohorts

Theme 2: Key summary points

1. Childhood mortality due to HIV/TB is exacerbatad
poverty.

2. Maternal deaths increase the risk of child ldeat
threefold.

3. Spatial differentials in mortality are found Wwetn
rural households and over time.

In Chapters 4, 5 and 6 we showed that HIV/TB chilattality was influenced by household

factors, multiple deaths, male household headsidp most importantly, mother’s survival
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and presence. Common patterns found in our anatgsebe grouped into three main
categories of child HIV/TB mortality determinantsthe Agincourt subdistrict: gender,

maternal and household.

Gender: boys were at least twice as likely to chenf HIV/TB compared to girls, and
households headed by females had a higher chilthitpicompared to those headed by
males. Some government policies have female affivm@olicies for university entry and

employment to address gender differentials.

Maternal death had the greatest impact on HIV/TiRlakeaths. The most likely cause of

HIV infection was mother-to-child transmission. W¥ation of mother-to-child transmission
(PMTCT), using a single-dose of Nevirapine (sdNBininistered to the child and mother,
was found to reduce child mortality by about 9% wouth Africa (204). Unborn and newborn
babies acquire the virus from their mothers eithertero, at birth (intra-partum) or after

birth (postnatal) (98, 283). Many studies reporlpd results from these clearly
distinguished stages of child HIV infection and teprovide inaccurate estimates of the risk
factors (284)The mother's survival significantly increases ikelihood of the child’s

survival, hence antiretroviral therapy (ART) foetmother is vital for the health of her
child(ren) (284). The impact of ART has been denansd in a study done in rural South
Africa (206). The main source of transmission of dilBong children are adults, as shown by
a study on a high risk spatial cluster in Southdsfrwith an incidence three times higher than
WHO levels (50). Kimani-Murage et al. (2009) fouhet knowledge of child HIV status
does influence the manner of care-giving and aecegt of community-wide interventions

(205).
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In Chapters 5 and 6 we show that the larger thebeummf household members the lower the
risk of child death. However, as the number of letvadd deaths increased, the risk of child
deaths was also higher. These findings imply tbaskholds with healthy adults may have a
higher socio-economic status, effective childcarel more and diverse livelihood strategies
which are protective of HIV/TB child mortality. Ghe other hand, households with more
deaths are more likely to degenerate socio-ecoraipihirough loss of a bread winner, high
health care and funeral costs. This then comprantissr ability to cater for HIV positive
children. Former Mozambican refugees remain attgreak of child HIV/TB deaths,
indicating the need for specific health care inéetions to marginalised and vulnerable

households.

The Agincourt sub-district, covering over 400 s@uidtometres is a tiny portion of the vast
1.2 million square kilometres of South Africa. Ykere is clear evidence of spatial variability
and differentials in child HIV/TB mortality and nraltrition dependent on household
location. This approach to analysis can providécgohakers with visual maps relecting

burden of disease its determinants that are utafdieveloping and targeting interventions.
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7.3 Spatiotemporal modelling of mortality and morbi dity in resource scare

settings

Theme 3: Key summary points

1. Modelling of large spatiotemporal sparse dataranlti-level
(hierarchical) data using zero inflated distribngo

2.Use of system science approach in modelling aeqmnal framework
using structural equations.

3. Adjusting for confounding and biases using nplativariable Bayesian
random effects models and multivariate spatialesgon.

4. Analysis of complex large spatiotemporal daiagifreely available and
user friendly statistical software.

This thesis has used some novel applications dfes&blished and emerging statistical
methodologies. In Chapters 2, 3, 4, 5 and 6 | giedidetail (often in the appendices) on:
multiple and multivariate spatial regression, siual equation modelling, zero inflated
models and faster estimating procedures respegtivae growing field of spatiotemporal
epidemiology brings in the person, place and tispeats in the risk factor analysis. |
demonstrated that spatial Bayesian models prowttertfitting models compared to non-
spatial models. Therefore catering for the spasiatlom effects further improves the model
and parameter estimates obtained compared toadhssatistical models. Bayesian methods
were also capable of handling the complex struatfifeéerarchical data from the Agincourt
sub-district. Prior known information on the dibtrtion of data can also be utilised in

Bayesian modelling. Another advantage of such niodek adjusting for space-time related
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confounding in the analyses. | was also able tiones¢ household specific posterior hazard
ratios which were adjusted for socio-economic amtf@unding variables in the

multivariable model.

Zero inflated models such as the Poisson (ZIP)zand inflated Negative Binomial (ZINB)
models were used with a log link function of lingaedictors which also catered for spatial
random effects (23, 267, 285). It has also beeadfstom other studies that the log link
function converges faster than the logit link whieey contained a spatial random effect (23).
This finding was also confirmed in our study adbserved that models from the exponential
family with a log-linear predictor converged betéed faster than the logit-link function

model (Chapters 4 to 6) (23).

Full and lowrank kriging (spatial prediction) alenabled drawing of smoothed risk maps
which can be used by policy makers to better tazgetmunity interventions. This can be
this can accelerate achieving selected MDGs suchdaging child mortality by two thirds
by 2015, since rates can be mapped to specifis dn@amay be lagging behind public health

goals and targets.

Another emerging area in epidemiological reseas®@ystem science analysis of complex
social, psychosocial and medical inter-relationg. ¥§ed this technique in Chapters 3 and 4
when we modelled the inter-relations between HIW aralnutrition and HIV/TB mortality

and it's determinants, respectively.

Several approaches were used to address confouagighigiases in this thesis. In Chapter 2

we used multivariate Bayesian procedures to simetasly model different adiposity
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measures, and in Chapter 3 the same proceduresusatdor malnutrition growth indices
adjusting for age, weight and height of the chitdChapter 4, structural equation models
were used to adjust for confounding. Chapters 56aadjusted for space-time confounding in

the multiple variable models.

A major limitation in developing nations is lack réliable and user friendly analysis
software, a hurdle we overcame by using R packageé®BayesX freely available in the
public domain. | demonstrated that the “big n” (mgor big N) can be resolved with great
ease for public health mortality hierarchical stanes with the aid of SPDEs and INLA

(Chapter 6) and moderately using lowrank krigingdters 4 and 5).

7.4 Strengths and limitations of the study

The findings of this thesis have both strengthslanidations which | 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 thatdata are consistently updated, corrected
and checked for inconsistencies (annually for iye20lyears at the time of undertaking this
thesis). Nevertheless two potential variable-reldtiases remain, namely selection and recall
bias. Selection bias may occur if permanent outramig differ from residents or temporary

migrants. Measurement bias on the outcome varrabkgality is unlikely as death is a major
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household event, however it may affect the qualitthe verbal autopsy (VA) interview,
conducted at least one month after death. Furthrerrbéas can be introduced through the

procedure of medical experts that assign a caudeath.

7.4.2 Comparability of findings

The Agincourt sub-district patterns are comparablgmilar rural settings in South Africa,
for example those found in rural northern KwaZulat®l province (206). While many rural
areas are not geo-coded to enable direct compasisioends and patterns, our findings likely
reflect similar patterns in other rural settingewéver, our study may differ somewhat by

the presence former Mozambican refugees, a patlgululnerable sub-group.

Global and regional comparability is still a chalje as a typical rural area in South Africa
may differ from other countries. Comparison withetHDSS sites that have geo-location
data isn a potential future study, that would diggtt on similarities and differences across

different geographic, cultural and socio-econoneitiisgs.

7.4.3 Confounding and effect modification

Several approaches can be used to address cormiguatithe design level (e.g.
randomisation), during the study (e.g. throughube of subject experts and validated
instruments), and during analysis (e.g.multivaeaieigression, standardisation and
stratification). In dealing with confounding we daeminately used multiple variable
regression models in the all the Chapters 2 tché. modelling approach used caters for
spatial and temporal confounders and also for laege inflated spatiotemporal sparse data.
This was done directly as covariates, as in Chdpter as specified correlation structures as

in Chapter 6. However, | did not model time varyoayariates and spatiotemporal
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interactions. Mediation on the other hand was te&iein Chapter 3 as we determined

factors directly and indirectly related to HIV andlnutrition in Chapter 3.

7.4.4 Analysis and computing

The analysis techniques brought me into contadt seweral fields of research beyond my
existing areas of expertise. Social science — quneéframework formulation and modelling
via structural equation models; computing — modgllarge datasets and handling data
structures in different platforms, use of clustetesmentary coding and decoding; Bayesian
statistics — conditional model formulation and slating models to programs. | used
programs that were freely available and got toradewith the creators whilst | did my
analyses. Since mostly non-informative priors haeen used, experts’ opinions were sought
to build and apply more informative priors in ouoaelling which allowed us to fully utilise
the data.

A limitation of using the non-user specific algbnts (BayesX and R) was that some changes
that were necessary for our work could not be ipoated without in-depth knowledge of
programming in C++ and Fortran. Design of somehefdtudies in the thesis, in particular
the cross-sectional study design (in Chaptersaid34) limited us to discuss associations
without extending these to causality. Statisticadatassification was also a possibility as
mentioned, because all the variables (except fitd'stage in Chapter five) were treated as
linear in the modelling yet they could have been-hiearly related to the outcome and

modelled as splines or higher order polynomialtesd.
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7.5 Conclusion

7.5.1 Agincourt’s spatiotemporal child malnutrition and mortality hotspots

Throughout the thesis three areas consistentlygadeas having the greater burden of
HIV/TB mortality and malnutrition, and in chapteé&ts3 and 4 common patterns of
malnutrition and adiposity were observed. One etéhareas in the north was found to have
the fewest health facilities in the sub-district.chapters 5 and 6 consistent temporal patterns
were observed, with households further south maitty farmer Mozambican refugees —
having the greatest risk of HIV/TB mortality. Thexppear to be some very clear spatial
patterns relating poverty to poor nutritional andrtality outcomes. Interestingly, similar
areas were observed using maps without adjustingofeariates, but became more focussed
upon adding covariates. This strengthens the neenddelling as opposed to deductions
from purely observational maps, and confirms thatrhodels are not producing a picture
very different from what was actually observed.isTimore detailed information on the
distribution of mortality and the causes drivinglitould be useful to government policy
makers, non-governmental organisations and doondegget short-term or a long-term

interventions.

7.5.2 Implications for interventions and policy

During the past decades South Africa has experteahift in disease burden yet policies
have not been timeously adjusted to meet new cigdke(286). For resource scare areas,
individual, community-level and household-basedrapphes should be employed to provide
information that can be used to inform programnampérs on strategies to reduce the level
of malnutrition in children. At the individual chlillevel government services should be made
more accessible, especially in areas of high aehédhutrition and mortality. Increasing

access to mobile clinics, community health workehsld support grants and agricultural
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support could help target childhood malnutrition @ensequently reduce associated
morbidity and mortality more effectively.

Maternal age and education had both a direct aticeit protective effect on malnutrition,
which persisted even after adjusting for spatiatican effects. Hence an indirect approach
could help reduce child malnutrition, for exam@earnching community health education
campaigns targeting women and promoting knowledigehsg between more mature
mothers and younger ones. These types of inteorentiave proven to be effective in
resource-scarce environments elsewhere (181-18#)cused approach could include health
education relevant to childhood needs, growing fimoareas of high malnutrition and
improving access to clean water and hygiene. Toupled with promotion of HIV testing for
pregnant women will help prevent HIV transmissiowl @romote earlier uptake of treatment.
Efforts should be channelled towards strengthefungtional family structures and social
support for HIV-affected households and to imprageess to antiretroviral therapy, food

supplements and psycho-social support.

This study provides evidence that supports thelSAfrican government’s revised policies
on prevention of mother-to-child transmission (PMT)@ffected on 1 April 2010. The policy
allows HIV positive pregnant women to be on antoeiral (ARVS) from 14 gestational
weeks onwards regardless of their CD4 count. Itaddiall people with a CD4 count of 350
and symptomatic HIV or TB regardless of CD4 coumteligible for treatment. Infants can

now be tested without their mother’s consent iroed@nce with the new guidelines (249).

7.5.3 Scope for future research

Going forward, further studies investigating tregsr time using spatiotemporal Bayesian
analysis will strengthen the evidence on risk fesctnd trends found in this study. A

combination of integrated, qualitative and quatitiaanalysis will be useful to fully
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understand the proximal and distal factors thdtu@rfce child malnutrition and HIV
mortality. A longitudinal study following individus' over time, investigating the
spatiotemporal patterns and impact of ARVs on tiatral status and mortality, would be
valuable future work.

However, generalizable results would be most ugefypolicy makers. These could be
obtained by setting up sentinel sites locatedesgreally across the country. Improving
mother's or caregiver's health and socio-econoppodunities would have a direct impact
on child survival. Research results informing gowveent efforts to implement and monitor
structures in rural South Africa that provide higlality PMTCT, ante-retroviral therapy,
access to child support grants and anti-stigmatisaampaigns will contribute to reducing
child malnutrition and HIV/TB mortality.

The end !.
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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: HIVITB; child mortality; conceptual framework; spatial analysis; pathway analysis; South Africa
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COACTION

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

Tuberculosis (TB) and the HIV epidemic are among

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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Fig. 1. Agincourt sub-district in 2004 showing villages
(grey shading) schools (flags), and health facilities (circled
grey crosses).

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-A19' for TB and
B20-B24” 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

'A16 =Respiratory tuberculosis; not confirmed bacteriologically or
histologically; A17 =Tuberculosis of nervous system; Al8 =
Tuberculosis of other organs; A19 =Miliary tuberculosis.

’B20 =Human immunodeficiency virus (HIV) disease resulting in
infectious and parasitic diseases; B2l =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.

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
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absent

VN

Household-related variables:
socio-economic status, number
of deaths in household, gender }
of household head, total number

of household residents

N

|
I

Ecological variables: spatial variables,
distance to health facility

e
/

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.

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 20° and 25° and latitude —2,750° and —2,745°.
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.
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Fig. 3. Child HIV/TB mortality: posterior adjusted odds ratio map, Agincourt sub-district, 2004.

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 x 10 ~?) and older child
age (logit= —4.6 x10°) 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 x107%), 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 x 10 ~3) and increase in household
deaths resulted in greater child HIV/TB mortality
(logit = —8.3 x10~2).

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 x 10 ~2), adjust-
ing for the indirect effects of parity (logit = —2.6 x 10 ?)
and mother’s age (logit =6.8 x 10~%).

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. 4. Conceptual framework pathways results for Agincourt sub-district child mortality determinants in 2004. Key
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from the exogenous (explanatory) to endogenous (dependent) variables and the error terms (&) placed on all five endogenous
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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
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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 y;
(observed; child HIV/TB deaths) and/or #; (for latent endogenous) which then form the vectors of exogenous variables y
and #. The individual level explanatory variables x; (observed; maternal variables, child variables, and household-related
variables) and/or ¢; (latent; spatial and household related-variables such as socio-economic status) make up the vectors of
endogenous variables x and &. These can be expressed in a multivariate equation as follows:

Y=BY+TI'X+a+{
where Y = (y ) is the vector of all endogenous variables with observed and latent variables y and #, respectively, the

vector of exogenous variables X = *) with observed and latent variables x and &, respectively, and the vector of error
terms { = (5'; ) B =[p;] 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. I =[y;] 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. & =[«;] is the vector
of intercepts from the endogenous variables, whereas ¢ is assumed to have mean zero and covariance cov(X,£) =0 such
that { ~MVN(0,X),

Xy =Var(X) X,,=cov(X,{)
where I = (7:;?: cov(X,{) Ty = Var(g)c )

ous and exogenous variables, then Z ~ MVN(u,X,),

v,l=%

7

= (wij ]0: @ 0 ) Let Z = <§> be the vector of all endogen-

_ E(Y)=py _(Eyy Eyx)\ _ (Eyry Ewx : : _ oy
where,uz—<E(X):K and X, = . 5.\, @ with expectation vectors uy =E[(I—B) (I' X+a+

Ol=I—B)~ " (I'k+a) and x =[], variance matrix with variables:
Lyy=Var(Y)=(I—B)~' (I'er' +¥){(I—B)~ '} and Zyy=cov(Y,X) =(I—B) ' I'® (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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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
Key WordS: . main finding was that maternal orphans experienced a threefold greater risk of HIV/TB
Spatiotemporal confounding . .. o R .
HIV/TB death compgred tq those with living mother§ (AHR = ?.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;

Zero inflated
Over-dispersed

Agincourt rural South Africa

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
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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 (USMR) 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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Fig. 1. Agincourt HDSS location North-East of South Africa. Source Kahn et al., 2000.

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-A19' for TB and B20-B24? 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.,

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.

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 6 — co it is absent) and zero inflation (when
0 = 0, it is absent) (Fahrmeir and Echavarria, 2006). Spatial
dependence fiq(s) was modelled by assuming that the
random effects follow a zero mean stationary multivariate
Gaussian random field (GRF) with spatial variance aszpat and
isotropic Matern correlation functions. For the exponential
correlation which is a special case of the Matern
function, the multivariate GRF fgq(S) ~ MVN(0,5") has
variance-covariance matrix Y. = g2, exp[—pd;], where
d; is the Euclidean distance between households i and
i, aﬁpm is the geographic (spatial) variability known as the
sill and p = max;]s; —s;]//0.001 is the empirically
estimated rate of spatial correlation decay (Brezger
et al., 2005). Multivariate Gaussian random field (GRF)
PrOTS e (5) = P{I™ %) o | 5 Hexp (2 (4754 ).

2
pat

where %" 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 (>°) 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
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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 decay
p is estimated from a “representative” subsample obtained
using the mini-max space filling criteria, hence only
parameter 62,,(1/72,,) 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(Q)=-2log(p(y|L2)), where y are the data, Q are the
unknown parameters of the model, p(y|Q2) is the
likelihood. After addition of the standardising constant
C=2logf(ly) we get the Bayesian or saturated deviance
D(Q) = —2log(p(y|Q)) + C. The expectation of this devi-
ance D = E[D(Q2)] 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; p, = D — D(Q), where Q is the expectation of Q 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(), 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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Fig. 2. Kaplan-Meier (KM) survival function over the years 2000-2005 (left) and year specific Kaplan-Meier (KM) curves (right).

using the mini-max space filling criteria, Fig. 3 shows dis-
tribution of 50 knots. The small faint (red)® dots are the
locations and the squares are the selected 50 knots, since
the p (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 ¢=1.79 + 1.87[95%
CI(0.041;6.935)] and the =zero inflation estimate was
0=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

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.

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 (p,) was 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 p, 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



210 E. Musenge et al./Spatial and Spatio-temporal Epidemiology 2 (2011) 205-217

-2745

Longitude
-2750

-2755

T T T

30 35 40

Longitude

Fig. 3. Knots fitted using the mini-max space filling criteria from Agincourt households 2000-2005.

Effect of IntervalStartAge

1 2 5] 4 5
IntervalStartAge

Fig. 4. Non-spatial ZINB with AR(1) baseline hazard (left) and multivariable spatial ZINB with AR(1) baseline hazard (right).

w4
()
j=
g
(]
0
T ©-
e
o
IS
k]
g
=
w
L(? -
T T T T T
1 2 3 4 5
IntervalStartAge
Table 1

Model goodness of fit non-spatial/spatial zero inflated Poisson and Negative Binomial models.

Spatial zero sZIP
inflated Poisson

Non-spatial zero nsZIP
inflated Poisson

Non-spatial zero inflated  nsZINB
Negative Binomial

Spatial zero inflated SZINB
Negative Binomial

Un-standardized Saturated Un- Saturated Un-standardized Saturated Un-standardized Saturated
standardized
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

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-



Table 2

Non-spatial and spatial multivariable zero inflated Poisson models.

Variable Category Descriptive, n (%) Non-spatial zero inflated Poisson nsZIP Spatial zero inflated Poisson sZIP
N=163844 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 0.53 143 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 1.00 233 2.66 1.081° 0.49 0.06 1.09 2.04 295
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 Descriptive, n (%)  Non-spatial zero inflated Negative Binomial nsZINB  Spatial zero inflated Negative Binomial SZINB

N=16844 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) 031" 0.14 0.07 0.28 0.62 1.32 0326 0.17 0.08 0.31 0.63 1.36
Year 2000 (ref) 3360 (19.95)

2001 2826 (16.78) 0.46 027 -0.05 0.48 1.05 1.62 0.55 023  -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) 0.39 032 -0.19 0.40 1.01 1.48 0.45 0.31 -0.14 0.45 1.02 1.56

2004 3002 (17.82) 0.00 025 042 0.00 0.46 1.00 0.03 024  -0.40 0.03 0.49 1.03

2005 2527 (15.00) -0.54 0.41 -127 -0.53 0.26 0.59 -0.43 032 -1.08 -041 0.12 0.67
Child’s nationality Mozambican (ref) 6242 (37.06)

South African 10,602 (62.94) -041 032 -1.02 -035 0.09 0.71 -0.643° 031 -143  -0.68 -0.04 0.51
Mother’s nationality South African (ref) 10,883 (64.61)

Mozambican 5961 (35.39) 0.05 032 -059 0.06 0.57 1.06 -0.12 033 -068 -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" 036 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) 0.17 032 -055 0.24 0.70 1.27 0.11 044  -0.82 0.16 0.82 1.17
Household head gender Female (ref) 3017 (33.98)

Male 5851 (66.02) -0449° 016 -0.70 -0.49 -0.15 0.62 —-0.54" 014 -079 -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" 003 -022 -0.17 -0.12 0.84
Pregnancy parity Mean + SD 2.104 + 1.396 —-0.04 0.11 -024 -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 0.18 065 032 0.08 0.72 -0.36 024 -0.81 -0.31 0.09 0.73

Poor 1833 (20.68) -0.37 020 -077 -038 0.05 0.68 -0.41 0.21 -0.79 -043 0.02 0.65

Moderately poor 1905 (21.49) -0.23 024 -078 -0.22 0.18 0.80 -0.28 024 -075 -0.26 0.22 0.77

Least poor 1858 (20.97) -0945° 033 -1.57 -097 -0.28 0.38 -0.99° 027 -144 -097 -0.49 0.38
Cumulative household deaths Mean + SD 0.252 +0.553 -0.10 0.14 -038 -0.09 0.16 0.92 -0.14 016 -048 -0.15 0.14 0.86
Parity at birth Mean + SD 1.569 + 0.856 -0291° 012 -054 -031 -0.04 0.74 -0314"  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 0.03 009 -0.11 0.02 0.23 1.02 —-0.06 009 -026 -0.07 0.08 0.94

" Significant at 5% level of significance.
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Fig. 5. Posterior adjusted hazard rates (AHRs) smoothed map (left) and contour AHRs map (right) for child HIV/TB mortality 2000-2005.

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 (1.36 = e%3!1,95%CI[1.08,1.88]). There
was a temporal effect on HIV/TB mortality risk for the year
2002 which was more than twice that of 2000
(2.02 = €%71%,95% CI[1.13,4.00]). South African children
were almost twice better protected from HIV/TB death
compared to the Mozambican children after adjusting for
several variables (0.51 = e~068 95% CI[0.24,0.96]). 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 (2.93 =e!%7,
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 = 79548 95% (l1]0.45;0.75]).

For every increase by one visit to the antenatal clinic the
adjusted risk of death reduced by 16% (0.84 =e 0173
95% CI[0.81;0.89]). The least economically poor house-
holds were 62% less likely to experience a child death
compared to the most poor households (0.38 = =096
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 = e70311,95% CI[0.58;0.89]). Lastly as the number
of household deaths increased by one the adjusted risk of
child HIV/TB death increased two fold (2.00 = e 06%,
95% CI[1.12;3.33)).

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
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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 y;|X; ~ Po(/;) are conditionally
independent with mean and variance 4; = exp(;) with lin-
ear predictor #7; = X;f. 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 o; resulting in
YilXi ~ Po(u;), 4; = exp(0; + ;) and in log-linear form
Yiln; ~ Po(y;) (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
etal.,, 2001). We then extend our model incorporate the dis-
persion parameter 6 > 0,y;|%;,6 ~ NB(;,d). 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 0 for extra zeros
and 1 — 0 for the ZIP and ZINB where 0 < 0 < 1. We then ob-
tain the conditionally independent zero inflated Poisson
Yiln;, 0 ~ ZIP(u;,0) and zero inflated Negative Binomial
(ZINB) yiln;, 0,0 ~ ZINB(1;, 6,0) 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 ; = X;f to a structured addi-
tive predictor:

p

N = ij(l,]) +Xip +fSPﬂfi (Sk) + &,

j=1

where fi(z;) are nonlinear effects of continuous covariate
z;j, X; is the linear (fixed) effects design matrix and vector
of parameters f, fopar, (Sk) is the structured random spatial
at household s, €s (all households with children in the area)
and &, 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 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 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 (0).

Yiln;0 ~ ZIP(u;0) with probability density function

0+ (1 —O)M ify,=0
P, 0) = ot

(1- )2 ify, #0
With expectation E(y;|n;,0) = (1 —0); and variance
Vyin, 0) = (1= 0)(p;) +0(1 — )it

A.1.2. Level 2: Processes

i = XiB + fspar; (Sk) + &5,
0 ~ Uniform|0, 1]

X; is the linear (fixed) effects design matrix and vector of
parameters f, fopa, (Sk) is the structured random spatial ef-
fect and ¢, being the unstructured non-spatial random
effect.

A.1.3. Level 3: Parameters

Priors for P(B), P(fypat, IT5a), P(&s, | Tormor), P(6).  Uniform
priors for P(B) and P(0). Multivariate Gaussian random filed
for P(fypa, |T2,) and P(es,|72,,,) are Gaussian independent
and identically distributed (i.i.d) random effects.

A.14. Level 4: Hyper-parameters and likelihood
Hyperpriors for P(t,,) and P(tZ,,) are all Inverse Gam-
ma ~ IG(a*,b"); with hyper parameters a*=b*=0.001
(Brezger and Lang, 2006). After some computations the

likelihood of the ZIP models is:

L(y;ln;, 0) = [ [ Pilm;, 0) o< exp {Z log(0+(1-0)
i=1

¥i=0

exp(— 1)) + W, log (1-0)+ > (u,-+y,~log(ui))}

yi #0

where Wy is the number of units with strictly positive
responses.
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A.2. Zero inflated Negative Binomial model

A2.1. 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 (6), zero inflation (0).

Yiln;, 6,0 ~ ZINB(l;,6,0)  with  probability  density

function
5 .
i - 4 00 ) Fy=0
(1= 0) 57 G2 ) G i i # 0

With expectation E(J’M,i) (1-0)y; and variance
Vl.5.0) = (1 — 0) (1 +15) + 01 — 0)p22.

A.2.2. Level 2: Processes

ni= X;ﬁ +f5Pﬂfi(sk) + &
d|b ~ Gamma(a, b); 0 ~ Uniform|0, 1]

X; is the linear (fixed) effects design matrix and vector of
parameters f, foar, (Sk) is the structured random spatial ef-
fect and &, being the unstructured non-spatial random ef-
fect. We set a=1 and assume a Gamma hyper-prior for
b ~ Gamma(a1, x2).

A2.3. Level 3: Parameters

Priors for P(fspﬂf ‘Tspat (ssk ‘Terraﬂ (9)7 P((S‘b))
Uniform priors for P(/f) and P(0), Gamma priors for P(5|b).
Multivariate Gaussian random field (GRF) priors for
P(fspat, IT2,) and P(es|T2,,,) are Gaussian independent and
identically distributed (i.i.d) random effects.

A.2.4. Level 4: Hyper-parameters and likelihood
Hyperpriors for P(t3,,), P(t%,,) and P(b) are all Inverse
Gamma ~ IG(a*,b"); with hyper parameters a* = b* = 0.001
(Brezger and Lang, 2006). After some computations the

likelihood of the ZINB models is:

n
L(yiln;,0,0) = [ Piln;, 6, 0)00
i=1

6 0
o exp Zlog H+(]—0)( )
fon 0+ U

+ Wo(log(1 — 0) — log(I'(9)) + olog(d))
+ Y log(I'(y; +6)) +y; log(;)

yi #0
— (yi+90) log(d + ;) }

where W, is the number of units with strictly positive
responses.
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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 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 O 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).
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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 x 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
(0(m3)— 0(m312)).

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 y;(s;, t) was the observed HIV/TB related death of
achildi=1, ..., N from a given household j=1, ..., m in a specific
yeart=1,...,Twhichisarealisation of the spatio-temporal process
(., .)eY(.,.). 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:

f
Vils;, ) = X(s, OB+ Y _fOuji, £) + £i(s;, 1) (1)

j=1

where X(s;, t) is the design matrix with fixed p covariates, 8=(8,
... Bp) is the regression coefficients vector, f{.) which is one of the
f9) used to relax the linear relationship or introduce random effects
or both and &(s;, t)~N(0, 0?) 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{s;, t) a Gaussian random field with a first
order autoregressive temporal effect &(s;, t—1) and coefficient ¢
and zero mean multivariate normal (temporally independent) spa-
tial effects w(s;, t)~MVN(0, X = 02 C(Is; — Skl| = h);j # k) resulting
in the equation:

flsj, t) = @&(sj, t = 1) + (s, t) (2)

where |§|<1 in case of stationarity, £(s;, 1)~N(0,02/(1 - ¢?)=
1/7,(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/(I"(v)2"~1))(xh)"K,(kh) for the
Euclidean distance lags h. The parameter v measures the degree
of smoothness and also the order of the modified Bessel function
(when v>0) of second kind K, and finally « > 0 is the scaling param-
eter with arange p = (v/8v/«) where the spatial correlation is close
to 0.1 for each v (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 alog and a logit canonical link functions respectively:
Yelne, Oc ~ZIP(ut, 6¢) and ye|ne, pe, O¢ ~ ZIBin(ny, py, 6t ).

The mortality outcome (count/binary) data y(s;) 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 s; 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 (6;) can then be represented as:

9t+(1 —Qt)n(Omt,Gt) if yt:O
7T(Yelne, 0r) = i (3)
(1 —6)m(1n,, 6r) if y.#0

With  canonical links of the expected means:
8(E(ye(.))=log(pme)=n: and g(E(ye(.))=logit(p:)=n: with means
are w:=exp(n;) and p; = (exp(n)/(1+exp(n:))) for the Poisson and
Binomial distributions, respectively. A spatiotemporal canonical
link (linear predictor) model can be expressed as

n(sj) = Xe(s;)B + fe(s;) + &c(sj)
Je(sj) = Pe_1(s;) + wi(s))

where &¢(s;)~N(0, o2Im) with identity matrix I, of dimension m x
m, w¢~N(0, X = 03)2) with a stationary AR(1) process & ~N( 0,
X|(1—¢?)) (Cameletti et al., 2012). The X is a dense GF m by
m dimensional matrix from a Matérn distribution with scale and
smoothness parameters « and v (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.

(4)

2.3. Solving the “big m” using the SPDESs 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 @;~N(0, X~ =
Q") and &~N(0,(Q;'/(1-¢?))=Q; ") where Qs is a sparse
time-invariant precision matrix with dimension m* vertices from
the triangulations. A joint spatiotemporal GMRF f;~N(0, Q! =
(Qr ® Qs)™") whose precision matrix is the Kronecker product of
the temporal and spatial precision matrices; is such that f; ~ Bf;
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 n;=X;+ Bf; +&;, where we let x;={f,
B, 0;} be the vector of latent Gaussian fields and ¢, = {02, ¢, «, 02}
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: %, @,~N(XcB + Bfi; 02Im) = N(iy, (@,) = Axe, Q' (9,))
stage 20 X|@~N(fy, (9:); Qe (@0)) (5)
stage 3: @~(g,)

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) o Likelihood
x(data|process, parameters) x Probability (process|parameters)

x Probability (parameters)

Applying this expression to our model, letting © =
(B, ¢, 0,02, k,0%) denote the vector of all parameters and
dropping the subscripts to present in vector form, &={&;} and

data y={y:} (Cameletti et al.,, 2012; Rue et al., 2009), their joint
posterior distribution is thus:

(0, & nly) « (y|©, § mn(n|§, O)n(§, O©) (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={B, f, 6} and hyper-parameters ¢ = {¢, 02, k, 02} respectively
(Rue and Held, 2005; Rue et al., 2009):

Dr(x, ly) = / (xilg, y)n(ly)de (yily) = / (ely)de_;

ina(x, oly) = / 7(xilp, y)7(oly)de

(yily) = / (ely)de_;
A, W) = Y FAI0 YFHOIAL Ty o / (. oly)

de_;

(R0, ¥) | iorg)

k

(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 77(x|¢@,y) which is a Gaussian approximation of x with
mode x*(¢), for a given ¢. Secondly we estimate 7(x;|@,y) =
N(x;; ni(@), oiz((p)) 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 7(¢|y) using the effective num-
ber of parameters, which can be approximated as the difference
between the dimension of the normalised integral {77(¢|y)} nand
the trace of the product of the prior precision matrix and the pos-
terior covariance (Spiegelhalter et al., 2002):

po(@) ~n —triQ(@)Q = (@)} (8)
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,V,|77,,p r’g ~ ZIBin(n .p 1’9) = yl(sj) =y |ﬂm9 ~ Z]P(ﬂl,e) Level 1
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0
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[rw =£j log(z,) Level 4
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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 3. Application
defined as the difference between twice the mean of the deviance
and the deviance of the mean according to Spiegelhalter et al. 3.1. Rural South Africa Agincourt HDSS data, study design and
(2002) and expressed as: ethics

The Agincourt health and demographic surveillance system

9) (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

D(x, @) = —2210g{7~1(y,-|x,-, @)} + constant

1

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.

40 45

35

Number of deaths from HIV/TB
1

1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010

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-A19! for HIV and
B20-B242 for TB. These data were extracted using Structured Query

1 Al6=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 Univariate results, Non-spatial multiple = Temporal multiple Spatial multiple Spatiotemporal
mean + SD RR (95% credible  variable model, variable model, variable model, multiple variable
interval) adjusted RR (95% adjusted RR (95% adjusted RR (95% model, adjusted RR
credible interval) credible interval) credible interval) (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)

At least one 27,329(38.46)
At least two
All three 5,748(8.09)

(

(
21,871(30.78)
(

(

Antenatal clinic visits
Zero inflation parameter
Precision for year

Rho for year

Kappa

Tau

6.00(+1.50)

1.00
0.78(0.60;1.01)

0.74°(0.56;0.97)
0.57°(0.37;0.86)
0.98°(0.97;0.99)

1.00
0.79(0.61;1.02)
0.73'(0.56;0.96)
0.55°(0.35;0.83)
0.98'(0.97;0.99)
0.06°(0.002;0.25)

0.96°(0.94;0.97)
0.05'(0.003;0.18)
0.91°(0.23;2.19)
0.88°(0.72;0.97)

1.00
0.77(0.60;1.00)

0.71°(0.54;0.93)
0.53°(0.34;0.81)
0.98°(0.96;0.99)
0.07'(0.003;0.28)

1.98°(1.09;3.66)
1.37°(0.18;2.600

0.96'(0.94;0.97)
0.04'(0.002;0.15)
0.86°(0.16;2.32)
0.89'(0.70;0.98)
1.55'(1.41;1.63)
2.317(1.19;9.08)

Moran’s Indexes:
Observed(Expected + standard

deviation)
Effective number of parameters 12.05(0.05)
DIC 4855.31

0.32°(2.1+3.33x10°3)

25.61(1.10)
4532.69

23.18(5.04)
4846.13

29.16(6.33)
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

-2
1

5 T T T T
0 5 i0 15

PostMean 0.025% 0.5% 0.975%

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 Temporal multiple Spatial multiple Spatiotemporal
variable model, variable model, variable mode, multiple variable
adjusted OR (95% adjusted OR (95% adjusted OR (95% model, adjusted OR
credible interval) credible interval) credible interval) (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

At least one 0.77(0.60;1.01)
At least two 0.717(0.54;0.95)

All three 0.527(0.34;0.81)
Antenatal clinic
visits
Zero inflation 0.22°(0.042;0.66)
parameter

Precision for year

Rho for year

Kappa

Tau

Moran’s Indexes:
Observed(Expected + standard

deviation)

Effective number of 11.10(0.080)
parameters

DIC 5179.43

0.94'(0.92;0.96)
0.43°(0.19;0.79)

0.78'(0.17;1.96)
0.87'(0.67:0.97)

24.58(1.03)

4754.60

1.00
0.76'(0.58;0.99)
0.69'(0.52;0.93)
0.517(0.32;0.78)
0.97°(0.95;0.98)

0.15°(0.031;0.45)

1.98°(1.14;3.55)
1.37°(0.27;2.54)

22.97(5.09)

5180.50

0.94'(0.93;0.96)
0.42°(0.18;0.67)
0.80°(0.20;1.93
0.87°(0.69;0.97)
1.54°(1.41;1.62)
2.23'(1.22;6.91)
0.30°(2.1+£3.33x 1073)
31.12(5.18)

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 1s 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

PostDens [(Intercept)]

PostDens [sex]

93

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 6; 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 (k and t) 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
GMREF 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.#IMPORTING LIBRARIES
Tibrary(foreign)
Tibrary(INLA)
Tibrary(coda)
Tibrary(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 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$Toc

#5.# Create the SPDE/GMRF model, (kappaA2-Delta)(tau Xx) = W:
spdel23 = inla.spde.create(meshl123, 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(slumrurall)+as.factor(age_cat)+as.factor(birthwei
ght_cat)+antenatalvisits+f(hhid, model="1iid")+f(idno, model="1iid")

#g?.Tempora1 random effects model with household and individual random
effects
temponly=hivtb2~sex+as.factor(slumrurall)+as.factor(age_cat)+as.factor(birthw
eigh%_ﬁ@tar?ntenata1visits+f(year, model="arl")+f(hhid, model="1iid")+f(idno,
model1="11

#6c.Spatial random effects model with individual random effects
spatonly=hivtb2~sex+as.factor(slumrurall)+as.factor(age_cat)+as.factor(birthw
eight_cat)+antenatalvisits+f(idno,model="1id")+f(hhid,model=spdel23)

#6d.Spatiotemporal random effects model with individual random effects
spatiotemp=hivtb2~sex+as.factor(slumrurall)+as.factor(age_cat)+as.factor(birt
hweight_cat)+antenata1visits+f(year, model="arl")+f(idno,
model="171id")+f(hhid,model=spdel23)

#7.# Running INLA models on the four stated in step 6

norand = inla(norand, family="zeroinflated.poissonl",data =

decdata, control.results=Tist(return.marginals.random=TRUE, return.marginals.pr
edictor=TRUE),control.compute=Tist(dic=TRUE,Ccpo=TRUE))

summary (norand)

spatonly = inla(spatonly, family="zeroinflated.poissonl",data =
decdata,control.results=1list(return.marginals.random=TRUE, return.marginals.pr
edictor=TRUE),control.compute=1ist(dic=TRUE,Cpo=TRUE))

summary(spatonly)

temponly = inla(temponly, family="zeroinflated.poissonl",data =
decdata,control.results=list(return.marginals.random=TRUE, return.marginals.pr
edictor=TRUE),control.compute=T1ist(dic=TRUE, Ccpo=TRUE))

summary (temponly)
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spatiotemp = inla(spatiotemp, family="zeroinflated.poissonl",data =
decdata,control.results=Tist(return.marginals.random=TRUE, return.marginals.pr
edictor=TRUE),control.compute=Tist(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)
Tibrary(ape)

D.dists <- as.matrix(dist(cbind(mesh123%$loc[,1], mesh123$loc[,2]1)))
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 or 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,]1/2)

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 2.1 and 2.3
Q = inla.spde.query(spdel23, precision=list(tau=tau,
kappa2=kappaA2))$precision

#12b.# Reference point for covariance/correlation comparisons:
ref.s = (which.min((mesh123%$loc[,1]-mean(range(mesh123$loc[,1])))A
(mesh123%$Toc[,2]-mean(range(mesh123%$Tloc[,2])))A2))

#12c.# Calculate covariances (S) and correlations (SS):
S = so1ve(Q

= diag(1l/sqrt(diag(s))) %*% S %*% diag(l/sqrt(diag(s)))
D = as.matrix(dist(mesh123%$Toc))

#12d.# Theoretical Matérn correlations and covariances:
dd = (0:1000) /1000

SS.theory = (dd*kappa)*besselk(dd*kappa,l)

SS.theory[1] = 1

S.theory = SS.theory/(4*pi*kappaA2)/tauA2
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#13.# Prediction,

plotting posterior prediction maps figure 4

## Calculate mapping between triangulation vertices and grid points:

## Resolution for gridded output was dims=c(300,300)
proj = inla.mesh.projector(meshl23, dims=c(300,300))

## Construct greyscale palette function:
my.grey.palette = function (n,
## 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:

.) { return (grey.colors(n,0.05,0.95,...))}

plotdata = inla.mesh.project(proj, spatiotemp$summary.random$hhid[,"mean"])

## Plot PM contours:

postmap = (levelplot(row.values=proj$x,
mm=mm, panel=Tlevelplotmap,
col.regions=my.palette,

column.values=proj$y, x=plotdata,

xTim=range(proj$x), ylim=range(proj$y), aspect="iso",

contour=TRUE, cuts=11,
x1lab="Easting",ylab="Northing",
zero inflated Poisson'))
plot(postmap)

Tabels=FALSE, pretty=TRUE,
main="Posterior mean for

## Map resulting posterior standard deviation field to a grid
plotdata = inla.mesh.project(proj, spatiotemp$summary. random$hh1d[, 'sd"])

## Plot std.dev. contours:
#dev.new()
postmap2 = (levelplot(row.values=projs$x,

mm=mm, panel=Tlevelplotmap,
col.regions=my.palette,

column.values=proj$y, x=plotdata,

x1im=range(proj$x), ylim=range(proj$y), aspect="iso",

contour=TRUE, cuts=11, s
o xlab="Easting",ylab="Northing"
deviation for zero inflated Poisson"))

plot(postmap2)
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