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Abstract

Background

HIV/AIDS is one of the leading causes of deaths in Sub-Saharan Africa among
individuals in the reproductive ages. Malawi is one of the countries in this hardest-hit
region. This study aimed to model the age-specific Force of infection of HIV infection

for Malawi in 2015.

Methods

The report is a secondary analysis of cross-sectional study data from the 2015
Malawi Demographic and Health Survey. The outcome variable was HIV status
which was a binary variable coded, positive and negative. Statistical analysis was
done using survey logistic and multilevel logistic models, survival models. Modelling
the age-specific force of infection was done using Farrington models, log-logistic
model, non-linear model using maximum likelihood estimation and Susceptible

Infected model.
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Results

There were 14,010 male and female individuals aged 15-49 years in our analysis,
where 9.1% were HIV positive. Place of residence, age in years, gender, marital
status and total number sexual partners showed a significant association with HIV
infection. Individuals living in urban areas were more likely to have HIV infection than
those living in the rural areas. The risk of having HIV infection was less likely among
males than females. Furthermore, the risk of having HIV infection increased as the
age in years increased. This was also observed with the total number of sexual
partners. Individuals who reported to have not been married before were less likely
to have the infection unlike those who reported living together, married, divorced and
widowed. The Farrington’s two parameter model was the best fit for the Force of

Infection. The Force of infection for HIV decreased as the ages increased.

Conclusion

Modelling the age-specific forces of infections of HIV is very important as its
estimates help in targeting the specific groups that need more interventions.
Modelling also helps in predictive models such as those used on the 90:90:90 for
HIV by year 2020. It also helps in evaluating disease control programs, comparing

prevention and therapy programs and informing policies.
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Chapter 1 Introduction

1.1 Background

The Human Immuno-deficiency Virus (HIV) is an infectious virus that causes
Acquired Immuno-deficiency Syndrome (AIDS), a weakened immune condition now
most commonly referred to as HIV/AIDS. HIV/AIDS is one of the leading causes of
death worldwide among women and men in the reproductive age groups in middle

and low-income countries (1).

Approximately, about 35 million people globally have died from AIDS-related illness
since the start of the epidemic in the early 1980s to 2015 (1). Sub-Saharan Africa is
the region with the highest number of people living with HIV worldwide with an
estimated 36.7 million individuals who lived with HIV in 2015 (1). About 19 million
people from the 36.7 million living with HIV are from Eastern and Southern Africa

and these two regions bare the greatest burden of the disease (1).

Malawi is one of the countries in this highly HIV-burdened region. Reports from
previous Malawi Demographic Health Survey (MDHS) and surveillance surveys in
Malawi showed a steady decline in HIV prevalence since 1991 to 2010 (from 16.4%
to 10.6%) (2). The 2015 MDHS found that HIV prevalence in the country was 8.8%
(3). It also showed that prevalence was higher among females aged 15-49 years
(10.8%) than males in the same age group (6.4%) which also varied with socio-

demographic characteristics.
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Furthermore, identifying the most affected groups provides information to policy
makers to spread awareness of the impacts of HIV and allocate other interventions

to these groups (4). This in turn helps in controlling the HIV burden.

Parametric, non-parametric, semi-parametric and Bayesian-based models can be
used to model force of infection (FOI) for various infectious diseases. Bayesian-
based models are critical as they can estimate the FOI directly from data, which can
in turn give a real representation of a population (5). Estimating the FOI per age

group is one way which can be modelled using the Bayesian models

1.2 Literature review

1.2.1 HIV-related Force of Infection in Malawi

Malawi is one of the hardest hit countries by the HIV/AIDS epidemic, but information
on the Force of Infection (FOI) is insufficient (6). The force of infection which is the
measure of risk of becoming infected is defined as the rate at which susceptible
individuals become infected with a particular disease. It is closely related to
incidence, which is hard to measure directly (5, 7). The force of infection is also
known as the hazard function (5). The FOI consists of the number of contacts
between susceptible and infected individuals, the probability of transmission and the
probability of a partner being infectious. The FOI estimates the risk of contracting a
disease, unlike prevalence which can lead to inaccurate conclusions as it indicates
how widespread the disease is. Force of infection models are important in public

health as they can help to show if a disease is pandemic across different ages, since

2
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they are often reported as age-specific rates. Models also help in making or
informing policies, comparing prevention and therapy programs and evaluating

disease control programs (8, 9).

1.2.2 Approaches to modelling FOI

Ross (10) established a modeling framework of infectious disease transmission in
the early 90’s. He formulated a mathematical model for FOI known as a priori model.
The priori model assumes knowledge of the cause, constructing differential
equations on the assumptions, testing calculated results and comparing with the
observed statistics. However, the main problem with priori models is that some of the
parameters in the differential equations are unknown (5). Ross (10) proposed
another statistical model known as a posteriori model to solve the problem
encountered with the priori model. The posteriori model starts with the observed
statistics (data), tries to fit models onto the data and check the underlying cause.
Comparing the results of the two models is very important as the two models are
complementary and this can further improve model building within each model (10).
However, the posteriori model is very important as it uses methods derived from the

data to estimate FOI (5). The priori and posteriori are shown in figure 1.1 below.
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Figure 1.1: Priori and Posteriori models

A study done by Misiri, Edriss (6) estimated the HIV force of infection in Malawi using
recurrence relation. However, modelling force of infection using parametric models
only could lead to inaccurate estimations since parametric models can estimate
negative FOI if estimated probability is an increasing function (5). This can be
controlled for by carefully adjusting the range of data observations. Bayesian
approaches used to model the FOI are important since they can estimate secondary
peaks for FOI, unlike parametric models which estimate a single peak model for FOI.
Bayesian models can also estimate a non-decreasing FOI (5). This study, therefore,
sought to estimate the HIV force of infection in Malawi in order to track and monitor
the HIV burden by using three modelling approaches namely, parametric, semi-

parametric and Bayesian-based approaches (11, 12).
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A study done in Brazil used a catalytic model to estimate force of infection (11).
Three models under the catalytic approach were fitted. The first model assumed that
the force of infection was the same for all the ages, and the other two models
adjusted for different covariates. Another study which was done by Sutton et.al,
(2008) used maximum likelihood methods to estimate the force of infection of blood-
borne viruses in injecting drug users. The prevalence of the function was assumed to
depend on the FOI as a function of time and injecting career length. The FOI
contained a parameter which was assumed to follow a gamma distribution. They

found that force of infection for the viruses varied across European countries (7).

1.2.3 Estimating FOI adjusting for socio-demographic and biological
characteristics

Force of infection estimates can vary as a consequence of different behavioural
patterns, biological variance (e.g viral load) and other transmission processes (e.g.,
injection-related) since most models focus specifically on sexually-transmitted HIV
(13). Johnson (2004) suggested that allowing for heterogeneity in sexual behaviours,
condom use and viral load levels in the HIV transmission model is very important as
this helps to estimate the force of infection accurately. When modelling a
heterosexual epidemic, dividing the population by gender is very important. Women
tend to have a higher-risk of being infected than men and HIV prevalence is higher

among women than males (14).
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Furthermore, considering the effect of age is very important when modelling the
force of infection since different age groups have different transmission rates and
different behavioural and sexual patterns. Various studies have shown an
association between age and HIV infection. Some studies found that the risk of
having HIV in Malawi increased as age increased (6, 15). Most of the studies

described above used polynomial models to estimate the force of infection.

Authors agree that reducing the force of infection for HIV is critical for the
development of better approaches and strategies for controlling HIV infection (6, 8,
15) . Thus in order to effectively reduce the force of infection for HIV, we have to first
of all estimate what the force of infection for the disease is in a given setting. This
emphasises the need for continuous monitoring of the infection among populations
at risk, continual surveillance of the risk of infection as well as the force of infection in

order to better protect people from the disease.

1.3 Problem statement

Most mathematical models use estimated force of infection not necessarily derived
from data. This estimated force of infection can sometimes lead to inaccurate
conclusions of the HIV epidemic in a country. Posteriori models are very useful as
they use methods derived from data which can provide better estimates of the FOI.
Furthermore, little has been done to estimate the measure of risk of being infected
with HIV among women and men aged 15-49 years in Malawi using data and the

comparison of different approaches to estimate the force of infection.



1.4 Justification 7

1.4 Justification

Estimating the force of infection for HIV can be useful in controlling the spread of the
HIV epidemic in real strategies and can also help in detecting the infection and
planning national strategic responses. In this study, estimating the FOI using real
data will provide a better estimate of the FOI than a common approach where

mathematical models estimate the FOI without using data.

Comparison of different approaches to estimate the force of infection is important
because it helps to choose or check which approach is the best to estimate the force
of infection. Also, adjusting for other covariates and risk groups helps to determine
the adjusted forces of infection controlling for those covariates. This can help in
targeting a specific group with higher force of infection with HIV control strategies

and monitoring interventions in these groups.

1.5 Research question, aim and objectives

The study sought to answer the following question; what were the age group specific

forces of infection for HIV infection in Malawi in 20157

The main aim of this study was therefore to determine the age group specific forces

of infection for HIV infection in Malawi using 2015 Demographic Health survey data.

Specific objectives of the study were as follows:



1.5 Research question, aim and objectives

1. Describe the socio-demographic characteristics of the population stratified
and compared by HIV status for the year 2015

2. Estimate the age group specific forces of infection for the given population
using non-linear approaches

3. Model the force of infection for HIV using Susceptible Infected (SI) model
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Chapter 2 Methodology

2.1 Introduction

This section covers the methodology and data analysis for this research project. It

also explains the statistical methods used to model the non-linear force of infection.

2.2 Description of Original Study

2.2.1 Survey design and study description area

Malawi is a landlocked country in the sub-Saharan Africa region as shown in figure
2.1. It has a surface area of 118,484 square kilometers and shares its boundaries
with Tanzania to the North and North-East, Zambia to the North-West and
Mozambique to the East, South and South-Western part. Malawi is divided into three
regions, Northern, Central and Southern which are further divided into 28 districts
(16). The districts are subdivided into Traditional Authorities (TA) which are
composed of villages. The 2015 Malawi Demographic and Health Survey (MDHS)
was a cross-sectional, nationally represented survey. The sample in the survey was
stratified and selected in two stages and districts were stratified to urban and rural
areas. The first stage of sampling involved the sampling of enumeration areas
(clusters) and the second stage involved the sampling of households within

enumeration areas(3).
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2.2.2 HIV testing procedures

The 2015 MDHS was the third national survey to include HIV testing. Blood samples
were collected from individuals (men and women) who consented to HIV testing. All
samples collected were tested using three test assays (Enzyme-linked immunoassay
(ELISA 1), ELISA 1l and Murex HIV Ag/Ab combination (DiaSorin)) (3). The three test
assays are described below:

e All samples that tested positive on ELISA | were subjected to ELISA Il and
Diasorin, 5% of those that tested negative were also subjected to ELISA 1l
while the rest were recorded negative. Results that showed negative on both
ELISA | and Il were recorded negative and if results were discordant, the two
assays were repeated in parallel (3).

e Results that remained discordant were subjected to a third assay, the InnoLia
HIV I/ll Score (Fujirebio) line immunoassay. Positive results on both the
ELISA | and Il were also subjected to the third assay, which was rendered
positive if InnoLia was positive and inconclusive if InnoLia was negative or
indeterminate. Discordant results on both ELISA | and Il were rendered
inconclusive if InnoLia was positive, negative if Innolia was negative and
indeterminate if InnoLia was indeterminate.

The HIV results were linked to the individual interview data using unique identifiers

3).

11
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2.2.3 Data collection and Objective of Primary study

Questionnaires were used to collect individual information from men aged 15-54 and
women aged 15-49 years. A total of 27,516 households were selected, of which
26,361 were successfully interviewed from 850 clusters. Of the interviewed
households, a total of 24,562 women and 7,478 men were successfully interviewed
(3).

The primary objective of the primary study was to provide recent estimates of
demographic and health indicators which would help policy makers and program
managers in evaluating and implementing health strategies and programmes(3).

The survey was conducted by the National Statistical Office (NSO) and Ministry of
Health of Malawi. It was funded by the United States Agency for International
Development (USAID), National Aids Commission (NAC), United Nations Children’s

Fund (UNICEF), United Nations Population Fund (UNFPA) and UN Women (3).

2.3 Study design, population and inclusion criteria

This was a secondary data analysis of a cross-sectional, nationally represented
survey of Malawi conducted in the year 2015. The study utilized data of men and
women in Malawi who were tested for HIV in 2015. A total of 850 enumeration areas
and from a total 27,516 households were selected for the 2015 MDHS survey and a

third were tested for HIV (3). A total of 26,361 households were interviewed where,

12
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24,562 women aged 15-49 years and 7,478 men 15-54 years were interviewed. A
total of 15,125 individuals were tested for HIV and this was merged with the
demographic dataset which resulted to 14,779 individuals. Individuals who had
indeterminate or inconclusive HIV results were excluded from the sample which
resulted into 14,010 individuals whose data were used in the analysis as shown in

figure 2.2 below.

13
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[ Households selected =27,516

Households interviewed
= 26, 361

Women Interviewed Men interviewed Individuals tested for HIV
=24, 562 =7,478 =15, 125
Variables merged
Results
=14, 779

HIV- Indeterminate / inconclusive

individuals dropped

Men and Women aged
15-49 years = 14, 010

Figure 2.2: Flow chart of participants who were used in this study

14
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2.4 Power computation

The study utilized all individuals who were tested for HIV. Power was calculated
using Stata clustersampsi command, based on a Stata Ado file (18). At an alpha
level of 0.05, a prevalence of 8.45% was assumed for the population and a
prevalence of 10.2% was observed for the sample. An inter-cluster correlation (ICC)
of 0.15 and a design effect of 3.70 with 847 clusters and 19 households per cluster,

we obtained an 80% power as shown in the appendix A.1.

2.5 Data management and processing

The data were cleaned and checked for discrepancies. The study only utilised
variables needed to answer the research question and the other variables were
dropped. Variables were renamed for easier identification. Exploratory data analyses
were used to summarise the characteristics of the data and check for outliers. The
analyses were done in STATA versions 14 and 15, WINBUGS and R software

packages (19-22).

2.6 Data Analysis

2.6.1 Explanatory Variables

The explanatory variables were grouped into two, categorical and continuous

variables. The categorical variables were:
15
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Region: This variable categorised the country into three regions; northern,
central and southern region.

Place of residence: This variable was categorised into 2 levels; urban or
rural.

Education level: This variable explained the highest education one attained.
It was categorised into 4 levels; no education, primary, secondary and higher
education.

Wealth Index: This variable was categorised into 5 levels; poorest, poorer,
middle, richer and richest

Gender: This was categorised into 2, whether male or female.

Marital status: This variable was categorised into 4 levels; never married,
married, living together and one was divorced or widowed.

Religion: This was categorised into 3 levels; Catholic, Protestants or Muslim

and any other

The continuous explanatory variables were

2.6.2

Age: This variable described the age of the individual
Age at first sex: This variable described the age at which one had sex for the

first time.

Outcome variable

The outcome variable was HIV status which was coded O (negative) and 1 (positive)

as defined in section 2.2.2. The force of infection was a function of the prevalence of

16
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the HIV positive group. The equations showing the relationship are shown in section

2.6.6.1

2.6.3 Survey setting of the data

Survey setting was done in STATA 14.0 using the cluster number (which was the
primary sampling unit), the sample weight and the strata. The strata variable was
generated using district variable (with 28 districts) and place of residence (urban and

rural).

2.6.4 Descriptive and Bivariate analysis

To describe socio-demographic characteristics of the residents, descriptive statistics
were used. Survey-adjusted summary measures stratified by HIV status were used
for both categorical and continuous variable. For the continuous variables, mean and
standard errors were obtained. For the categorical variables, weighted percentages,
graphs and bar charts were displayed. Spatial maps showing prevalence and force

of infection per district were drawn using Spmap Ado files in Stata (23).

The Pearson’s Chi-square test adjusting for survey design effect was used for the
bivariate analysis. This adjusted Chi-square test was used to establish the

relationship between the outcome variable and categorical explanatory variables.

17
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2.6.5 Multivariable Analysis
2.6.5.1 Survey logistic and multilevel models

Survey adjusted logistic models and mixed-effects (multilevel) logistic models were
fitted on our data. Mixed-effects logistic models are logistic models containing both
fixed and random effects. Models with random effects are very useful in modelling
the intra-cluster correlation which measures how observations are correlated. The
outcome variable for these models was a binary outcome which was coded negative
(0) and positive (1). A two-level binomial model was fitted with cluster as random
effect. Odds ratios, 95 percent confidence intervals, and p-values were reported for
each variable and all variables with p<0.05 were considered significant. Adjusted
Wald tests and seemingly unrelated estimation (suest) procedures were used to test

the significance of the parameters and whether the model was a good fit (24).

The survey logistic (one-level) model can be shown as follows (25);

Pr(yij :1‘Xij) =H (Xij/B) (eqn 1)

Where the function H(.) is the logit form i.e,

18
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- p
logit(p)=log| — |=
git(p) g[l_p] 7
P _o
1-p

e77
p_1+e’7

H (17) =exp(n)/ {1"‘ eXp(n)} ...... (eqgn 2)
Where 7 = x,

for j = 1,2,..., K clusters, with cluster j consisting of i = 1,..., nj observations. Yjare
the binary responses which are 1 if HIV positive and O if HIV negative. The x; are the
covariates and B are regression coefficients in the model. The H(.) is the logistic

cumulative distribution which links the linear predictor (7; = x;8) to the probability of

successes (yjj=1) using equation 2 above and exp(B) are odds ratios.

The two-level logistic model (adjusting for random effects) fitted above for a series of

K independent clusters can be shown in the following equations (26);

Pr(yij :1‘Xij , uj) =H (Xijﬂ+ Zijuj)
(eqn 3)

uj are the random effects with zj as the covariates of the random effects.

The binomial distribution follows the probability density distribution as follows
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fij —Yij

Pr(yij):w}{H(xijﬁ+ zijuj)}yij {1—H(xijﬂ+zijuj)} (eqn 4)

ij

The conditional distribution of y; for cluster j , with cluster-level random effects uj and

where yjj are number of successes in the series of rij Bernoulli trials is,

f(yj‘ui)zl_jlpr(yij =1]x;.u;) (eqn 5)
i=1
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n

(o<1 i) o-wap)* |
H (17) = exp(a) / {1+exp(1)}
B NN exp(n;) ) B exp(n;) A
f(yj Uj)_l:ll (Yijj{l"'exp(ﬂij)} {1 1+exp(nij)} ]
_ i _ F; exp(ﬂij yij) 1 o
iz [\ Yi (1+ exp(nij))yij {1+ eXp(’?ij)}
= _J ;J exp(ﬂij yij)(1+exp(”ij))_yij {1+eXp(77ij)}(rUy”):|
- :,J exp(rgyyy) (1+exp(my)) ™ (1+exp(my)) " (1+exp(’7u))y’}
= ]j ;J eXp(ﬂij yij)(1+ exp(ﬂij))rj:l (egn 6)
expre;sing equation 6 into exponential family form
= EXp {Iog {l_l[ |:[ ;J ]eXp(ﬂij Yii) (1+ exD(’?ij))_rij }}
= eXp{ _nj |:yij77ij —1; log {1+eXp(77ij)} + Iog(;j j ] (ean 7)

Where

My = xijﬁ +Z;U; + offsetij
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The parameter estimates are obtained by maximising the log likelihood. The
likelihood is obtained by integrating out the random effects uj from equation 7. The
random effects uj are assumed to follow a multivariate normal distribution with mean

0 and variance X . The likelihood function for cluster j is given as
L (B.2)=]" f(y;|u)p(u)dy, (egn 8)

The log likelihood of the whole dataset is given as

((BE)-YL,(A.2) (ean 9)

=1

The log likelihood adjusting for survey weights is given as
K o nj

L(,B,Z) = ZW]‘ log J.—oo eXp Zwi\j log f (yij |uij) g(u;)du; . (egn 10)
j=1 i=1

Where wjis the inverse of probability of selection for cluster j, Wi“ is the inverse of

conditional probability of selection of individual i given selection of cluster j. The f(.) is

as shown in equation 7 above and ¢(u;j) is the multivariate normal density. ¢(u;) is

a4 1 1 .
given by #(U;) = (27) ? |Z| 2 exp(—EUjZ 1uj)-

2.6.5.2 Survey Survival models

Survey Survival models were also fitted with the binary outcome (HIV status) and a
time variable (Age). Hazard ratios, 95% confidence intervals and p-values were
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reported. The Cox regression model fitted can be shown by the following equations

(27),

h(t) =N, () exp(BXy; +...+ B X ) (eqn 11)

Where h(t) is the hazard
Ho(t) is the baseline hazard estimate
B’s are the parameter estimates

Xjj are the covariates adjusting for clusters

2.6.6 Non-linear Models
2.6.6.1 Non-linear mixed effects model

Non-linear mixed effect model was fitted using the Hazard rates obtained from the
survival analysis. The age-specific hazard rates were used to fit the multilevel non-
linear model and a specified likelihood for the hazard (force of infection) was

maximized to estimate the parameters.

2.6.6.2 Farrington’s model

To estimate the force of infection, Farrington’s model was fitted to estimate the age-
specific FOI under the frequentist approach. Farrington constrained the parameter

space in order to have a non-negative FOI.
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The number of HIV-infected individuals in age group a ( ya ) was assumed to follow

a Binomial distribution from a sequence of the individual level Bernoulli trials.

1 HIV+, with prevalence 7(a)
Ya= (eqn 12)

0 HIV -, 1-7(a)
T (a) was known as the prevalence in age group a.

The age-specific prevalence ”(a) was given as the function of the age-specific

FOI A (a) given by the following equation a

A(a)=(aa-y)e+y (eqn  13)

Where A4 (a) - age-specific FOI

O - constant

IB - Coefficient for age

a - age group
Y - long-term residual value, as @ —> %, 4 (a) —>7.

Integrating /I(a) using integration by parts results in a non-linear model
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—_T/l(s)ds
r(a)=1-e°

=1—exp % el £ _y (e -1)-ya

AV

The full derivation of equation can be found in appendix A.2. This was solved in

(eqn 14)

WIiInBUGS under hierarchical models.

2.6.6.3 Bayesian modelling of the force of infection

In the Bayesian approach, Nonlinear Hierarchical models were used to estimate the
force of infection. In order to achieve the desired posteriori distribution, a priori
distribution was assumed for the parameter space. The prior distribution was
assumed to follow a truncated normal distribution. The number of HIV infected
individuals in given age groups was assumed to follow independent binomial

distributions.

There were three non-linear Farrington models and Log-logistic model which were
fitted in Winbugs. The first non-linear Farrington model had two parameters, where
the third parameter was assumed to be zero. The second Farrington model was a
three-parameter with alpha3 not equal to zero and the third model was a three-
parameter fitted on cumulative data. In order to estimate the FOI, Monte Carlo
simulations approximated the FOI using the posterior means. The models were

compiled with two Markov chains and initial values were loaded for each model. After
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specifying and loading the model, a 1000 update burn-in was followed by 100,000
updates where 100™ iteration was stored in the sample. This gave the parameter

estimates in the model.

2.6.7 Estimating Force of Infection using Susceptible-Infected (SI) Models

Epimodel package was used to simulate and analyse a basic Susceptible-Infected
(SI) model without demographics. Susceptible people were those who did not have
the infection but were at risk whereas the infected were those who had the infection.

Figure 2.3 shows the SI compartments with the FOI rate.

4 N

AS

SUSCEPTIBLE |:> INFECTED
- /

Figure 2.3: Susceptible-Infected HIV Model
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The equations representing the size of the compartments over time were as follows;

&~
dlt eqn(15)
— =15
dt
where A4 which is the force of infection is given by
ﬂ‘:ﬁ
N
eqn(16
a_pol an(16)
dt N

pcl

Where A is the force of infection and is given by N B is the probability of

transmission per contact, ¢ is the rate of contact per person per unit time, | is the
number of infected and N is the size of the population (5). The number age group
was used as a time factor and the force of infection was obtained by averaging the
hazard function of the age groups. The probability of transmission was found to be
around 0.30 to 0.38 (28), the average number of people infected and the average

population size for the age groups were used. The contact rate was calculated using

the estimates found above and with this formula c:% . Furthermore, the contact

rate was assumed to be constant as this was a basic SI model. Sensitivity analysis

was also performed and Sl plots were also reported.
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2.6.8 Model goodness of fit

Akaike Information Criterion (AIC) or Bayesian Information Criterion (BIC) were used
for comparison and assessing the goodness of fit in R software. The Deviance
Information Criterion (DIC) was used for comparison and assessing the goodness of
fit in Winbugs. The models with lower AIC or BIC or DIC were considered to be

better (5).

2.7 Ethics approval

The study protocol was presented to and approved by the Faculty of Health
Sciences at the University of Witwatersrand. Ethical clearance was sought from the
Human Research Ethics Committee of the University of Witwatersrand. It was
granted before data analysis and the clearance certificate number is M170147.
Permission to use Malawi Demographic Health Survey (2015) data from the ICF
International was sought using an online application. All personal identifiers were
removed from the data to protect the confidentiality of the participants. The data

were only accessible to the study researchers.
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Chapter 3 Results

This chapter presents the results for the study in tables and graphic format. Firstly,
the first objective results are presented on section 3.1 as descriptive and bivariate
statistics. The second objective results are presented in section 3.2 in form of linear
and non-linear models, and also models using maximum likelihood estimation and
Bayesian estimations. The third objective results are presented in section 3.3 and

concluding remarks are presented in section 3.4

3.1 Descriptive and Bivariate Analysis

The survey data contained 14,010 individuals who were tested for HIV and had their
demographic information. The results presented in table 3.1 showed that 12,736
(90.9%) were HIV negative and 1,274 (9.1%) were HIV positive individuals. The
northern region had a prevalence of 7%, the Central had 5.9% and the Southern
region had a prevalence of 13 % as shown in figure 3.1. The mean age at first sex
was 8.6 years for those who were HIV positive and 11.3 years for those who were
HIV negative. The mean total number of sexual partners was 18 partners for those
who were HIV positive and 14 for those who were HIV negative. Female individuals
had a prevalence of 11% whereas male individuals had a prevalence of 7 % as
shown in figure 3.2. Furthermore, hotspots of HIV prevalence were observed in the

southern districts as shown in figure 3.3.
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Table 3.1: Descriptive statistics adjusting for survey design features

Accounting weights and design features

Design-based

Factor Category HIV status F Statistics
Negative (%) (12,736, Positive (%) Total (p-value)
90.9%) (1,274, 9.1%) (14,010)
Region Northern 94.7 5.8 11.8 47.4, (<0.000)
Central 94.2 5.3 44.2
Southern 86.7 13.3 44
Place of residence Rural 92.3 7.7 82.0 38.9, (<0.000)
Urban 84.9 15.1 18
Education level No education 87.3 12.7 3.7 4.3, (0.006)
Primary 91.4 8.6 9.0
Secondary 91.6 8.4 60.3
Higher 89.5 10.5 27.1
Wealth index Poorest 92.0 8.0 17.6 7.5, (<0.000)
Poorer 93.2 6.8 19.5
Middle 91.5 8.5 194
Richer 91.2 8.8 19.7
Richest 87.9 12.1 23.8
Gender Male 934 6.6 447 65.6, (<0.000)
Female 89.0 11.0 55.3
Marital status Never married 96.9 3.1 29.8 89.5, (<0.000)
Married 90.1 9.9 57.5
Living together 88.6 11.4 4.1
Widow/divorced/other 77.7 22.3 8.6
Religion Catholics 92.2 7.8 18.9 1.68, (0.192)
Protestants 90.7 9.3 67.6
Muslim/other 90.6 9.4 135
Age in years Mean(SE)* 27.3(0.1) 34.0(0.35) 362.05, (<0.000)
Age at first sex Mean(SE)* 11.4(0.1) 8.4(0.19) 148.51, (<0.000)
Total sexual partners Mean(SE)* 13.7(0.2) 17.9(0.45) 75.04, (<0.000)
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Figure 3.1: Graph showing HIV prevalence by region in Malawi in 2015
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Figure 3.2: Bar Chart showing prevalence of HIV infection by gender
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Figure 3.3: Map showing HIV prevalence by district in Malawi in 2015
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3.2 Result of multivariable analysis and non-linear models

The second objective was to estimate the age-specific Forces of Infection using non-
linear models. Firstly, multivariable analyses were done to assess the explanatory
variables which were associated to HIV Infection. Survey logistic and multilevel
logistic models adjusting for random effects were fitted. Survey survival models were
also fitted, where the hazards estimates were obtained for each age which were later

used in non-linear and Susceptible Infected (SI) models.

3.2.1 Result of multivariable analysis

Table 3.2 show the results of survey logistic analysis, survey survival analysis and

multilevel analysis adjusting for the random effects.

3.21.1 Results of Survey logistic models

The variables which were statistically significant in the model at alpha level of 5%
were place of residence, age in years, gender, marital status and total sexual
partners. The odds of being HIV positive increased by 1.06 times as the Age
increased yearly. The odds of having HIV among those who lived in urban area were
2.51 times higher than the odds among those who lived in rural area. Among males,
the odds of having HIV was 54% lower than those of the females. Furthermore, the
odds of having HIV increased by 1.03 times as the number of total sexual partners

increased by one person.
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3.2.1.2 Results of Multilevel models

The variables which were statistically significant after adjusting for the random
effects (clusters) were age in years, place of residence, gender, marital status, total
sexual partners and region. Individuals who lived in urban areas were 3 times more
likely to be HIV positive than those in rural areas. The odds of having the HIV
infection increased by 1.07 times as the age increased yearly. Furthermore, Male
individuals were 52% less likely to be HIV positive as compared to the female
individuals and the odds of having the HIV infection increased as the total number of
sexual partners also increased. After adjusting for the other covariates, the odds of
being HIV positive were 4% less likely among individuals from central region, 2.7

times higher among those from southern region than those from Northern region.

3.2.1.3 Results of Survival models

In addition to the variables which were statistically significant in the models above,
education level was also significant in the survival models. The risk of having HIV
was 35% lower among those who had no education than those who had higher
education. The risk of being HIV positive was 7% higher among those with primary
education, 39 % higher among those with secondary education as compared to
those who had higher education. Furthermore, the risk of having HIV was 62 %
higher among those from urban areas than those from rural areas. Males were 55%

less likely to have HIV as seen in the other two models.
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Table 3.2: Results of Logistic analysis, Survival analysis and Multilevel analysis adjusted for random effects

Logistic estimates

Multilevel logistic
estimates

Survival analysis

Variable Category Odds ratio (95% CI), p- Odds ratio (95% CI), p- Hazard ratio (95% ClI), p-
value value value

Age in years 1.06 (1.05, 1.07), 0.00 1.07 (1.06, 1.08), 0.00
Place of residence Rural 1 1 1

Urban 2.51 (1.93, 3.26), 0.00 3.01 (2.23, 4.07), 0.00 1.62 (1.38, 1.90), 0.00
Gender Female 1 1 1

Male 0.46 (0.38, 0.56), 0.00 0.48 (0.40, 0.59), 0.00 0.45 (0.40, 0.52), 0.00
Marital status Never married 1 1 1

Living together

1.46 (0.95, 2.23), 0.08

1.36 (0.86, 2.14), 0.19

0.30 (0.21, 0.43), 0.00

Married 1.26 (0.88, 1.82), 0.21 1.29 (0.89, 1.87), 0.18 0.27 (0.21, 0.35), 0.00

Widowed/divorced/other 2.42 (1.64, 3.58), 0.00 2.65 (1.78, 3.93), 0.00 0.39 (0.29, 0.51), 0.00
Total sexual Partner 1.03 (1.02, 1.03), 0.00 1.02 (1.02, 1.03), 0.00 1.01 (1.01, 1.02), 0.00
Region Northern 1 1

Central 0.96 (0.67, 1.38), 0.84 1.11 (0.88, 1.40), 0.37

Southern 2.71(1.97,3.72), 0.00 2.14 (1.75, 2.60), 0.00
Education Level Higher 1

No education 0.65 (0.47, 0.90), 0.01

Primary 1.07 (0.81, 1.41),0.64

Secondary 1.39 (1.06, 1.81), 0.02

Random effects
parameters
Multilevel analysis

Variance (cons)

0.60 (0.38, 0.92)
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3.2.2 Estimating the Force of Infection using non-linear models

This section presented results of estimating the age-group specific forces of
infection. Firstly, Farrington and Hierarchical models were fitted in Winbugs software
to estimate the age specific forces of HIV infection. Secondly, non-linear models

were fitted in Stata 15 using age specific Hazard rates from survival models.

3.22.1 Results of Farrington and Bayesian models

This section presented results from Farrington models and hierarchical models used
to estimate the force of infection as shown in table 3.3. The first model to be fitted
was the exponential model assuming alpha3 is equal to zero. The deviance was 471
and the number of parameters was 1 which was lower than the true number of
parameters. For the exponential model with alpha3 greater than zero, the deviance
was 473.39 and number of parameters was 0.86. The exponential model (cumulative
data) deviance was 11803.7 and log-logistic model’s deviance was 6952.07. The
effective number of parameters for exponential model (alpaha3=0) was 1 which was
a bit lower than the true number of parameters (2) and for the other models the
effective number of parameters were very low than the true numbers of parameters.
Although, the effective number for the model with alpha3 equal to zero was a bit
lower it was still closer to the true number of parameters, hence it was considered to

be the best fit. It was also the best fit since the deviance was slightly lower.

Furthermore, the posterior mean of the average age at infection for the exponential
model with alpha3 equal to zero is 39.25 years and the posterior mean for the
number of uninfected individuals is 0.85. This was also seen in the exponential
model when alpha3 is included in the model and when the cumulative data is also
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used. The posterior mean of the average age at infection decreased to 22.22 years

and the mean of uninfected individuals decreased to 0.50 in the Log-logistic model.
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Table 3.3: Posterior means for the parameters

Parameter

Exponential (alpha3=0)
mean (95% CI)

Exponential (alpha3>0)
mean (95% CI)

Exponential (alpha3>0)
HIV cumulative mean (95% CI)

Log-logistic mean
(95% ClI)

Alphal

Alpha2

Alpha3

Uninfected individuals
Average age at infection

0.001 (0.001, 0.001)
0.075 (0.072, 0.079)

0.85 (0.84, 0.86)
39.25 (38.95, 39.54)

0.001 (0.001, 0.001)
0.094 (0.087, 0.100)
0.001 (0.001, 0.002)
0.85 (0.84, 0.86)
39.27 (38.98, 39.54)

0.001 (0.001, 0.001)
0.1 (0.01, 0.1)
0.001 (0.001, 0.001)
0.87 (0.87, 0.87)
39.95 (39.95, 39.95)

0.001 (0.001, 0.001)
0.001 (0.001, 0.002)
0.05 (0.003, 0.098)
0.50 (0.50, 0.50)
22.20 (22.19, 22.20)

Goodness of fit

Dbar 469.91 472.53 6952.07 11803.7

Dhat 468.91 471.67 6952.07 11803.7

pD 1 0.86 0.001 0

DIC 471 473.39 6952.07 11803.7
Where;

Dbar- sample mean of Binomial Deviance

Dhat-deviance evaluated at posterior mean

pD- effective number of parameters

DIC-Deviance Information Criterion
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3.22.2 Frequentist non-linear estimation of the Force of Infection

Table 3.4 shows results obtained from the multilevel non-linear models where the
Hazard was the response variable. The parameters estimated were alphal = -0.03,
alpha2 =0.05 and alpha3 = -0.14. The model included random effects at the ID level
and they all had the same variance. The variance of the random intercept (Var(U1))
was 0.0001 and the variance of the error term (Var(residual)) was 6.3E-250. Figure
3.4 shows the Hazard rates across the ages 15 to 49 years. The hazard rates
increase slowly from ages 15 to 30 years, then further increases from age 30 to 40

years with a further sharp increase from age 40 to 49 years.

Table 3.4: Results of Multilevel non-linear models

Parameter Coefficient
Alphal -0.03
Alpha2 0.05
Alpha3 -0.14
Random-effects parameters

id: identity

Var (Ul) 0.0001
Var (residual) 6.30E-250
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Figure 3.4: Hazard age-specific rates

3.2.3 Results of Sl (Susceptible, Infected) Model

This section presents results of modelling the force of infection for HIV infection
using Susceptible Infected (SI) models. In figure 3.5, we have the graph showing the
Compartment sizes on the left and the disease incidence on the right-hand side. It
can be shown that from time 8 (which is age 22) to time 12 (age 26) the size of the
infected class increased rapidly and from time 13 (age 26) to age 49 the disease
levelled off. The number of people moving from susceptible class to the infected
class increased from time 5 (age 19) and reached its peak at time age 22. A

sensitivity analysis was also done for the disease prevalence and incidence as
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shown in figure 3.6. It can be shown that using different parameters for the
probability transmission per act and the acts per person per time, the disease
prevalence reached its peak at around age 26 and disease incidence reached its
peak at around age 22. At time 12 age 26, the disease incidence was 112 infections,

116 susceptible individuals, 13839 infected individuals as shown in figure 3.7.
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Figure 3.5: Sl and Incidence plot
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Figure 3.6: Sensitivity Analysis
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Figure 3.7: Compartment sizes at time 12 (age 26)
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3.3 Concluding remarks on results

According to the results in the previous sections, it was shown that survey logistic,
multilevel and survival models produced similar results. Almost all the factors
significant in one analysis were also significant in the other analyses. Results from
the Susceptible Infected (SI) model were from a basic SI model without other
demographic parameters and mortality rates. Hence, this may not be the real

situation in Malawi. Results are well explained in the discussion section.
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Chapter 4 Discussion and conclusion

This chapter presents the discussion of the results of this research report, strengths
and limitations of the study. It also presents conclusion and recommendations for

future research studies.

4.1 Discussion

4.1.1 Discussion of Bivariate and Multivariable analysis

The study found out that HIV Infection in Malawi is associated with place of
residence, gender, age in years, marital status and total number of sexual partners.
The hazard risk of having HIV infection increases as the age increases. The
prevalence of HIV infection was higher among female individuals than male
individuals. Most countries in sub-Saharan Africa have reported that women have

higher rate of HIV infection (29, 30).

Individuals who resided in urban areas had a higher risk of HIV infection unlike those
in rural areas. Furthermore, hotspots of HIV infection were seen mostly in the
southern region of Malawi. Several studies have also showed that individuals in
urban areas have high HIV infection than rural counterparts and southern region of
has higher infection rates (2, 31, 32). Individuals living in urban areas might involve
themselves in risky behaviours or risky sexual encounters unlike those from rural

areas.
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Individuals who were never married had lower risk of HIV infection than those who
were married, living together, widowed or divorced. It could be that married
individuals might get the infection from their partners and those who are widowed
might have gotten it from their deceased partners or after remarrying. Those who
are divorced might have gotten it from their partners or they may have remarried
after separation from their partners which could increase their chances of getting the
infection. Other researchers in Malawi and Africa have also showed similar results

(33-35).

The total number of sexual partners showed a significant association with the HIV
infection. The risk of having HIV infection increased with increasing number of sexual
partners. This might be due to the fact that having more sexual partners increasing
the chances of contracting the HIV infection. Other researchers have also revealed a

linear relationship between number of sexual partners and HIV infection risk (36).

4.1.2 Discussion of Bayesian and frequentist models of Force of Infection

The age-specific force of infection for HIV from the Bayesian analysis was best fitted
with the Farrington two parameter model. The model assumed a decreasing rate of
new infections as the HIV infection increases, with the highest infection at age 15
years. The decline in the force of infection could be because of increased anti-
retroviral treatments which are being offered in Malawi and also behaviour changes

due to awareness of the epidemic or AIDS related death. A study done by Misiri
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using recurrence relation also found that HIV force of infection decreased as the
ages increased (6). Other studies have modelled the FOI using splines although
modelling splines only may lead to unstable projections (37). Our study used
Bayesian modelling framework to estimate the force of infection for HIV. The
Bayesian modelling is advantageous because it allows prior distributions to be

incorporated into the models, and its flexibility in handling parameters (5, 38, 39).

Furthermore, the age specific force of infection using the Frequentist non-linear
models was an increasing function, with older ages having higher HIV force of
infection. However, the results from the Bayesian analysis were preferred because
parameters of the frequentist non-linear model were yielding negative parameter

results despite showing an increasing Force of infection.

The SI models showed that the HIV infection increased from the ages 22 to 26 years
and then decreases rapidly as the age’s increases. These results were from a basic
SI model without other demographic parameters and mortality rates and may be
different if these parameters were incorporated. Researchers have recommended
compartmental models with demographic parameters, allowing for changes over
time, mortality rates and age specific rates to be incorporated into models (40). This
would also help in assessing the impact and cost effectiveness of interventions.

However, this was beyond the scope of this research study.
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4.2 Strengths and limitations of the study 47

Modelling the FOI is very important as its estimates helps to assess the impact of
infectious disease interventions as most public health policies rely on these

estimates (41).

4.2 Strengths and limitations of the study

The strengths and limitations of this study were divided into the following categories:

type of data, classification of variables, confounding and effect modification.

The strength of this study was that it used a large dataset that represented the
national, urban and rural populations and also various age groups. The other
strength was that the data was cleaned and checked for any discrepancies. Only a
few observations were removed from the analysis because they had undetermined

HIV status results.

The confounding variables were dealt by the multivariable analyses and also the

adjustment of random effects in the models.

The limitation of the study was that our study used cross-sectional data where we
were not able to estimate time-varying FOI estimates since exposures and the HIV
status were measured at one time. However, longitudinal studies are difficult to

implement as there are more expensive.
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4.3 Conclusions 48

4.3 Conclusions

The study showed the importance of modelling the force of infection estimates to
help in eliminating the HIV pandemic. It was shown that the age specific force of
infection decreased as the age’s increases. The decline can be attributed by the
prevention programs, increased availability of anti-retroviral treatments of HIV
infection. However, HIV infection still remains a huge disease-burden in Malawi. This
makes modelling the force of infection of HIV a very important aspect as its
estimates help to develop interventions to deal with prevailing disease burdens and
also checking the impact and cost effectiveness of interventions. The age-specific
estimates of HIV force of infection are also very important because they easily help
organizations or future interventions identify and target the most risky groups.
Modelling the FOI using Bayesian methods is very useful because of their flexibility
to handle parameters and also estimate probabilities of models using data provided.
This research study will add on to what has already been done and also be a
reference to future research studies. Future work on the modelling of the force of

infection should also consider other approaches of estimating the HIV estimates.
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4.4 Recommendations 49

4.4 Recommendations

The recommendations arising from this study are as follows:

e There should be more HIV research and prevention programs targeted
towards the most risky groups in order to effectively eliminate the disease.

e More study researches involving modelling of the Force of Infection of HIV
should be done or published in Malawi, especially comparing modelling using
different techniques to provide references for other researchers

e Bayesian modelling is a very important technique and should be used more in

estimating the HIV forces of infection
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Appendix A

A.1 Power Computation

Table 1: Cluster adjusted power computation command and results

. clustersampsi, binomial power p1(0.0845) p2(0.102) m(19) k(847) rho(0.15)
size_cv(0) alpha(0.05) base_correl(0)

Power calculation for a two sample comparison of proportions (using normal

approximations) without continuity correction.

For the user specified parameters:

pl:  0.0845

p2:  0.102

significance level:  0.05

baseline measures adjustment (correlation):  0.00

average cluster size: 19

number of clusters per arm: 847

coefficient of variation (of cluster sizes): 0.00

intra-cluster correlation (ICC): 0.1500

clustersampsi estimated parameters:

Firstly, assuming individual randomisation:

power: 1.00

Then, allowing for cluster randomisation:

design effect:3.70

power: 0.80
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A.2 Farrington's model and Derivations

Under the Farrington’s model, the FOI was defined as
— -pa
Ala)=(aa-y)e ™ +y eqn (A.1)

Where 4 (a) - age-specific FOI

O -constant

/3 - Coefficient for age
d -age group

V -long-term residual value, asa — oo, /1(61) — y .results in the three
parameter Farrington model and then for the y =0, gives the two parameter

model.
The non-linear model to estimate the FOI was given by
a
—J.A(s)ds
r(a)=1-e°

=1—exp 2 el ¢ _y (e -1)-ya

AV

This can be solved using the frequentist or Bayesian approaches. In the Bayesian

approach, the parameters are assumed to follow distributions hence not fixed, unlike

eqgn (A.2)
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the frequentist approach where the parameters are fixed and estimated from the

data.

In the Bayesian approach, after reparameterizing to express these in terms of alphas
o have the vector & = (& = 051;;8 =,y = 0{3) :

Therefore the new form for the FOI for the Farrington’s model becomes:
_ _ —Qpa
A (a) _ (ala s ) € T, egn (A.3)
Where 4 (@) - age-specific FOI

The age-specific prevalence has the parametric form

72'(8.) = 72'(8., CZ) Where @ is the parameter vector eqn (A.4)
Similarly, integrating A(a)like in the Farrington’s model results into a non-linear

model;

z(a)=1-exp A gy L g, (e -1)-a,a

egn (A.5)
a, a, \ &,

The number of the infected individuals y, at age group a are assumed to follow

independent Binomial distributions

y, 0 Bin(n,,7,) . for a=12,.....,m eqn (A.6)
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Where na is the number of individuals in age group A and m is the number of age

groups.
In order to achieve the desired posterior distribution of P (7[ | Y n) , a prior

distribution P (a) is assumed for the parameter space « .

The aj s follow the truncated normal distribution in order to get non-negative FOI

a; O truncatedN (4,7, ) where | =1,2,3

The posterior distribution is given by

Posterior distribution oC Likelihood * Prior

Where the likelihood is given as:

m(n

P(y)=IT] ' |=(@)" (1-=(a))" " can (A7)

a=1 ya

The joint prior is given by
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3 1 1 2
P(a)OCH —:exp _2—2.?(“1 _'UJ') eqn (A.8)
j

=1 J

The joint posterior distribution is given by

p(aly) < ] (e @) < TS| - ke (o, )

eqn(A.9)

As the joint posterior distribution cannot be simplified any further, the MCMC
simulations were used to obtain the estimates (posterior means, medians and
measure of variability for use in determining the credible intervals) and these were

used to estimate the FOI.
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