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THESIS ABSTRACT

Background: The 90-90-90 targets were launched by the Joint United Nations
Programme on HIV/AIDS (UNAIDS) and partners with the aim to diagnose 90% of all
HIV-positive persons, provide antiretroviral therapy (ART) for 90% of those diagnosed,
and achieve viral suppression for 90% of those treated by 2020. In Zimbabwe, a
population-based survey in 2016 reported that 74.2% of people living with HIV (PLHIV)
aged 15-64 years knew their HIV status. Among the PLHIV who knew their status,
86.8% self-reported current use of Antiretroviral treatment (ART), with 86.5% of those
who self-reported being virally suppressed. For these 90-90-90 targets to be met,
prevalence and incidence rate estimates are crucial in understanding the current status of
the HIV epidemic and determining whether the trends are improving to achieve the 2030
target. Ultimately, this will contribute to the achievement of Sustainable Development
Goals 3 (SDG 3) and the broader goal of promoting sustainable development and

eradicating poverty worldwide by 2030.

Using data from household surveys, this thesis provides a unique statistical approach for
estimating the incidence and prevalence of the Human Immunodeficiency Virus (HIV).
To properly assess the efficacy of focused public health interventions and to appropriately
forecast the HIV-related burden placed on healthcare systems, a comprehensive
assessment of HIV incidence is essential. Targeting certain age groups with a high risk
of infection is necessary to increase the effectiveness of public health interventions. To
jointly estimate age-and-time-dependent HIV incidence and diagnosis rates, the
methodological focus of this thesis was on developing a comprehensive statistical
framework for age-dependent HIV incidence estimates. Additionally, the risk of HIV

infection was also evaluated using interval censoring methods and machine learning.
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Finally, geospatial modelling techniques were also utilised to determine the spatial

patterns of HIV incidence at district levels and identify hot spots for HIV risk to guide

policy.

The main aim of this thesis was to estimate and predict HIV risk using statistical and

machine learning methods.

Study objectives: The study objectives of this thesis were:

1.

To determine the effect of several drivers/factors of HIV infection on survival
time over a decade in Zimbabwe, using current status data.

To determine common risk factors of HIV positivity in Zimbabwe and the
prediction capability of machine learning models.

To estimate HIV incidence using the catalytic and Farrington models and to test
the validity of these estimates at the national and sub-national levels.

To estimate the age- and time-dependent prevalence and HIV Force-of-infection
(FOI) using current status data by comparing parametric, semi-parametric and
non-parametric models; and determining which models best fit the data.

To investigate the HIV incidence hotspots in Zimbabwe by using geographically-

weighted regression.

Methods: We performed secondary data analysis on cross-sectional data collected from

the Zimbabwe Demographic Health Survey (ZDHS) from 2005 to 2015. Datasets from

three Zimbabwe Demographic Health Survey HIV test results and adult interviews were

merged, and records without an HIV test result were excluded from the analysis. The

outcome variable was HIV status.
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Survey and cluster-adjusted logistic regression were used to determine variables for use
in survival analysis with HIV status as the outcome variable. Covariates found significant
in the logistic regression were used in survival analysis to determine the factors associated
with HIV infection over the ten years. The data for the survival analysis was modelled
assuming age at survey imputation (Model 1) and interval-censoring (Model 2). To
determine the risk of HIV infection using machine learning methods, the prediction model
was fit by adopting 80% of the data for learning/training and 20% for testing/prediction.
Resampling was done using the stratified 5-fold cross-validation procedure repeatedly.
The best algorithm was the one with the highest F1 score, which was then used to identify
individuals with a higher likelihood of HIV infection. Considering that the proportion of
those HIV negative and positive was imbalance with a ratio of 4.2:1, we applied
resampling methods to handle the class imbalance. We performed the Synthetic Minority
Over-sampling Technique (SMOTE) to balance the classes.

We evaluated two alternative methods for predicting HIV incidence in Zimbabwe
between 2005 and 2015. We estimated HIV incidence from seroprevalence data using the
catalytic and Farrington-2-parameter models. These models were validated at the micro
and macro levels using community-based cohort incidence and empirical estimates from
UNAIDS EPP/SPECTRUM, respectively. To ascertain the age-time effects of HIV risk,
we estimated the age- and time-dependent HIV FOI using current status data. Five
generalised additive models were explored, ranging from linear, semi-parametric, non-
parametric and non-proportional hazards additive models. The Akaike Information
Criteria was used to select the best model. The best model was then used to estimate the
age- and time-dependent HIV prevalence and force-of-infection. The OLS model was
fitted for each survey year to determine the global relationship between HIV incidence
and the significant covariates. The Moran's I spatial autocorrelation method was used to
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assess the spatial independence of residuals. The Getis-Ord Gi* statistic was used for
Hotspot Analysis, which identifies statistically significant hot and cold spots using a set
of weighted features. Interpolation maps of HIV incidence were created using Empirical
Bayesian Kriging to produce smooth surfaces of HIV incidence for visualisation and data
generation at the district level. The Multiscale Geographically Weighted Regression
method was used to see if the relationship between HIV incidence and covariates varied
by district. The software used in the thesis analysis included R software, STATA, Python,
ArcGIS and WinBugs.

Results: Model goodness of fit test based on the Cox-Snell residuals against the
cumulative hazard indicated that the model with interval censoring was the best. On the
contrary, the Akaike Information Criterion (AIC) indicated that the normal survival
model was the best. Factors associated with a high risk of HIV infection were being
female, the number of sexual partners, and having had an STI in the past year prior to the
survey. The machine learning model indicated that the XGBoost model had better
performance compared to the other 5 models for both the original data and SMOTE
processed data. Identical variables for both sexes throughout the three survey years for
predicting HIV status were: total lifetime number of sex partners, cohabitation duration
(grouped), number of household members, age of household head, times away from home
in last 12 months, beating justified and religion. The two most influential variable for
both males and females were total lifetime number of sex partners and cohabitation

duration (grouped).

According to these findings, the catalytic model estimated a higher HIV incidence rate
than the Farrington model. Compared to cohort estimates, the estimates were within the

observed 95% confidence interval, with 88% and 75% agreement for the catalytic and
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Farrington models, respectively. The limits of agreement observed in the Bland-Altman
plot were narrow for all plots, indicating that our model estimates were comparable to
cohort estimates. Compared to UNAIDS estimates, the catalytic model predicted a
progressive increase in HIV incidence for males throughout all survey years. Without a
doubt, HIV incidence declined with each subsequent survey year for all models. Based
on birth year cohort-specific prevalence, the female HIV prevalence peaks at
approximately 29 years of age and then declines. Between 15 and 30 years, males have a
lower cohort-specific prevalence than females. Male cohort-specific prevalence decreases
marginally between ages 33 and 39, then peaks at age 40. In all age categories, the cohort-
specific FOI is greater in females than males. Moreover, the cohort-specific HIV FOI
peaked at age 22 for females and age 40 for males. A 18-year age gap between the male

and female HIV FOI peaks was observed.

Throughout the decade covered by this study, the Tsholotsho district remained a 99 %
confidence hotspot. The impact of STI, condom use and being married on HIV incidence
has been strong in the Eastern parts of Zimbabwe with Mashonaland Central,
Mashonaland East and Manicaland provinces. From our findings from the Multiscale
Geographically Weighted Regression (MGWR), we observed that Matabeleland North’s
HIV incidence rates are driven by wealth index, multiple sex partners, STI and females
with older partners.

Conclusions: The difference between the results from the Cox-Snell residuals graphical
method and the model estimates and AIC value may be due to inadequate methods to test
the goodness-of-fit of interval-censored data. We concluded that Model 2 with interval-
censoring gave better estimates due to its consistency with the published results from the

literature. Even though we consider the interval-censoring model as the superior model
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with regard to our specific data, the method had its own set of limitations. Programmes
targeted at HIV testing could use the machine learning approach to identify high-risk
individuals. In addition to other risk reduction techniques, machine learning may aid in
identifying those who might require Pre-exposure prophylaxis. Based on our results, older
men and younger women resembled patterns of higher HIV prevalence and force-of-
infection than younger men and older women. This could be an indication of age-
disparate sexual relationships. Therefore, HIV prevention programmes should be targeted
more at younger females and older males. Lastly, to improve programmatic and policy
decisions in the national HIV response, we recommend the triangulation of multiple
methods for incidence estimation and interpretation of results. Multiple estimating
approaches should be considered to reduce uncertainty in the estimations from various
models. The study spread the message that various factors differ from district to district
and over time. The study's findings could be useful to policymakers in terms of resource
allocation in the context of public health programs. The findings of this study also
highlight the importance of focusing on districts like Tsholotsho, which have consistently

had a high HIV burden over time.

The main strength of this study is dependent on the quality of the data obtained from the
surveys. These data were derived from population-based surveys, which provide more
reliable and robust data. Another strength of this study was that we did not restrict our
analysis to one method; however, we had the opportunity to determine the risk and
incidence of HIV by exploring different methodologies. However, the limited number of
variables accessible to us for this study constituted one of its drawbacks. We could not
determine the impact of variables including viral load, health care spending, HIV- risk

groups, and other HIV-related interventions. Additionally, there were missing values in
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the data, which required making assumptions about their unpredictability and utilising
imputation methods that are inherently flawed. Last but not least, a number of the
variables were self-reported and, as a result, were vulnerable to recall bias and social

desirability bias.

Keywords: Catalytic model, HIV incidence, Interval Censoring, Machine learning,

Multiscale Geographically Weighted Regression, Spatial analysis, Zimbabwe.
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CHAPTER 1

1.1 INTRODUCTION

One of the most catastrophic global epidemics of the 20th and 21st centuries is the
Acquired Immune Deficiency Syndrome (AIDS) epidemic, which is brought on by
Human Immunodeficiency Virus (HIV) viral infection. Since the beginning of the
epidemic, 84.2 million [64.0-113.0 million] people have acquired HIV, and
approximately 40.1 million [33.6-48.6 million] people have died from the disease '. At
the end of 2021, there were 38.4 million [33.9-43.8 million] HIV-positive individuals
worldwide !. According to estimates, 0.7% [0.6-0.8%] of individuals in the globe between
the ages of 15 and 49 have HIV; however, the epidemic’s toll continues to differ
significantly between different nations and areas. The World Health Organisation (WHO)
African Region continues to be the most badly affected, with approximately 1 in every
25 individuals (3.4%) now carrying HIV, making up more than two-thirds of all HIV-

positive persons globally 2.

The HIV virus was found to be a mutation of the Simian Immunodeficiency Virus (SIV),

3. However, the mechanisms by which cross-species

which was found in apes
transmission happened are unknown. The “hunter idea” holds that the exchange of fluids
during ape hunting (through a bite or cut) led to SIV transfer to humans * 3. Certain fluids,
including blood, sperm, pre-embryonic fluid, rectal and vaginal secretions, and breast

milk, can transmit HIV. Thus, HIV is generally transmitted through blood transfusion,

needle and syringe sharing, sexual intercourse and infected mothers to their babies.



The seroconversion of HIV-infected persons typically occurs within three weeks of
infection; however, it can take up to three months % 7. Seroconversion lasts only a few
weeks and is characterised by a robust immune system response to the virus ®, including
the development of antibodies and a sharp decrease in cluster of differentiation 4 (CD4)
counts (defined as the number of CD4 T-helper lymphocytes in a fixed volume of blood),
with possible flu-like symptoms (e.g., high fever, rashes, enlarged lymph nodes). HIV
testing generally involves identifying antibodies generated during seroconversion;
therefore, the results of a test administered between infection and seroconversion may be
inaccurate °. After seroconversion, the CD4 count recovers to an almost normal level;
however, this is followed by a steady and prolonged decrease in CD4 count and an
increase in viral load '°. This results in immunodeficiency (the loss of the immune

system), AIDS-related disorders (such as Kaposi’s sarcoma), and death without therapy

11

The incubation period is defined as the interval between infection and the onset of AIDS
symptoms and, without therapy, lasts from eight to ten years * 2. Window period
describes the time between infection and seroconversion. The length of the window
period can vary depending on the type of test used and individual factors such as the
person's immune system and the amount of virus in their body. However, the window
period is usually within 3 months. During this period, HIV-infected individuals are highly
contagious due to the absence of HIV-specific antibodies; consequently, this period is

also known as the period of acute HIV infection.

HIV was first discovered in an adult female from the Democratic Republic of the Congo
in 1960. Although phylogenetic research indicates that the HIV virus has been prevalent

in central Africa since the early 1900s, the pandemic did not really begin to take off until

2



the 1960s with the expansion of urbanisation 3. Only in 1983, with the identification of

HIV on its own in AIDS patients in France and the US, was the connection between

Human Immunodeficiency Virus (HIV) infection and the incidence of AIDS discovered

1415 The first HIV detection test was authorised in the US and Europe in 1985. Refer to

Figure 1.1 for 40 years of the HIV/AIDS response.
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Zimbabwe reported its first case of AIDS in 1985 7. Since then, many people developed
symptoms that were suggestive of HIV infection ! 1°. Unfortunately, because of no
knowledge of the HIV infection, individuals who presented with suggestive HIV
infection symptoms did not react to routine dietary and conventional medical therapies,
which suggested an immunodeficiency issue. The first case of HIV infection was
formally identified in 1986 in Hurungwe, where a hospital-based surveillance system was
implemented to track the progress of the epidemic ?°. By then, the HIV syndrome was yet
to be incorporated into the formal notification system. As a result, the number of cases of
AIDS in this region increased dramatically from 19 in 1986 to 290 in 1987, 433 in 1988,
and in the first quarter of 1989 °. Interestingly, all infections were discovered in the 17-

30 age range 2! as early as 1987, when the prevalence soared to 3.2%.

In response to these cases, the National Blood Service of Zimbabwe (NBSZ)
implemented systematic HIV testing of donated blood and blood products . As a result,
the HIV prevalence among blood donors was estimated to be about 2%. However, ten
years later, the HIV prevalence among blood donors increased to 8.8%, with an estimated
HIV incidence of 2.1 per 100 person-years, with married individuals aged between 21 to

45 years having the highest prevalence 2% 23,

In 1990, a hospital-based cross-sectional survey in Murehwa district hospital, which
screened for sexually transmitted infections (STIs) among adults, revealed that 50% of
individuals with an STI were HIV positive 4. Given the rising statistics, this sparked great
concern, evoking questions like: where did the virus originate, and why were there so
many cases in a short period? Until 1990, when HIV/AIDS concerns entered the public
discourse, there was a great deal of denial of HIV/AIDS by the government of Zimbabwe

7. However, in the same year, routine sentinel HIV surveillance of pregnant women
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attending antenatal care clinics (ANC) was initiated, and an HIV prevalence which

surpassed 10% was observed !”.

Despite the vast amount of time and money invested in HIV-related research, no cure for
the virus has yet been discovered. In 1987, the first antiretroviral medicine, zidovudine
(commonly known as AZT), was introduced in an effort to combat the HIV virus and
restrict its deadly effect on the immune system. Unfortunately, despite AZT’s therapeutic
efficacy, it was linked with several severe adverse effects, with the HIV virus developing

resistance after extended medication 2.

An effective HIV therapy was first developed in 1995 26, This Highly Active
Antiretroviral Therapy (HAART), which consists of a fixed-dose combination of multiple
antiretroviral drugs, has radically altered the HIV epidemic: the number of AIDS-related
deaths has plummeted since the mid-1990s 27, and HIV is now viewed as a chronic, rather
than a fatal condition. Although the widespread use of HAART has lowered HIV
infection, the epidemic is still yet to be eradicated. A revolutionary Pre-exposure
Prophylaxis (PreP) medication was licensed in the United States in 2014: a new
antiretroviral medicine (Truvada) for patients who are at high risk of infection but are not
HIV positive 2. Clinical study data indicated that PreP is a highly effective method for

reducing the risk of infection 2°-3!,

Given the history of HIV/AIDS epidemic in Zimbabwe over the years, HIV incidence
and risk estimation in Zimbabwe is a critical component of efforts to address the
HIV/AIDS epidemic and achieve the Sustainable Development Goals (SDGs),
particularly SDG 3, which aims to ensure good health and well-being for all. Accurate

estimation of HI'V incidence and risk can inform the development of effective prevention,



testing, and treatment strategies, which are key to achieving the UNAIDS 90-90-90
targets and the goals outlined in the Zimbabwe National HIV and AIDS Strategic Plan
(2021-2025). By improving our understanding of HIV incidence and risk in Zimbabwe,
we can ensure that resources are directed towards the most effective interventions and
that progress towards the UNAIDS 90-90-90 targets, and the goals of the Zimbabwe
National HIV and AIDS Strategic Plan is maximized. Ultimately, this will contribute to
the achievement of SDG 3 and the broader goal of promoting sustainable development

and eradicating poverty worldwide by 2030.

1.2 LITERATURE REVIEW

1.2.1 Statistical Methods for Monitoring the HIV/AIDS Epidemic

It is crucial to effectively and reliably measure the dynamics of HIV epidemics to
strategically analyse the efficacy of interventions and direct decision-makers toward
better HIV/AIDS control. HIV prevalence and incidence are two primary indicators used
to analyse and interpret the dynamics of HIV transmission. Using mathematical and

32-34
b

statistical modelling techniques several academic and government research

organisations have estimated the incidence and prevalence of HIV.

Beginning in the 1980s, several modelling studies sought to estimate the incidence of
HIV using a range of applicable methodologies. These diverse methodologies have
played a crucial role in estimating the incidence of HIV globally. The classical back-
calculation method, the CD4+ T cell depletion method, HIV case notification data, cohort
study data, serial or cross-sectional prevalence data, and the biomarker approach have

been used to estimate HIV incidence over the years.



Back-calculation, one of the most used statistical modelling techniques, is exploited to
study the distribution of AIDS incubation times. Using epidemiological monitoring data,
the back-calculation approach reconstructs HIV infections through time. The back-
calculation approach was initially developed by Brookmeyer et al. 337, who used AIDS
incidence data and the maximum likelihood estimation method to estimate discrete HIV
incidence. In addition to the incidence of AIDS, the frequency of HIV infections
discovered is now available as part of epidemiological surveillance data, which has

dramatically aided researchers in expanding the back-calculation method. 3843

. Early
investigations relied solely on HIV diagnoses from patients who ultimately developed

AIDS 3843, Several more methodologies were proposed to encompass all HIV diagnoses,

including those of infected people who had not yet developed AIDS. 38 44-46,

The second primary HIV incidence modelling strategy involves the use of CD4+ T cell
count data. CD4+ T cell count data are now generally accessible when HIV is diagnosed,
and Markov process models *°-°° have used the CD4+ T cell to estimate HIV incidence.
In addition, a structured approach to employ CD4+ T cell counts for diagnosis of HIV
infection at the CD4 stage was developed by Birell et al. °!. To estimate HIV incidence,
the CD4+ T cell depletion model, which is a combination of the back-calculation method
and the use of CD4+ T cell count data, was developed. This methodology first calculates
the period between infection and diagnosis (i.e., diagnostic delay) and then estimates the

HIV incidence based on the CD4+ T cell depletion 24,

Thirdly, in 2017, Xia et al. 3 developed a straightforward approach using HIV case
notification data to estimate HIV incidence. The strategy presupposes that HIV incidence
and case testing remain steady every three years. This procedure is straightforward for

non-specialists. In addition, only HIV case notification data are required for

7



implementation. However, this strategy is only practical if incidence and diagnostic rates

remain steady over a three-year period.

The fourth method commonly used for estimating HIV incidence is the use of cohort
studies where uninfected individuals are followed over time °. Since cohort studies are
expensive and time-consuming, it is impossible to track individuals at the national level;
hence incidence is estimated among subpopulations >’. Although this methodology allows
for incidence to be estimated directly, two main sources of error are introduced 7. First,
individuals who adhere to follow-up visits may not be an accurate representation of the
population. Secondly, those individuals who adhere to follow-up visits get counselling
repeatedly. As a result, their knowledge of HIV improves over time, affecting their risk

of contracting HIV.

The fifth method uses serial or cross-sectional prevalence data to estimate HIV incidence.
The Estimation and Projection software Package (EPP) was developed by UNAIDS to
obtain HIV prevalence and projections %, Linked to the EPP is another software called
SPECTRUM *, which estimates the HIV incidence using the AIDS Impact Model (AIM)

model. The software has been updated several times since its initial release in 2004 6963,

Lastly, using the biomarker approach, the “snapshot sampling” is an additional method
for determining incidence from a single prevalence survey developed by Quinn and
Brookmeyer ®. The methodology involves randomly selecting individuals for HIV
testing. The HIV incidence is then estimated using the prevalence of the p24 antigen
among HIV-negative individuals and the average length of the p24 positive phase. The
p24 antigen is only detectable for a limited time before seroconversion and represents

recent infections. The biomarker method has been expanded to various indicators of



recent infection across time %>-%7. and much effort has been given to estimating their mean
9

window duration 879,

1.2.2 The Use of Cross-Sectional Data to Estimate HIV Incidence and
Risk

Mathematical modelling of infectious diseases was first documented in 1760 in a
publication by Daniel Bernoulli 7!. The concept of estimating the force of infection (which
is also known as incidence) as a key parameter in mathematical models was proposed by
Hugo Muench, which was documented in his book Catalytic Models in Epidemiology 7.
To estimate the rate a susceptible person becomes infected, Muench proposed using a
catalytic model with "current status data. "Current status data occurs when an individual
is observed at one single point, and the only information obtained is whether the event of
interest has occurred 7. Current status data is obtained through a cross-sectional survey.
Data on a person's current HIV status, such as that gathered through a demographic health
survey, is an example of current status data. For infections that leave permanent markers
of immunity in their surviving hosts, the ability to use test results on serological samples
from current status data to estimate the force of infection is crucial, which is why

Muench's catalytic model is so important.

Many models to estimate the force of infection using current status data have been
developed as a result of Muench's work. Muench’s model assumed a constant force of
infection over time. Griffiths 7 then proposed using linear rather than constant FOI. Both
Muench and Griffith’s methods used these models to model measles incidence. An
extension of Griffith’s approach encompassing a polynomial FOI with age was proposed

by Grenfell and Anderson 7°. However, these modelling approaches suffered the problem

9



of monotonicity, which was later addressed by Farrington, who introduced a way to
estimate the force of infection using a non-linear model, i.e., an exponentially damped

model.

Given the history of modelling serological data obtained from current status data, we
observed that most of these modelling strategies mentioned above were used on other
infectious diseases other than HIV. Therefore, this thesis aimed to adopt some of these
models to estimate the force of infection in Zimbabwe using current status data, in our
case, the Zimbabwe Demographic Health Survey data. Besides estimating the incidence
or force of infection, we additionally estimated the risk of HIV infection in Zimbabwe.

The HIV infection risk was estimated using traditional and machine learning models.

The gold standard for estimating HIV incidence is the periodic testing of previously
uninfected people for new infections, as discussed in section 1.2.1, but this procedure is
costly and time consuming. In addition, even when an HIV-negative group is tracked
throughout time, the exact date of infection is seldom documented 6. An interval between
the dates of the most recent negative and earliest positive test can be calculated under
these conditions. Recently, several strategies have emerged for using interval censoring
to infer the risk of HIV infection. Hsu et al. 77 proposed a Cox proportional hazard model
with time-dependent covariates to identify the nearest neighbours of infection. Chen and
Sun 7® estimated the regression parameters for interval-censored data. These models have
not yet been extended to estimate HIV risk using interval-censored data. Therefore, in
this thesis, one of our objectives was to use an interval censoring methodology to estimate

the risk of HIV infection using cross-sectional data.
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Many studies in literature have used Cox proportional hazards or logistic regression
models to establish the HIV risk. However, problems pertaining to the data structure,
which are typically non-linear and heterogeneous, resulting in poor performance of these
methods, gave rise to machine learning approaches. Compared to the traditional models
mentioned above for estimating HIV risk, machine learning algorithms have provided
new methods to construct models that perform better since the algorithms can balance the
deviation and variance of data. In this thesis we explored the use of machine learning
methods to estimate the HIV risk in Zimbabwe.

Machine learning has emerged as a promising tool for predicting HIV risk, by leveraging
large datasets of demographic, behavioural, and clinical data to develop accurate risk
estimation models. Machine learning algorithms can use a wide range of features,
including demographic data such as age, gender, and ethnicity; behavioural data such as
sexual behaviours and drug use; and clinical data such as viral loads and CD4 counts, to
develop models that can predict an individual's likelihood of HIV acquisition. In some
cases, machine learning models can also be used to identify factors that are associated
with increased or decreased HIV risk, providing insights into potential risk reduction
interventions. There are various machine learning techniques that have been applied to
HIV risk estimation, including decision trees, neural networks, logistic regression, and
support vector machines. These techniques have been employed to develop risk
estimation models in different settings, including community-based HIV prevention
programs, HIV testing and counselling services, and HIV treatment centres.

Despite the promising potential of machine learning in HIV risk estimation, challenges
remain, including the need for high-quality and comprehensive data, concerns about bias
and privacy, and the difficulty of generalizing risk estimation models across different

populations and settings. Further research is needed to address these challenges and

11



develop robust machine learning models that can accurately predict HIV risk in diverse
populations. Overall, machine learning has the potential to revolutionize HIV prevention
and control efforts by providing healthcare workers with more accurate tools for
identifying individuals at risk of HIV acquisition and providing targeted interventions to
prevent HIV transmission. In addition, machine learning algorithms mainly focus on
making predictions as accurate as possible, while traditional statistical models aim to infer
relationships between variables. To date, machine learning approaches have been widely
used in the medical field; however, they have not been commonly used in predicting HIV

risk, especially in Zimbabwe.

1.3 RESEARCH PROBLEM AND JUSTIFICATION

The Joint United Nations Programme on HIV/AIDS (UNAIDS) and its partners launched
the 90-90-90 targets (Figure 1.2) with the goal of diagnosing 90% of all HIV-positive
individuals, providing antiretroviral therapy (ART) to 90% of those diagnosed, and
achieving viral suppression in 90% of those treated by 2020 7°. A 2016 population-based
study in Zimbabwe *° revealed that 74.2% of HIV-positive individuals aged 15-64 were
aware of their HIV status. In addition, 86.8 percent of HIV-positive individuals who knew
their status reported current use of antiretroviral therapy (ART) and 86.5 percent reported
viral suppression. For these 90-90-90 goals to be attained, prevalence and incidence rate
data are necessary for understanding the current state of the HIV pandemic and

determining whether the trend is improving to meet the 2030 target.

12



Given that we were working with data from 2005-2015, instead of using the 95-95-95
goals which are at present being implemented, the 90-90-90 goals aligned with the data

being analysed in this thesis.

70% 0%  90%
reR®s  ARERE RARMG

iving with HIV wi

HIV status antiretroviral therapy therapy will have vira

Figure 1.2: UNAIDS 90-90-90 Fast track targets 2

A comprehensive assessment of HIV incidence is required to properly assess the efficacy
of targeted public health interventions and forecast the HIV-related burden placed on
healthcare systems. Many studies, particularly in Zimbabwe, have estimated HIV

incidence 80-102

, however, none of these studies have used the demographic health survey
to estimate HIV incidence. Furthermore, these studies require complex longitudinal
designs, are costly, time-consuming, intermittent missingness or attrition, and most of the
results are specific and not general to the entire population. Using data from household

surveys, this thesis provides unique statistical approaches to address this gap in estimating

the incidence and risk of the Human Immunodeficiency Virus (HIV).

Targeting certain age groups with a high risk of infection is necessary to increase the
effectiveness of public health interventions. The methodological focus of this thesis was
on developing a comprehensive statistical framework for age-dependent HIV incidence

13



estimates in order to jointly estimate age-and-time-dependent HIV incidence.
Additionally, the risk of HIV infection was also evaluated using interval censoring
methods and machine learning. Finally, geospatial modelling techniques were also
utilised to determine the spatial patterns of HIV incidence at province levels and identify

hot spots for HIV risk to guide policy.

1.3.1 Thesis Broad and Specific Objectives

The main aim/objective of this thesis was to estimate and predict the HIV risk using
statistical and machine learning methods using the 2005 to 2015 Zimbabwe Demographic
Health Survey (ZDHS) data. To estimate the HIV incidence and risk, different modelling

strategies were used. The specific objectives were:

1. To determine the effect of several drivers/factors of HIV infection on survival

time to HIV infection over a decade in Zimbabwe, using current status data.

Paper 1 title: Factors associated with HIV infection in Zimbabwe over a decade

from 2005 to 2015. An interval-censoring survival analysis approach.

2. To determine risk factors of HIV positivity in Zimbabwe and the prediction

capability of machine learning models.

Paper 2 title: Predicting HIV infection in the decade (2005- 2015) pre-COVID-19 in

Zimbabwe: A supervised classification-based machine learning approach.

3. To estimate HIV incidence using the catalytic and Farrington models and to test

the validity of these estimates at the national and sub-national levels.

14



Paper 3 title: Estimating HIV incidence over a decade in Zimbabwe: A comparison

of the catalytic and Farrington models.

4. To estimate the age- and time-dependent prevalence and HIV FOI using current
status data by comparing parametric, semi-parametric and non-parametric

models; and determining which models best fit the data.

Paper 4 title: Estimating Age-Time Dependent Prevalence and Force of Infection

from Serial Prevalence Data from 2005-2015: A case study of Zimbabwe.

5. To investigate the spatial variation of HIV incidence in Zimbabwe by using

Multiscale Geographically-Weighted Regression (MGWR).

Paper S title: Sociodemographic determinants of HIV incidence in Zimbabwe:
Geospatial modelling using Multiscale Geographically-Weighted Regression

(MGWR).

1.4 THESIS FRAMEWORK AND THEMES INTER-

LINKAGES OF OBJECTIVES

As a way of interlinking objectives, we formulated a conceptual framework (Figure 1.3)
for this thesis. The “green” arrow represents objectives 1 and 5, where underlying and
proximate determinants of HIV infection were investigated using survival and spatial
analysis. The “blue” arrow represents objective 2, which used machine learning
algorithms to determine factors associated with HIV positivity. The probability of

individuals moving from susceptible to infected individuals was investigated by
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estimating the age-dependent and cohort incidence as represented by the “brown” and

“purple” arrows, respectively. In all the objectives, the outcome variable was HIV status.

- iir Objectives 1 & 5
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Figure 1.3: The schematic presentation of the thesis conceptual framework linking
to the thesis objectives.
Based on the conceptual framework, we identified themes for this thesis linked to the five

objectives, summarised in Figure 1.4.



Objective 1 Objective 2 Objective 3

Theme 3: Spatial
| Theme 2: HIV Incidence | Regression and Hotspot
Modelling Analysis

Theme 1: HIV Risk
|Estimation: Determination |
of HIV Positivity

Objective 4 Objective 5

Figure 1.4: Themes and interlinkages of objectives

1.5 THESIS STRUCTURE

Chapter 1 is the background/introduction of the thesis. It describes the brief history of
the HIV/AIDS epidemic in Zimbabwe. It also includes the literature review, which gives
an overview of the statistical methods for monitoring the epidemic and the use of current
status data to estimate HIV incidence and risk. A justification of why this study was done
is included, followed by the thesis objectives. Lastly, the chapter consists of a framework

of the interlinkages of the objectives and ends with the layout of the entire thesis.

Chapter 2 describes the methodology, including the study setting, data source, statistical
methods and ethical approval. Some elements of the methodology are duplicated in
subsequent chapters as the research papers comprised in this thesis were written as stand-

alone manuscripts.
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Chapter 3 (Paper 1) presents the findings of the first objective of this thesis. Using the
interval censoring survival approach highlights the factors associated with HI'V infection

in Zimbabwe.

Chapter 4 (Paper 2) describes the use of machine learning methods to determine the

common risk factors of HIV positivity in Zimbabwe and their prediction capability.

Chapter 5 (Paper 3) presents the findings of the third objective. It details HIV incidence
estimation using the catalytic and Farrington models. The chapter also describes how the
validity of these models was attained using the Estimation and Projection Package

(EPP)/SPECTRUM and cohort estimates.

Chapter 6 (Paper 4) describes the methods used to estimate age- and time-prevalence
and HIV FOI using current status data. Five models were compared, and the best model

was used to estimate the cohort-specific prevalence and incidence.

Chapter 7 (Paper 5) presents the findings of HIV incidence hotspots in Zimbabwe. In
addition, this chapter details the geographically-weighted regression methods used to

estimate HIV incidence in Zimbabwe spatially.

Chapter 8 summarises the key findings from this PhD work. The chapter also discusses
the strength and limitations and finally presents the concluding remarks and

recommendations.

18



CHAPTER 2

2.1 STUDY METHODOLOGY

2.1.1 Study Site

The study site for this thesis was Zimbabwe, a landlocked country with ten provinces:
Manicaland, Harare, Bulawayo, Midlands, Masvingo, Mashonaland Central,
Mashonaland East, Mashonaland West, Matabeleland North and Matabeleland South
(Figure 2.1). Provinces are made up of 59 districts, and districts are subdivided into 1200

wards.

H Harare
B Bulawayo

Figure 2.1: Map of Zimbabwe !9
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2.1.2 Data Sources and Description

Demographic and Health Surveys (DHS) are nationally representative household surveys

conducted in about 70 countries !04-106

since 1984. They give data for various
demographic, health, and nutrition monitoring and effect evaluations. The research
utilized 2005-2006'%, 2010-2011'%, and 2015 ' ZDHS data available from the DHS
programme website (https:// dhsprogramme.com). The ZDHS was designed to collect
representative information from all 10 provinces shown in Figure 2.1 for specific
indicators such as HIV. Administratively, Zimbabwe is subdivided into provinces,
provinces are subdivided into districts and districts are subdivided into wards. The
households were selected using a two-stage cluster sampling strategy, Figure 2.2. As a
first step, each ward was subdivided into enumeration areas (EAs). The EAs were
randomly selected at a rate of 400, 406, and 400, for the 2005-06, 2010-11, and 2015
ZDHS respectively. The sampling frame used to take the EAs was from the 2002, 2002
and 2012 Zimbabwe Population Census for the 2005-06, 2010-11, and 2015 ZDHS,
respectively. In the second step, a specified number of households were randomly picked
from a complete list of households in the designated EAs. From the ZDHS for the years
200506, 2010-11, and 2015, a representative probability sample of 10,800, 10,828, and
11,196 households, respectively, was chosen. This allowed for the assignment of EA-

specific weights in the design 94106,

20



Sampling
Frame

15t stage selection
probability

P1

| 2nd stage selection
probability

P2

Household
response

HH RR

Figure 2.2: DHS sampling strategy.
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Having obtained consent from the respondent or parent (i.e. for minors), blood samples

were taken in all households from females aged 0—49 and males aged 0-54 for HIV

testing in the laboratory. Fingerprick blood spots were collected on filter paper for

analysis. A preliminary ELISA test was performed, and then all positive and 5-10% of

negative samples were retested with a second ELISA 1419 [f there was discrepancy

between the results of the two ELISAs, a third ELISA or a Western blot was performed.

This study’s data was obtained from the DHS Data Archives!’” and included only

participants aged 15—49 years.
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2.2 STATISTICAL ANALYSIS OUTLINE

2.2.1 Statistical Methods for Objective 1

2.2.1.1 Survival analysis

Survival analysis seeks to determine the link between the survival time and a set of

covariates. Numerous strategies have been developed for estimating the survival or

hazard function and the impact of covariates in these situations. The survival function

S(t) is defined as the probability that a subject survives longer than time t, that is:
St)=P(T >t Equation 2.1

Where T denotes the time to event of interest (survival time).

On the other hand, the hazard function is the rate of death/failure at an instant t, given that

the individuals survive up to time t:

@ f@ .
h(t) = 1-F©O - 50 Equation 2.2

where f(t) is the probability density function of T.
Survival data are distinguished by the fact that the time to an event is not always
accurately observed, and observations are vulnerable to censoring. Censoring is defined

as the failure to monitor the time-to-event for all research participants %

. Left censoring
describes a situation where the event of interest has already occurred before a person is
recruited for the research. Alternatively, if the event of interest is not observed or achieved
before the conclusion of the research period, this is referred to as right censoring !%°. Of
interest is when the event of interest is known to have occurred between two time points,
then this becomes interval censoring. When individuals are followed up over time until

the desired characteristic is observed, the time to event can be easily estimated '%. In

literature, these situations have been analysed using the traditional survival analysis
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methodologies. However, considering the data used in this thesis, survival analysis with
interval censoring should be considered because each individual is observed at a single
time point and the only information recorded is whether or not the event of interest has
occurred, which can be defined as current status data. One of the common forms of
interval-censored data is current status data, where all individuals in the dataset are either
HIV positive (left-censored) or HIV negative (right-censored) ''°. Current status data is
also referred to as case II interval-censored data '%°. This thesis estimated the risk factors
associated with HIV infection by modelling the hazard rate of HIV infection using
conventional survival analysis and interval censoring. The time to onset of HIV infection
was set as the age when the HIV test was performed on the individual during the survey,
i.e., the age at survey date for the standard survival analysis. However, for the interval
censoring, the time-to-onset of HIV infection was set between the age of first sex and the

age at survey date.

2.2.1.2 Model Building and selection

In this thesis, the binary outcome variable was HIV status. We examined the
demographic, socioeconomic, behavioural, and sociocultural aspects linked with HIV
infection. Using stepwise regression, the parameters strongly related to HIV infection
were determined. Parametric survival analysis was then applied, taking into account the
significant factors identified through stepwise regression. We used a parametric model,
so we checked the baseline distribution to make sure it was adequate. This was
accomplished by contrasting several parametric models with the semi-parametric fit.
Since the Weibull model had no systematic deviation from the semi-parametric model, it

was found to be the best model, as shown in Figure 2.3.
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Figure 2.3: Examining parametric baseline fits for six parametric models (right)

and best model (left).

Two models were fit using the parametric Weibull survival analysis. Model 1 is the Cox
proportional hazards survival analysis, whereas Model 2 is the interval-censored survival
analysis. Model fit was evaluated in three ways using the Akaike information criterion,

the Cox-Snell residuals, and the parametric baseline fit.

2.2.2 Statistical Methods for Objective 2

2.2.2.1 Data Pre-processing

Data pre-processing consists of transforming, encoding, and filtering data so that an
algorithm for machine learning can comprehend and utilise the processed output!'!!. In
reality, data taken from real-world settings contains noise and missing values. Since

machine learning algorithms are not intended to manage missing and noisy data, data pre-
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processing seeks to alleviate these issues by treating the data at hand thoroughly. In the
initial round of data pre-processing, male and female datasets from three ZDHS were
combined individually. The HIV test results were then integrated with the individual adult
interviews, using HIV status as the target variable. Those without a positive HIV test
result were eliminated from the analysis. Next, data were resampled using sample weights
of HIV test results for each survey year to account for non-response, non-coverage, and
population total adjustment weights. To make the values comparable, a standard scaler
was employed. Since machine algorithms cannot interpret string variables, nominal
variables were encoded with a one-hot encoder and ordinal variables were encoded with
a label/ordinal encoding. To eliminate redundant data, so the model is less biased, we
omitted variables with a correlation coefficient of 80% or higher, non-unique columns,
and arbitrary features. All variables with more than 30% missing values were eliminated,
while variables with less than 30% missing values were assumed to be missing at random;
therefore, Multiple Imputations with Chained Equations (MICE) was used. Lastly, the
data were normalised and scaled.

Following the stratification by sex, we left out one of the three ZDHS datasets (rotating
left-out survey) to construct three datasets per sex, each consisting of just two surveys.
The primary objective of the rotation was to examine the generalizability of the models
separately for men and women in subsequent testing. The three freshly formed datasets
per sex were then stratified, with 80% of the data serving as training and 20% as testing.
Then, standardisation and imputation were performed separately on the train and test

datasets to prevent contamination.
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2.2.2.2 Model training and validation

The dataset must be divided into three parts for machine learning models to perform well:
train set, validation set, and test set. A training set is the subset of a dataset from which
an algorithm for machine learning learns the relationships between the features
(independent variables) and the target variable (outcome variable). Typically, an
algorithm is fed the training dataset to construct a model. Next, the model translates inputs
to outputs. Next, a validation dataset is utilised to tune a model’s hyperparameters.
Hyperparameters are explicitly defined parameters to control the learning process before

applying a machine-learning algorithm to a dataset!'!2.

Changing the value of
hyperparameters modifies the resulting model and is typically used to control how an
algorithm learns data relationships. Hyperparameters can be used to set the model’s
complexity, with complex models learning more complex interactions while simpler
models learn more straightforward associations using the same algorithm!!2. As a result,
complex models typically risk the danger of overfitting. The validation dataset is utilised
during training to monitor the model’s performance with varying hyperparameter values.
The validation dataset is utilised to detect overfitting during training. Lastly, a test set is
distinct from the training set and is used to evaluate the performance of the trained model.
The test set estimates the model’s ultimate performance after hyperparameter adjustment.
The test dataset is also helpful in comparing the relative performance of various models.
Putting the preceding literature on training, test, and validation sets into context, our
dataset for this thesis was separated into these three categories. However, instead of
having an independent split of the validation set, we opted for stratified k-fold cross-
validation. Specifically, we used a stratified 5-fold cross-validation in which we selected

5 different subsets of data as validation sets, and we trained 5 models on the remaining

data, as shown in Figure 2.4. Using the validation data set produced from the cross-
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validation, 50 sets of hyperparameters were chosen randomly for each algorithm using
the validation data set. Then, to evaluate the performance of the models, we averaged the
model outputs and picked the set of hyperparameters with the highest mean F1 score

throughout the validation dataset.

[ Original dataset ]
‘ Train Set
‘ Test Set Left-Out Set ‘ Validation Set
‘ Test Set
Left-out Set
Model training & evaluation Model generalisation

Train model on Evaluate model on
Training Set Validation Set

Adjust model according to
results on Validation Set

.

Choose model that
performs best on
Validation set

S

Confirm results on
Test Set

Figure 2.4: Dataset Split diagram
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2.2.2.3 Model Testing and algorithm selection

Model testing in machine learning is the process of evaluating the performance of a fully
trained model on a testing set !'3. Several statistical metrics can be used to evaluate test
findings, including F1 scores, Precision-Recall curves, and receiver operating
characteristics (ROC) curves ', Three of the top models per sex and algorithm were run
on the test set from our dataset, and the resulting metric scores were averaged. Six
methods were used on the test set: penalised logistic regression (Elastic Net), k-nearest
neighbour algorithm (KNN), Random Forest Classifier (RFC), Decision Tree approach
(DT), Light Gradient Boosting Model (LightGBM), and XGBoost model. The model with
the highest mean F1 score was deemed the best. Each of the seven models was then

applied to the left-out survey data set.

2.2.3 Feature selection

Feature selection, also known as variable or attribute selection, is the process of choosing
a subset of important features for use in model development!!>. The primary objective of
feature selection in machine learning is to improve a machine learning algorithm’s
performance, enhance the model’s interpretability, and decrease the amount of computing
and data-gathering resources required!!®. Including features irrelevant to the classification
problem (outcome variable) will introduce noise into the data set and contribute to
overfitting, resulting in a biased classification result with a large variance. Eliminating
unnecessary features simplifies the model, which enhances its interpretability. This thesis

utilised the Lasso and sequential forward floating selection (SFFS) for feature selection.
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Lasso regression is a highly effective automated feature selection method!!'”. If two
features are linearly correlated, their simultaneous existence will raise the value of the
cost function; thus, Lasso regression will attempt to reduce the coefficient of the less

117

significant feature to zero to choose the most relevant features''’. The cost function is

explained as follows:

N training n

1 . .
(y:)bs - y;Jred)Z + a2|a]‘| Equation 2.3
i=1 j=1

2N

training

where a; is the coefficient of the jth feature. The final term is called the [1 penalty, and

« is a hyperparameter that tunes the intensity of this penalty term. The greater the
coefficient of a feature, the greater the cost function’s value. Therefore, the objective of
Lasso regression is to maximise the cost function by minimising the absolute values of
the coefficients'!8. To minimise the cost function, Lasso regression will automatically
choose useful features and reject undesirable or redundant ones. Therefore, we used Lasso
regression on a scaled dataset and selected features with coefficients other than zero.

Sequential forward floating selection is a wrapper method that tries to find a subset of the
features to optimise an objective function''. First, the space of feasible feature subsets is
explored. Then, choose the optimal subset relative to a given objective function. The
objective function is a pattern classifier that evaluates the predicted accuracy of feature
subsets using statistical resampling or cross-validation!!?. The capacity to generalise and
prevent overfitting is one of the benefits of wrapper approaches, which commonly employ
cross-validation metrics of prediction accuracy. In this thesis, the sequential forward
floating selection was used to exclude variables based on a given classifier performance

criterion for 80% of the training data, and the F1 score was derived for various subsets of
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variables. Finally, the optimal subset variable among those for which F1 plateaued was
selected.

Considering that the proportion of those HIV negative and positive was imbalance with
a ratio of 4.2:1, we applied resampling methods to handle the class imbalance. We
performed the Synthetic Minority Over-sampling Technique (SMOTE) to balance the
classes. This was achieved by generating synthetic data using the nearest neighbour’s
algorithm to balance out the classes. Original dataset without implementing the SMOTE

procedure was also analysed to compare results.

2.2.4 Statistical Methods for Objective 3

2.2.4.1 Catalytic and Farrington model

The first references to the estimation of force-of-infection date back to Muench’s early
work. Muench recommended using a “catalytic model” to determine the rate at which a
susceptible individual acquires an infection'?°, The significance of Muench’s catalytic
model is the ability to determine the force-of-infection using test results on serological
samples’. Catalytic epidemic models consider the age distribution at the onset of an
infectious disease. The work of Muench has led to the creation of several models for
estimating the force-of-infection!?. Farrington included monotonicity in the calculation
of the force-of-infection, but Muench’s model did not account for monotonicity with
increasing age. Farrington considered a nonlinear model, which was an exponentially
damped linear model where the force-of-infection typically rises linearly and then drops

off for older ages. Both these models estimate the age-dependent force-of-infection.
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Muench’s and Farrington’s models have been used extensively to estimate the force-of-
infection of other infectious diseases such as measles and rubella. Following Muench’s
catalytic model, we adapted the catalytic model of Mossong et al.'?!, which has been used
to estimate HIV incidence using seroprevalence data. The catalytic model used in this
thesis simultaneously estimated the age-dependent incidence and differential mortality in
HIV-infected individuals. On the other hand, the Farrington model assumed non-
differential mortality, which indicated that HIV-related mortality did not affect how the
observed serological profile was interpreted. In addition, the catalytic model had a

lognormal functional form of incidence and assumed homogeneity over time.

2.2.4.2 Model Validation

Model validation is a technique used to ensure that models perform as anticipated. Since
age-dependent HIV incidence was predicted using the catalytic and Farrington models, it
was necessary to validate the estimates. Validation was established at both the micro and
macro levels. First, we used the entire dataset, i.e., country-level data, to estimate the
incidence of HIV at the macro level using the catalytic and Farrington models. The
estimation findings were then compared to the EPP/SPECTRUM estimates. We used the
EPP/SPECTRUM estimates as a comparison since these estimates are the ones used in
Zimbabwe, produced by the National AIDS council to inform policy. At the micro level,
we used just one province dataset, i.e., Manicaland dataset. From the ZDHS, we only
used data from Manicaland province to estimate HIV incidence using the catalytic and
Farrington models. These estimates were then compared to the HIV incidence values
obtained from a community cohort study carried out in Manicaland HIV/STD Prevention

Project!?2. Since cohort studies are deemed the “gold standard” in incidence estimation,
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we decided to validate the catalytic and Farrington models against the “gold standard”

estimates.

2.2.5 Statistical Methods for Objective 4

2.2.5.1 Generalised Additive Models (GAM)

A generalised additive model (GAM) is a generalised linear model with a linear predictor
that incorporates a sum of smooth functions of variables'?®>. The interpretability of
generalised additive models is simple, their flexible predictor functions can reveal hidden
data patterns, and regularisation of predictor functions helps prevent overfitting!??.
Generalised additive models employ an additive modelling approach in which the
influence of the predictive factors is recorded by smooth functions that may be nonlinear

depending on the underlying data patterns'?*

. When estimating GAMs, the objective is to
simultaneously estimate all smoothers and the parametric terms in the model while

accounting for the smoothers’ covariance.

This objective focused on estimating age- and time-dependent prevalence and force of
infection from serial cross-sectional data. We compared five different generalised
additive models. Model 1 adapted the Ades and Nokes!? exponential polynomial model.

1.126, where

Models 2 and 3 were semi-parametric models modified from Nagarkerke et a
a spline smoother was used for the baseline hazard function instead of an isotonic step
function. Finally, models 4 and 5 were non-parametric. What was of interest in all five

models was modelling the force-of-infection, which followed an exponential family

distribution using predictor variables age and year of birth. The Pool-Adjacent-Violators
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Algorithm (PAVA) application was used to ensure monotonicity in the age dimension.

The Akaike Information Criterion was used to choose the best model.

2.2.6 Statistical Methods For Objective 5

2.2.6.1 Spatial Analysis

In this thesis, we explored spatial analysis regression methods to determine the district
patterns of HIV incidence over space. Estimation of HIV incidence was carried out using
the catalytic method procedure explained in section 2.2.3.1 and Chapter 5. Using the
estimated HIV incidence per district, we also explored the different hot spot and cluster
areas in Zimbabwe over three different survey points. In order to perform the spatial
regression, the response variable was defined as the HIV incidence per district. Some of
the explanatory variables were chosen from the results obtained from Chapter 3 as a
starting point. Details of how the significant variables were obtained can be found in
Chapter 7. To determine the global relationship between the response and independent
variables, an Ordinary Least Squares (OLS) Regression was performed. Residuals for the
OLS models were checked for spatial autocorrelation using the Moran’s I statistic.
Independent variables which were significant in the OLS model were then subjected to
the Geographically Weighted Regression (GWR) and Multiscale Geographically

Weighted Regression (MGWR).

2.2.6.2 Geographically Weighted Regression (GWR) and Multiscale Geographically
Weighted Regression (MGWR)
One of the most widely used methods to explain the spatial nonstationarity of

relationships is the GWR. The GWR model can be expressed as follows:
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Vi = Bo(uivy) + Br(uiv)xi + B (wiv)xint+... +6;(wv)x;; + &

n
= z B;(wv;) x;j + & Equation 2.4
=0

Where y; are observations of HIV incidence, u;v; are the longitude and latitude
geographical coordinates for the ith observation, B;(u;v;) are the parameters for x;;

independent covariates describing the relationship around geographical locations (u;v;)

and g; is the error term.

Traditionally, regression methods produce an average global estimate for the relationship
between the response and explanatory variables, however, the GWR allows these
relationships to vary over space. The basic idea of the GWR is that, since each location
has a neighbour, data from one location can be “borrowed” from nearby locations and
weighted according to the distance each neighbour is from the regression line. This
weighting scheme is called the Weighted Least Squares approach, where:
B, = (XTW,X)"IX"W,y Equation 2.5

Where y is the vector of observed values, B, is the vector of estimated parameters at
regression point i, X being the design matrix which contains a column of 1s and the

independent variables, and W is a weight matrix conditioned on location i with the form:

wy 0 0 0
0 wy, O 0

Wl ES O Wis3 O
0 0 0 Wi
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Therefore, the main strengths of the GWR are its capability to identify spatial
heterogeneity and, at the same time, take into account the spatial dependence of the data.
One of the assumptions of the GWR is that it assumes that all spatial varying processes
in a model operate at the same spatial scale. This may be disadvantageous if we have
processes that operate at a local scale and others at a broader scale. However, if this
assumption is relaxed, and we assume that processes vary and operate at different scales,
then we introduce the Multiscale Geographically Weighted Regression (MGWR) model.
The MGWR has the potential to produce a more powerful spatial model than the GWR.

A Generalised Additive Model (GAM) can be formulated as:

y=fX)+ LX)+ +fio (X)) + & Equation 2.6
Where y is the vector of the response variable; f;..., fi are smooth functions; X;..., X}
are the explanatory variables and ¢g,is a vector of random error. The MGWR can be

formulated using the GAM framework as follows:

Y = fowi(X1) + fowa(X2)+. ..+ fowe(Xi) + & Equation 2.7
where;
ﬂljxlj Uy
'3 Xq Uy Uy
fowi(X;) = "7V :
anxlj uTLvTL
therefore;

Vi = Bowo(Uivy) + Bow1 WiV X1 + Bowz (Wiv)xint+. .. +Buw;(Wiv)x;; + &

n
= z Bi(uvy) x;j + & Equation 2.8
=0
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Where y; are observations of HIV incidence, u;v; are the longitude and latitude
geographical coordinates for the ith observation, B;(u;v;) are the parameters for x;;
describing the relationship around geographical locations (u;v;) and &; is the error term.

Hence in this thesis, we explored both the GWR and the MGWR, and the results of the

model, which was a better fit, were presented.

2.2.7 Ethical Considerations

The ZDHS HIV testing protocol for all three surveys was reviewed and approved by the
ethical review boards Medical Research Council of Zimbabwe (MRCZ) in Harare,
Zimbabwe; the ORC Macro Institutional Review Board in Calverton, Maryland, USA;
and the Centers for Diseases Control (CDC) in Atlanta, Georgia, USA (8-10). The
Human Research Ethics Committee (Medical) at the University of Witwatersrand also
granted ethical clearance to this study (No. M151154). The research dataset was obtained
on May 16, 2017, after a request was submitted to and accepted by the Measure DHS
program. In accordance with its mandate, the DHS Program may release unrestricted
survey data files at no cost for approved academic research. User registration was needed

before data could be accessed.
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Abstract

Objectives: The main objective of this study was to compare results from two approaches
for estimating the effect of different factors on the risk of HIV infection and determine
the best fitting model.

Study design: We performed secondary data analysis on cross-sectional data which was
collected from the Zimbabwe Demographic Health Survey (ZDHS) from 2005 to 2015.
Methods: Survey and cluster adjusted logistic regression was used to determine variables
for use in survival analysis with HIV status as the outcome variable. Covariates found
significant in the logistic regression were used in survival analysis to determine the
factors associated with HIV infection over the ten years. The data for the survival analysis
were modelled assuming age at survey imputation (Model 1) and interval-censoring
(Model 2).

Results: Model goodness of fit test based on the Cox-Snell residuals against the
cumulative hazard indicated that Model 1 was the best model. On the contrary, the Akaike
Information Criterion (AIC) indicated that Model 2 was the best model. Factors
associated with a high risk of HIV infection were being female, number of sexual
partners, and having had an STI in the past year prior to the survey.

Conclusion: The difference between the results from the Cox-Snell residuals graphical
method and the model estimates and AIC value maybe due to the lack of adequate
methods to test the goodness-of -fit of interval-censored data. We concluded that Model
2 with interval-censoring gave better estimates due to its consistency with the published
results from literature. Even though we consider the interval-censoring model as the
superior model with regards to our specific data, the method had its own set of limitations.

Keywords: Interval-censoring:, HIV2, Survivals, Prevalences, Zimbabwes.
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3.1 INTRODUCTION

The 90-90-90 targets was launched by the Joint United Nations Programme on
HIV/AIDS (UNAIDS) and partners with the aim to diagnose 90% of all HIV positive
persons, provide antiretroviral therapy (ART) for 90% of those diagnosed, and achieve
viral suppression for 90% of those treated by 2020 !%7.

In Zimbabwe, a population-based survey carried out in 2016 reported that 74.2% of
people living with HIV (PLHIV) aged 15-64 years knew their HIV status. Amoung the
PLHIV who knew their status, 86.8% self-reported current use of Antiretroviral treatment
(ART), with 86.5% of those who self-reported, are virally suppressed 2. In order for
these 90-90-90 targets to be met, prevalence and incidence rates estimates are crucial in
understanding the current status of the HIV epidemic and determine whether the trends

are improving in a manner which can facilitate to achieve the 2020 target.

The gold standard for estimating the HIV incidence is to test uninfected individuals for
new infections periodically, however this method is feasible though costly and time-
consuming. In addition, even if an HIV negative cohort is followed over-time, the exact
date of infection is rarely observed '%°. In this scenario, an interval can be determined
between the latest negative and the earliest positive test dates. Taking into consideration
the issue of cost and time, cohort analysis for estimating the HIV incidence rate in a
general epidemic will not produce estimates which are representative of the whole
population. Due to these reasons, sentinel surveillance systems have been set up to
monitor the spread of the pandemic !*. In addition, population-based surveys, in which
HIV tests are performed, are carried after every 5-years in Zimbabwe. The advantage of

the population-based survey is that data is more representative of the population than a

39



cohort. On the other hand, the same data does not provide the exact date of the infection

but rather provide what is called “current status data”.

Current status data occurs when an individual is observed at one single point, and the only
information obtained is whether the event of interest has occurred '*'. An example of
current status data includes information collected during a demographic health survey, in
which an individual is tested whether they are HIV positive or negative. If an individual
were found to be HIV positive, the individual was recorded as left censored at the time
the test was done. If an individual were HIV negative, they were recorded to be right
censored. Sometimes current status data can be referred to as case interval-censored data,
with case II interval-censored data referred to as the general case '32. Interval censoring
takes into account the range, that is, an interval inside of which one can say the outcome
of interest has occurred '*3. Given that we would want to determine the factors associated
with the hazard of infection using data from these surveys, then survival analysis can be

implemented.

In the setting of standard survival analysis, modelling the hazard rate of HIV infection
can be achieved by imputing the time-to-onset of disease as the time at diagnostic visit
129, Modelling current status data using the mentioned two approaches may overestimate
the hazard rate. However, analysing this type of data using interval censoring will be a
better approach. Although they are documented advantages of interval censoring
compared to the standard cause-specific survival model, the superiority of the interval-
censoring remains unclear in estimating the effect of different exposures on the risk of

HIV infection. With this argument in mind, the main objective of this study was to
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compare results from these different approaches for estimating the effect of different

factors on the risk of HIV infection and determine the best fitting model.

3.2 MATERIALS AND METHODS

3.2.1 Study Design and Area

This study used data from Zimbabwe, a landlocked country, bordered by Mozambique
on the East, South Africa on the South, Botswana on the West, and Zambia on the North
and Northwest. Zimbabwe is sub-divided into 10 Provinces which are: Matabeleland
South, Matabeleland North, Mashonaland East, Mashonaland Central, Mashonaland
West, Midlands, Masvingo, Manicaland, Harare, and Bulawayo. Each province is
subdivided into districts, and each district is made up of wards. The designs for the three

5 yearly surveys were cross-sectional.

3.2.2 Zimbabwe Demographic Health Survey Data and Sampling

Demographic and Health Surveys (DHS) are nationally representative household surveys
that have been implemented in approximately 70 countries since 1984 10419 They
provide data for a wide range of monitoring and impact evaluation in the areas of
population, health, and nutrition. Data used for the analysis were obtained from 2005-06,
2010-11 and 2015 ZDHS and were retrieved from the DHS programme website

(https://dhsprogram.com) 34, A representative probability sample of 10,800, 10,828 and

11,196 households were selected for the 2005-06, 2010-11 and 2015 ZDHS respectively.
A two-stage cluster sampling technique was used to select the households. The first stage
selected 400, 406 and 400 enumeration areas (EAs) for 2005-06, 2010-11 and 2015

ZDHS respectively. At the second stage, using a complete listing of households in the
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selected EAs, a fixed number of households were randomly chosen. This allowed the use

of EAs specific weights to be assigned in the design 19410,

3.2.3 Measurement of The Outcome (HIV Status) and Explanatory

Variables

With consent from the respondent or parent/guardian (for minors), blood samples were
collected in all households for HIV testing in the laboratory for females aged 0-49 and
males aged 0-54. Blood spots were collected on filter paper from a finger prick and
transported to a laboratory for testing. An initial ELISA test was performed, and then
retesting of all positive and 5-10 % of the negative tests with a second ELISA was done.
If they were discordant results on the two ELISA tests, a new ELISA or a Western Blot
was performed. The data used for this study was obtained from the DHS Data Archives!3*
and only included individuals aged 15-49 years. The following explanatory variables
were extracted from the dataset: sex, marital status, education level, religion, currently
employed, place of residence, STI treatment in the past 12 months and number of sexual

partners 104106,

3.3 ETHICAL CONSIDERATIONS

The ZDHS HIV testing protocol for all the three surveys was reviewed and approved by
the ethical review boards Medical Research Council of Zimbabwe (MRCZ) in Harare,
Zimbabwe; the ORC Macro Institutional Review Board in Calverton, Maryland, USA;
and the Centres for Diseases Control (CDC) in Atlanta, Georgia, USA %419 This work
was granted ethical clearance by the University of Witwatersrand’s Human Research

Ethics Committee (Medical) (No. M151154). The dataset used in this study was obtained
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through an application made to Measure DHS program, which was approved on the 16%
of May 2017. The DHS Program is authorised to distribute, at no cost, unrestricted survey

data files for legitimate academic research. Registration was required for access to data.

3.4 STATISTICAL METHODOLOGY

3.4.1 Application To Zimbabwe Demographic Health Survey

3.4.1.1 Data Management

The socio-demographic datasets for men and women records were appended to provide a
single analysis dataset for all the three surveys. The appended dataset was then merged
using the unique combination of the individual line number, household line number and
cluster (EA) number to the HIV prevalence dataset. All individuals without an HIV test
result, never been sexually active, and individuals who did not have an age at first
intercourse were excluded from the analysis. In the case of individuals who were HIV
positive when the survey was conducted, the age at HIV infection was defined as age at
survey date and for individuals who were HIV negative, the age at HIV infection was
right-censored at the date of survey in Models 1 (Figure 3.1). Accounting for interval-
censoring, the age at HIV infection was interval-censored between age at first sexual
intercourse and age at date of survey, but right-censored at the age at survey, for
individuals who were HIV negative for Model 2. All the models assumed a parametric
Weibull distribution for the baseline hazard A,(t) which allowed estimation of § which
is the vector of regression coefficient. Model Specification for all the models, refer to

supplementary data.
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3.4.2 Statistical Analysis

In this study, the outcome or response variable was the HIV status, a binary variable. The
study investigated the socio-cultural, socio-economic, behavioural and demographic
factors, which are associated with HIV. Trends in HIV prevalence were assessed using
the non-parametric trend test in STATA. A stepwise logistic regression approach was
adopted in STATA SE version 15.1 statistical software '3° using the command svy: swaic
136 on some selected explanatory variables highlighted earlier. Factors that were
significantly associated with HIV from the stepwise survey logistic regression were then
considered for the parametric survival analysis. The most suitable baseline hazard
function was investigated using the package icenReg '*7 in R software. The data were
modelled assuming age at survey imputation and interval-censoring (Figure 3.1). The
model goodness-of-fit (GOF) test was assessed using the Akaike Information Criterion

(AIC) and two graphical methods which included the Cox-Snell residuals. All analysis

were performed in STATA SE version 15.1 and R statistical software.
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Figure 3.1: Illustration of different modelling strategies when investigating the

factors associated with HIV infection.

3.5 RESULTS

The 2005-06 ZDHS database had 10,800 households in which 42,698 records were
retrieved. Of the 42,698 records, 16,082 records were for individuals aged 15-49 years
with 7,175 (44.6%) males and 8,097 (55.4%) females. The 2010-11 ZDHS database had
10,828 households in which 41,946 records were retrieved. Of the 41,946 records, 16,651
records were for individuals aged 15-49 years with 7,480 (44.9%) males and 9,171
(55.1%) females. The 2015 ZDHS database had 11,196 households in which 43,706
records were retrieved. Of the 43,706 records, 18,351 records were for individuals aged
15-49 years with 8,396 (45.8%) males and 9,955 (54.2%) females. The above information

is represented in Figure 3.2.
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Figure 3.2: Flowchart of records in the 2005-06, 2010-11 and 2015 ZDHS.

Nationally, the non-parametric trend test (p<0.001) showed a significant decline of HIV
prevalence from 22.4% to 19.6% to 17.7% for 2005-06, 2010-11 and 2015 ZDHS
respectively (see Table 3.1). A similar decline trend was observed for gender, marital
status, place of residence, education level, current employment status, STI in the past year

preceding the survey and number of sexual partners.

The mean survival time for age at HIV infection for Model 1 was 41.1 years for females,
42.8 years for males in 2005/06 ZDHS; 41.9 years for females, 43.4 years for males in

2010/11 ZDHS and 42 years for females, 44 years for males in 2015 ZDHS. The mean
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survival time for age at HIV infection for Model 2 was 24.9 years for females, 28.3 years
for males in 2005/06 ZDHS; 25.7 years for females, 29.4 years for males in 2010/11

ZDHS and 26.5 years for females, 30.5 years for males in 2015 ZDHS. According to the

survival times, Model 2 produced lower times of survival before HIV infection.

Table 3.1: HIV prevalence in Zimbabwe and changes in HIV prevalence

(weighted) from the Zimbabwe DHS surveys 2005-06, 2010-11 and 2015.

Survey year 2005-06 2010-11 2015 p-value
Characteristic Prevalence (CI) Prevalence (CI)  Prevalence (CI)
National summary 22.4(21.6,23.2) 19.6(18.8,20.3) 17.7(17.0,18.4) <0.001
Sex: male 18.2(16.7,194) 16.2(15.1,17.3) 13.6(12.7,14.5) <0.001
female 25.1(24.0,26.2) 21.8(20.8,22.8) 20.7(19.8,21.6) <0.001
Marital Status: never married 10.8(9.36,12.3) 9.66(8.29,11.0) 7.86(6.78,8.95) 0.001
married/cohabiting 20.5(19.5,21.5) 17.8(16.9,18.7) 16.8(16.0,17.6) <0.001
separated/divorced/widowed 45.6 (43.0,48.2) 42.2(39.6,44.8) 38.3(35.9,40.8) <0.001
Place of residence: urban 23.7(22.2,25.3) 22.0(20.5,23.4) 18.3(17.3,19.3) <0.001
rural 21.8(20.8,22.8) 18.5(17.7,19.4) 17.3(16.4,18.1) <0.001
Education level: 22.6 (21.3,23.9) 21.1(19.7,22.4) 20.7(19.3,22.1) 0.05
no education/primary
secondary 22.6 (21.6,23.7) 19.4(18.5,20.3) 17.4(16.5,18.2) <0.001
higher 16.3 (12.6,20.0) 12.6(9.86,15.4) 12.1(10.3,13.9) 0.05
STI treatment in past 12 months: no | 21.4(20.7,22.2) 18.9(18.2,19.7) 17.2(16.5,17.8) <0.001
yes | 46.2(41.2,512) 39.0(34.0,44.0) 37.2(32.0,423) 0.01
No. of sexual partners: () 31.3(28.9,33.6) 28.2(25.9,30.5) 24.5(22.2,26.9) <0.001
I 20.8(19.9,21.7) 18.2(17.4,19.1) 17.0(16.2,17.7) <0.001
2+ 19.5(16.1,22.9) 17.7(14.8,20.7) 15.3(13.2,17.4) 0.03
Currently employed: no 22.7(21.5,23.9) 18.9(17.9,20.0) 17.9(16.9,19.0) <0.001
yes 22.1(21.0,23.2) 20.2(19.2,21.3) 17.5(16.7,18.4) <0.001

*n-values below 0.05 are considered statistically significant

The parametric Weibull distribution was used to investigate the factors associated with
HIV infection. The Weibull parametric function was suitable to model the baseline hazard
distribution, as shown in Figure 3.3. Model goodness of fit test indicated that Model 2

was the best model based on the Akaike Information Criterion (AIC) presented in Table
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3.2. A graphical goodness of fit test was performed, where the semi-parametric model

was compared to the parametric model. According to the results in Figure 3.3, Model 2

fits the data better than Model 1. Based on Figure 3.3, Model 1 overestimates the survival

rates between 15-35 years and underestimates the survival rates between 35-49 years.
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Figure 3.3: Goodness-of-fit tests for the Zimbabwe DHS 2005-06 (left column),

2010-11 (middle column) and 2015 (right column). Model 1 (top row) and Model 2

(bottom row)
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Table 3.2: Akaike Information Criterion and Bayesian Information Criterion

values.

Year Model  Obs. Unull)  ll(model) df AIC BIC

2005-06 |1 9768 -2995.77 -2605.36 14 5238.7 5339.3
2 9768 -2177.37 -1912.55 14 3853.09 3953.71

2010-11 |1 10734  -2767.33 -2516.62 14 5061.23  5163.17
2 10734  -2080.36 -1777.98 14 3583.95 3685.89

2015 1 12822  -2887.20 -2580.70 14 5189.41 5293.83
2 12822 -2141.63 -1759.41 14 3546.83  3651.25

However, Figure 3.4 with the Cox-Snell residuals shows that Model 1 is better than

Model 2 as the estimated cumulative hazards are close to the reference line which is

formed by the Cox-Snell residuals. Furthermore, dot charts depicting the importance of

variables in the two models were plotted (Figure 3.5). Place of residence was the least

important variable for all the models, while marital status and sex where the most

important variables for Model 1 and Model 2 respectively (Figure 3.5).
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Figure 3.5: Dot chart showing relative importance of covariates for the Zimbabwe

DHS 2005-06 (left column), 2010-11 (middle column) and 2015 (right column).

Model 1 (top row) and Model 2 (bottom row).

The risk of HIV infection was lower in males than females, as shown in Table 3.3 for all

the models. The risk for HIV infection had a slight decrease from 2005-06 to 2010-11 to

2015 (HR=0.26, 95% CI: 0.23, 0.31), (HR=0.25, 95% CI:0.21,0.29), (HR=0.22, 95%

CI:0.19,0.26) respectively with reference to Model 2. Individuals who were married or

cohabiting had a lower risk of HIV infection as compared to those who were single. These

results were consistent for all three models. However, the risk of HIV infection for all the

survey years was lower in individuals who were separated/divorced/widowed in reference

to Model 1, but Model 2 results indicated that the risk was higher for that particular group

of individuals as compared to those who were single (Table 3.3). According to the results
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in Model 1, the risk of HIV infection was almost the same for those who had one or more
than two sexual partners, as compared to those who did not have any sexual partners in
the past 12 months prior to the survey. However, Model 2, the risk was more than four
times for those who had more than two sexual partners, as compared to those who did not
have any sexual partners in the past 12 months prior to the survey. Of interest, the risk of
HIV infection for those who had more than two sexual partners increased over time for

Model 2, with Model 1 having a decreasing trend. (Table 3.3).
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Table 3.3: Estimated effects of covariates at baseline on the risk of HIV infection

based on different survival models, Zimbabwe Demographic Health Survey

(ZDHS) 2005/06, 2010/11 and 2015.

Model MODEL 1 MODEL 2

YEAR 2005/06 2010/11 2015 2005/06 2010/11 2015

Variable HR HR HR HR HR HR
(ChH (ChH (ChH (ChH (ChH (ChH

Sex

female 1 1 1 1 1 1

male 0.68 0.73 0.66 0.26 0.25 0.22
(0.62-0.76)  (0.66-0.80)  (0.60-0.73) | (0.23-0.31) (0.21-0.29) (0.19-0.26)

Marital Status

single 1 1 1 1 1 1

married/cohabiting 0.30 0.32 0.29 0.40 0.45 0.59
(0.25-0.35) (0.27-0.38)  (0.25-0.34) | (0.33-0.50) (0.37-0.55) (0.48-0.71)

separated/divorced/widowed | 0.64 0.70 0.60 0.69 0.85 1.08
(0.54-0.76)  (0.59-0.84) (0.50-0.71) | (0.55-0.87) (0.67-1.08) (0.84-1.38)

Place of residence

urban 1 1 1 1 1 1

rural 1.11 0.87 0.86 1.10 1.03 1.06
(1.01-1.22)  (0.79-0.95) (0.79-0.94) | (0.96-1.27) (0.89-1.19) (0.92-1.22)

Education level

no education/primary 1 1 1 1 1 1

secondary 2.53 1.62 1.05 1.12 0.91 0.63
(2.29-2.79) (1.47-1.79) (0.95-1.15) | (0.97-1.29) (0.79-1.07) (0.53-0.74)

higher 1.32 0.75 0.51 0.43 0.30 0.25
(1.01-1.72)  (0.58-0.97) (0.43-0.62) | (0.30-0.62) (0.21-0.43) (0.19-0.33)

STI in the last 12 months

no 1 1 1 1 1 1

yes 2.19 1.87 2.15 1.73 2.09 1.80
(1.88-2.56) (1.57-2.22) (1.79-2.58) | (1.33-2.25) (1.58-2.76) (1.31-2.46)

No. of sexual partners

0 1 1 1 1 1 1

1 1.62 1.84 1.64 2.12 2.32 2.26
(1.42-1.86) (1.61-2.12) (1.43-1.89) | (1.71-2.64) (1.86-2.89) (1.77-2.88)

2+ 1.95 2.19 2.06 491 5.58 6.88
(1.54-2.47) (1.70-2.67) (1.68-2.54) | (3.39-7.10) (3.95-7.89) (4.84-9.76)

Currently employed

no 1 1 1 1 1 1

yes 0.82 0.83 0.77 0.84 0.92 0.66
(0.75-0.90)  (0.76-0.91)  (0.70-0.84) | (0.74-0.96) (0.80-0.99) (0.57-0.76)

HR, hazard ratio; CI, confidence interval.

Model 1 was the weibull parametric survival model with survey age imputation as the time and Model 2

was a weibull interval censoring model
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3.6 DISCUSSION

Frequently, researchers are interested in using standard survival models in determining
the failure times, however interval censoring has become increasingly common. The
purpose of this study was to identify risk factors for HIV infection using three different
models and determine the best fitting model. To identify the best fitting model, we utilised
the Akaike Information Criterion (AIC), where the model with the least AIC value was
the best fitting model. We also used graphical methods to ascertain the best fitting model,
however graphical goodness-of-fit test for interval-censored data is rare with the available
methods still lacking in implementation 384!, We managed to check the goodness-of-fit
for all the models by overlaying the semi-parametric model with the fitted parametric
model of the survival function and also plotting the Cox-Snell residuals against the

cumulative hazard.

The model with interval censored data resulted in better estimates of the risk of HIV
infection as compared to the standard survival model i.e., Model 2 based on the AIC value
and Figure 3.3. The superiority of Model 2 was due to the ability to precisely mimic some
of the results in literature from previous studies which also used population-based HIV
surveys or specific cohorts in Zimbabwe. For example, a study in Zimbabwe conducted
between 1999-2001 reported that they observed an increasing trend of HIV incidence
among the educated individuals, which was rather unexpected; however, this might have
been due to a higher socio-economic status, a factor reported to be associated with HIV

infection in the region of Africa 142 143

. However, a systematic review which explored
time trends in the association between educational attainment and risk of HIV infection

in sub-Saharan Africa, reported a shift in the HIV epidemic from educated to the
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uneducated '**. According to a study in which they used the 2005/06 Zimbabwe
Demographic Health Survey (ZDHS) to determine the relationship between HIV status
and the demographic and socio-economic characteristics among adults in Zimbabwe by
constructing the risk profile of the average adult, they concluded that there was a
significant negative association between HIV infection and education 4. They further
clarified that an extra year of schooling to an average of 8 years (i.e. secondary education
and above) was associated with a 0.5 percent point decrease in the probability of HIV
infection for Zimbabwe '#°. Another study which used the 2010/11 ZDHS also reported
a lower risk of HIV infection of individuals with secondary level education and above °.
Based on these findings from literature, and the trend observed, the model with interval-
censoring was consistent with the reported results, however, the other two models
reported a higher risk of HIV infection for individuals with secondary level education,
which was contrary to the findings from literature. according to an in-depth analysis of
the 2005/06 ZDHS on the risk factors associated with HIV infection, it was reported that
individuals who never had any sexually transmitted infection 12 months prior the survey
were significantly associated with a 0.437 times lower risk of HIV infection compared
with their counterparts who had a sexually transmitted infection during the same period
147 This result was close to the results obtained for the hazard of HIV infection in the
model with interval-censoring. Another example was a study of the analysis of 2005/06
ZDHS, which reported that the likelihood of being HIV infected increased with the
number of sexual partners and decreased with the level of faithfulness to a spousal
partner. In the same study, it was reported that the odds of being HIV infected were 3 to
4 times greater among those who had two more sexual partner '*8, These results were

again consistent with results from the model with interval-censoring rather than the other
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two models for the 2005/06 ZDHS. On a general note, a 2013 study noted that having a

large number of life partners increased HIV infection in a cohort from Manicaland 4.

Comparisons of the three models used in this study reveal a consistent match on the
factors associated with HIV infection estimated from ZDHS data and the results obtained
from previous studies using population-based HIV surveys or specific cohorts in
Zimbabwe. For example, in all the three models, and based on all the three surveys, i.e.,
ZDHS 2005/06,2010/11 and 2015, females were more at risk of HIV infection than men.
Similarly, studies which determined the factors associated with HIV infection using the
2005/06 and 2010/11 ZDHS reported the same findings #°-147. However, though the
surveys were the same, they did not use the same analytical methods to reach the same
conclusions. Results suggest that marriage was associated with a lower risk of infection
based on all the models. This is further supported by a study which analysed the 2005/06
and 2010/11 ZDHS data 46, The study reported that marital union was positively
associated with the decline of HIV infection for both men and women !46. Another study
to determine the baseline predictions of HIV-1 acquisition among women reported that
being unmarried was the strongest risk factor for HIV-1 acquisition !>°. Results from these
studies are again consistent with what all the models in our studies. Even though the
models reported results similar to what had already been reported in literature, the
precision of the model with interval-censoring in explaining some of the covariates is
what stood out the most. However, the Cox-Snell residuals clearly showed that Model 1
was the best fitting model. The difference between the Cox-Snell residuals graphical
method and the model estimates maybe due to the lack of adequate methods to test the

goodness-of -fit of interval-censored data as cited by other authors 38141,
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The main strength of this study is dependent on the quality of the data obtained from the
surveys. These data were derived from population-based surveys, which in reality
provides more reliable and robust data. Another strength of this study was due to the fact
that we did not restrict our analysis to one method, however, we had the opportunity to
determine the best model to fit the hazard of infection by comparing two different
scenarios. For instance, if the median survival time for HIV infection was 5 years given
the type of data we had, and the intervals were about 3 to 6 months wide, then we would
have no reason to complicate the analysis by considering interval censoring. On the other
hand, if the intervals were about 1 year or longer, then accounting for uncertainty in the
analysis was necessary, which we did when we implemented the interval-censoring
approach. Another reason for concluding that interval-censoring gave better estimates
was due to its consistency with the published results from literature. Even though we
consider the interval-censoring model as the superior model with regards to our specific
data, the method had its own set of limitations. These limitations included the wide range
of intervals used, which could have underestimated or overestimated the effect of other
factors on the risk of HIV infection. Inclusion of competing risks factors in the model
would have greatly improved the modelling approach. Further studies can be done on

imputation models, which imputes an estimated time of HIV infection based on the data.
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3.11 SUPPLIMENTARY INFORMATION

3.11.1 Model Specification

3.11.1.1 Model 1
Weibull regression model can be expressed as a proportional hazards model:

ARIX) = Ao(t) exp(X1 By + -+ + Xpe Bie) (51
where;

Ao(t) = exp (Bo)ptP~!
or
A(t|X) = ptP~texp(Xp) (52)

where A(t|X) is the hazard of getting HIV infection at age t for a subject with covariate
vector X, Ay(t) is the unspecified baseline hazard and £ is the vector of regression
coefficient that measured the effect of X on the hazard of getting HIV infection, p is the
Weibull shape parameter and m = exp(X[) is the Weibull scale parameter.
Censored Likelihood Function
Suppose we have n individuals all with observed events t; (no censoring), then the

likelihood function is the product of the PDF:

L= ﬁf(ti)

Given that they are individuals that are still HIV negative at the time the survey is taken,

t*, then the likelihood function is:

L= ﬁ f(t) ﬁ S(t), (S3)

ti<t* ti>t*
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Therefore, the uncensored individuals contribute information to the likelithood function
through the event times, and the censored individuals contribute information through the

survival function at the endpoint. This can be re-expressed as:

{1 if t; <t*
Mo if >t

With the likelihood function as:

[ [ isceor-= (s4)

which shows the bias imposed by omitting right censored individuals.

3.11.1.2 Model 2

We considered ty, ..., t,, be the lifetimes for individuals from the 2005/06, 2010/11 and
2015 ZDHS sample of size n where the probability density function (pdf) (for t; = t) is
represented by f(t, a, B), the cumulative distribution function (cdf) is F(t, a, ) and
the survival function is S (t, a, B) given the two-parameter Weibull distribution we

have, respectively,

Feap () e (- (L)), (s5)
F(t,a,f) =1—exp (— <§)B>, (S6)
S(t,a,B) =exp (— <§)B>, (87)

Where a represents the scale parameter and 5 the shape parameter.
Let [L;, R;] denote the interval-censored data and let T represent the unknown time of
HIV infection, that is, L; < T; < R;, where L;is the age at first sexual intercourse and R;

the age at survey date. If censoring occurs non-informatively and if the law governing L
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and R does not involve any of the parameters of interest, we can base our inferences on

the likelihood function L(L;, R;|a, B) as stated by Oller et al. '*!, which is given by
n
LRl @ p) = | [IFRap) - F(Lia,p)]
i=1

= [[=.[S@y) — S(R)] (58)

= nprob{Li <T; <R;}.

i=1

Using (S7), we have

LGt R @) = T fexn (— (%)) - exp (- ()"} (59

And taking the natural log of (S9), we have

=3 In {exp (— (L;)B) exp (— (%)ﬁ)} (S10)

For us to find the values of a and f that maximise (S10), we differentiate the equation to
obtain partial derivatives with respect to a and 8 and set the resulting equations to zero.

Therefore,

g 8 Qoo -) 6 Ben( )
E @)

The maximum likelihood estimates of « and  can then be obtained by using the Newton

=0 (S12)

Raphson method.
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Abstract

The burden of HIV and related diseases have been areas of great concern pre and post the
emergence of COVID-19 in Zimbabwe. Machine learning models have been used to
predict the risk of diseases, including HIV accurately. Therefore, this paper aimed to
determine common risk factors of HIV positivity in Zimbabwe between the decade 2005
to 2015. The data were from three two staged population five-yearly surveys conducted
between 2005 and 2015. The outcome variable was HIV status. The prediction model was
fit by adopting 80% of the data for learning/training and 20% for testing/prediction.
Resampling was done using the stratified 5-fold cross-validation procedure repeatedly.
Feature selection was done using Lasso regression, and the best combination of selected
features was determined using Sequential Forward Floating Selection. We compared six
algorithms in both sexes based on the F1 score, which is the harmonic mean of precision
and recall. The overall HIV prevalence for the combined dataset was 22.5% and 15.3%
for females and males, respectively. The best-performing algorithm to identify
individuals with a higher likelihood of HIV infection was XGBoost, with a high F1 score
0f 91.4% for males and 90.1% for females. Identical variables for both sexes throughout
the three survey years for predicting HIV status were: total lifetime number of sex
partners, cohabitation duration (grouped), number of household members, age of
household head, times away from home in last 12 months, beating justified and religion.
The two most influential variable for both males and females were total lifetime number
of sex partners and cohabitation duration (grouped). In addition to other risk reduction
techniques, machine learning may aid in identifying those who might require Pre-
exposure prophylaxis, particularly women who experience intimate partner violence.

Furthermore, compared to traditional statistical approaches, machine learning uncovered
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patterns in predicting HIV infection with comparatively reduced uncertainty and,

therefore, crucial for effective decision-making.

Keywords: Demographic Health Survey, HIV infection, HIV risk, Intimate partner

violence, Machine Learning, XGBoost

Author Summary
The Joint United Nations Programme (UNAIDS) set up fast-track targets to reach HIV

epidemic control by 2030, where it is expected that 95% of people living with HIV know
their status, and of those, 95% should be on treatment and of those on treatment 95%
should have reached viral suppression. In Zimbabwe, by 2020, it was found that 86.8
percent of adults living with HIV were aware of their status and of those aware of their
status, 97.0 percent were on antiretroviral treatment. Furthermore, among those on
treatment, 90.3 percent achieved viral load suppression. In order to achieve these targets,
modern predictive algorithms using machine learning have the power to enhance HIV
prevention and prediction capability. Furthermore, studies have reported that machine
learning could accurately predict future HIV infection. This paper, therefore, aims to use
these machine learning tools to predict key HIV populations based on socio-behavioural

characteristics obtained from survey data.
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4.1 INTRODUCTION

In the era before and after COVID-19, HIV ranks amongst the most serious infectious
diseases globally. Despite the tremendous advancements in diagnosis and access to
antiretroviral therapy (ART), Zimbabwe Population-based HIV Impact Assessment
survey (ZIMPHIA 2020) predictions suggest that 1.23 million adults were living with
HIV and that the incidence rate is about 0.21% annually '°2. HIV/AIDS as a threat to the
public's health is to be eradicated by 2030, according to the Joint United Nations
Programme (UNAIDS) 3% 3% The COVID-19 pandemic, however, was already
reversing the gains obtained, and it may have a negative impact by increasing the number
of AIDS-related fatalities in sub-Saharan Africa ! 156, Furthermore, the HIV epidemic
is unevenly spread throughout several geographic locations, with higher prevalence in
some areas and among particular populations. Focused interventions are necessary for
this situation to manage the HIV pandemic effectively since they have been found to

t 157, Therefore, it is essential

maximise the prophylactic benefit at the lowest possible cos
to understand where and among which groups new infections develop to inform targeted

interventions.

Monitoring and surveillance techniques, such as behavioural risk assessments,
interviews, and laboratory test results, should form the basis of a nation's HIV response
158 Unfortunately, most nations' surveillance systems, including structured government
surveillance and ad hoc surveys, are insufficient to accurately monitor epidemic and risk
patterns '°8, In addition, there is frequently a reporting lag before data are made public,

and data collecting and aggregation techniques are time- and resource-intensive '>°.
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Non-requirement of statistical inferences or assumptions is one advantage of machine
learning algorithms for developing predictive models. Since machine learning algorithms
are data-driven, their greatest benefit is their ability to automatically learn from data that
identifies complex nonlinear patterns and exploits complex interactions between risk
factors. Machine learning models have been used to predict the future risk of other

160-165

conditions , including HIV. Studies have reported that machine learning could

accurately predict future HIV infection 13- 153, 166-168

Three primary studies have been published that used machine learning methods to predict
HIV status in Zimbabwe '°% 16 170 First, Mutai et al. !> predicted HIV status using
Demographic Health Survey data from Sub-Saharan Africa. The results obtained from
the study by Mutai et al. '>* were not specific to Zimbabwe but sub-Saharan Africa.
Second, using data from the Zimbabwe Ministry of Health and Child Care, Chingombe
et al. !¢ predicted HIV status among men who had sex with men in Zimbabwe’s two
major cities, Bulawayo and Harare. The findings of this study were limited to men who
had sex with men in Bulawayo and Harare and could not be generalised to other cities in
Zimbabwe or the general population. Third, using nationally representative data from a
cross-sectional survey from the Zimbabwe Population-Based HIV Impact Assessment
(ZIMPHIA15-16), again, Chingombe et. !"’predicted the HIV status using machine
learning techniques. Based on the three primary studies that employed machine learning
techniques to estimate the HIV status in Zimbabwe, our study and findings will add to
the existing body of knowledge. In contrast to Mutai et al.’s '3 research, the findings of
our study will be more applicable to Zimbabwe. In addition, unlike the two studies by

1 169, 170

Chingombe et a , we have access to a vast quantity of data from 2005-2015, i.e.,

ten years of DHS data. Therefore, the primary aim of this paper was to determine common
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risk factors of HIV positivity in Zimbabwe. Secondarily with the aid of machine learning

algorithms, these risk factors were used to formulate a model that predicts HIV positivity.

4.2 METHODOLOGY

4.2.1 Data and study design

Situated in the southern parts of Africa, Zimbabwe is a landlocked nation with a

71 Three nationally

population of 15.1 million people based on the 2022 census
representative surveys were held in 2005-06,2010-11, and 2015 and all named Zimbabwe
Demographic Health Survey (ZDHS). The data utilised for analysis in this paper can be
obtained from the Demographic Health Survey (DHS) programme website
(https://dhsprogram.com)!”2, Since 1984, around 70 nations have conducted DHS, which
are nationally representative household surveys 1419 In the fields of population, health,
and nutrition, they offer data for various monitoring and impact evaluation. Accordingly,
blood samples were taken in all households with the consent of the respondent or
parent/guardian (for minors) for HIV testing in the lab for females aged 0-49 and males

aged 0-54. This was a retrospective cross-sectional study design that employed secondary

data analysis.

4.2.2 Data Pre-Processing

The datasets from the three ZDHS HIV test results and the datasets from adult interviews
were merged, and records without an HIV test result were excluded from the analysis.
The outcome variable, HIV status, was divided into two categories (0 for HIV negative

and 1 for HIV positive). To account for non-response, non-coverage, and population total
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adjustment weights, data were resampled utilising sample weights of HI'V test results for
each survey year. Variables with a correlation coefficient of 80% or higher, non-unique
columns, arbitrary features, more than 30% missing values, and uninformative features
were all eliminated. The label-code and one-hot encoding methods were used to encode
nominal and ordinal variables derived from survey data. As part of step 1, represented in
Fig 4.1, missing values were imputed using Multiple Imputations with Chained Equations
(MICE), and in each of these categories, we assumed that missing was at random. The

data were further normalised and scaled.
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Figure 4.1: Flowchart of the methods and steps used.
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4.2.3 Train, Test and Validation Procedure

The data were stratified by sex, and subsequent data training, testing and validation were
done following the stratification. Following step 1 from Fig 4.1, one survey year was left
out, with all the survey years being rotated and left out to produce three distinct datasets
for each sex, each with only two surveys. The primary goal of the rotation was to evaluate
the generalisation of the models separately for males and females in later testing. Eighty
percent of the three newly constructed datasets for each sex were selected for training,
and 20% were utilised as test samples. To prevent the test dataset from being
contaminated, MICE imputation and data standardisation were carried out independently

for the training and test datasets.

4.2.4 Feature Selection

Feature selection was done in two stages. We first used LASSO (Least Absolute
Shrinkage and Selection Operator) regression to select features important in determining
HIV status using combined dataset from the three surveys. Features selected through
LASSO regression where then used to fit the algorithms under investigation. On variables
selected through LASSO regression, subsequent analysis utilised the method with the
algorithm with the highest F1 score and analysis was done separately for each survey year
stratified by sex. We utilised the sequential forward floating selection (SFFS) approach
with 80% of the training samples to select the final features to use in best algorithm among
the six algorithms. Feature selection using the SFFS was implemented by considering
features whose F1 score plateaued from the saturation point. Using SHapley Additive
exPlanations (SHAP) '!4, the contribution of each feature selected through SFFS to the

probability of being HIV-positive was then examined.
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4.2.5 Data Balancing

Considering that the proportion of those HIV negative and positive was imbalance with
a ratio of 4.2:1, we applied resampling methods to handle the class imbalance. We
performed the Synthetic Minority Over-sampling Technique (SMOTE) to balance the
classes. This was achieved by generating synthetic data using the nearest neighbour’s
algorithm to balance out the classes. Original dataset without implementing the SMOTE

procedure was also analysed to compare results.

4.2.6 Machine Learning Models

A supervised machine learning binary classification was implemented. The following
machine learning algorithms were compared: a penalised logistic regression (Elastic
Net), k-nearest neighbour algorithm (KNN), Random Forest Classifier (RFC), Decision
Tree approach (DT), Light Gradient Boosting Model (LightGBM) and the XGBoost
model. To achieve step 2, training datasets were used, and hyperparameter tuning from a
grid of 50 sets was performed using a randomised grid search. Then, using the stratified
five-fold cross-validation technique over the validated samples, the average F1 scores for
each of these 50 sets was calculated, and the most powerful set of hyperparameters was

chosen.

Each of the best three models (for each survey year) by sex and algorithm was then run
on the corresponding test dataset described in Step 3, Fig 4.1, and the resulting metric

scores were averaged. Next, the algorithm with the best average F1 score was selected
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from the three test datasets. Finally, each selected model was applied to the survey left-

out dataset.

4.2.7 Algorithm Evaluation

Due to the unequal class distribution of the classification variable with a ratio of 4.2:1 in
the original dataset, the Precision-Recall curve is recommended over the Receiver
Operating Characteristic (ROC) curve '7* due to its insensitivity to imbalanced datasets.
Other metrics were also considered to evaluate the algorithm’s performance: accuracy,
F1, precision and recall scores. To determine the ratio of correct classification, accuracy
score was used. To determine the prediction of true positive cases, precision was used.
To determine the proportion of positive cases that are correctly predicted, recall score was
used. Lastly, the F1 score which is the weighted harmonic mean of recall and precision
was used to determine the predictive power of the algorithm. An algorithm with the
highest F1 score was considered to have the best predictive power. Finally, each
evaluation used the same segmentation and repetition of data to ensure a fair comparison

of models.

4.2.8 Statistical Analysis

The features that were chosen using the SFFS XGBoost procedure were subjected to a
logistic regression analysis. This step was added to confirm the outcomes that the SHAP
plots yielded. In addition to the results of the SHAP plots, the logistic regression also

provided the magnitude and direction of the risk of contracting HIV.
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4.3 RESULTS

4.3.1 Summary statistics

The overall HIV prevalence for the combined dataset, as shown in Table 4.1, was 22.5%
and 15.3% for females and males, respectively. Those who were not currently employed
had a higher prevalence (54.1%) than those who were currently employed (45.9%) for
females. However, the opposite relationship is seen in males, where those currently
employed had a higher HIV prevalence (74.2%) than those not currently employed
(25.8%). Adults had a higher HIV prevalence than youths for both sexes. Of interest was
a higher HIV prevalence noticed in those who had the highest level of education as

secondary for both sexes.
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Table 4.1: Background characteristics of ZDHS data

FEMALES MALES
Characteristic HIV Positive HIV Positive
n(%) n(%)
Overall summary 4457(22.5) 2215(15.3)
Survey year: 2005-06 1604(36.0) 760(34.3)
2010-11 1332(29.9) 733(33.1)
2015 1521(34.1) 722(32.6)
Current age: youths (15-24 years) 730(16.4) 179(8.1)
Adults (25-54 years) 3727(83.6) 2036(91.9)
Marital Status: single 302(6.8) 183(8.3)
cohabiting/married 2595(58.2) 1723(77.8)
Divorced/separated/widowed 1560(35.0) 309(14.0)
Place of Residence: urban 1625(36.5) 877(39.6)
rural 2832(63.5) 1338(60.4)
Education level: no education 123(2.8) 23(1.0)
primary 1510(33.9) 612(27.6)
secondary 2674(60.0) 1431(64.6)
higher 150(3.4) 149(6.7)
STI treatment in past 12 months: no 4127(92.7) 2102(94.9)
325(7.3) 113(5.1)
yes
Number of unions: once 2942(70.9) 1059(52.2)
more than once 1210(29.1) 970(47.8)
Currently employed: no 2410(54.1) 571(25.8)
ves 2047(45.9) 1644(74.2)
Wealth index: poorest 781(17.5) 366(16.5)
poorer 727(16.3) 411(18.6)
middle 929(20.8) 350(15.8)
richer 1198(26.9) 603(27.2)
richest 822(18.4) 485(21.9)

4.3.2 Feature Selection

LASSO regression was performed to determine the possible predictors of HIV infection.

A total of 32 predictors were considered for both males and females (see Supplementary

Information for list of predictors). Out of the 32 predictors, type of place of residence,

religion, number of household members, relationship to household head, sex of household

head, age of household head, times away from home in last 12 months, wealth index,



current contraceptive  method, current contraceptive by method type,
currently/formerly/never in union, number of unions, cohabitation duration (grouped),
time since last sex (in days), recent sexual activity, beating justified, ever heard of AIDS,
reduce risk of getting HIV, had any STI in last 12 months, ever been tested for HIV, wife
justified asking husband to use condom if he has STI, total lifetime number of sex
partners, can ask partner to use condom, were selected as predictors of HIV acquisition
for females. While, type of place of residence, highest educational level, religion, number
of household members, age of household head, times away from home in last 12 months,
current contraceptive method, number of injections in last 12 months, respondent
circumcised, currently/formerly/never in union, cohabitation duration (grouped),
currently working, beating justified, reduce risk of getting HIV, had any STI in last 12
months, wife justified asking husband to use condom if he has STI, total lifetime number

of sex partners, were selected as predictors of HIV acquisition for males.

4.3.3 Algorithm comparison

Model/algorithm’s performance comparison was made based on the LASSO selected
features. The comparison was done in two-phases, 1) using the original data and 2) using
the SMOTE processed data. Table 4.2 describes the original and SMOTE data samples

for the training, testing and validation sets for the three survey years stratified by sex.
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Table 4.2: Description of original data and SMOTE-processed data.

MALES DATA FEMALES DATA
Dataset Survey Majority | Minority | Total Majority | Minority | Total
Year class Class Samples | Ratio | class Class Samples | Ratio
2005-06 7124 1164 8288 | 6:1 8809 2282 11091 41
Training 2010-11 6684 1186 7870 | 5:1 8176 2500 10676 3:1
2015 5739 1194 6933 | 5:1 7583 2349 9932 3:1
o 2005-06 7124 7124 14248 | 11 8809 8809 17618 1:1
:::('):L"g' 2010-11 6684 6684 | 13368 | 1.1 | 8176 8176 16352 |11
2015 5739 5739 11478 | 1:1 7583 7583 15166 1:1
2005-06 1782 291 2073 | 6:1 2202 571 2773 41
Testing 2010-11 1672 296 1968 | 5:1 2045 625 2670 3:1
2015 1435 299 1734 | 5:1 1897 587 2484 3:1
) 2005-06 1782 1782 3564 | 11 2202 2202 4404 1:1
:::‘s;f;g' 2010-11 1672 1672 3344 | 1.1 | 2045 2045 4090 1:1
2015 1435 1435 2870 | 1:1 1897 1897 3794 1.1
2005-06 3312 760 4072 | 4:1 4345 1604 5949 3:1
Validation | 2010-11 3862 733 4595 | 5.1 5135 1332 6467 4:1
2015 5044 722 5766 | 7:1 5876 1521 7397 4:1
2005-06 3312 3312 6624 | 1:1 4345 4345 8690 1:1
Validation
-smote 2010-11 3862 3862 7724 | 11 5135 5135 10270 1:1
2015 5044 5044 10088 | 1:1 5876 5876 11752 1.1

Six algorithms were trained and tested using year-specific datasets on the original and

SMOTE processed data. Table 4.3 gives results of the performance of the prediction

capabilities of the algorithms. The SMOTE processed data performed better in all metrics

than the original data. The precision and the F1 score were extremely low for most of the

algorithms in the original data. This means that the original data had many false positives

from the low precision and low accuracy based on the low F1 score. Overall, the XGBoost

was best performing algorithm in both the original data and SMOTE processed data for

all the survey year for each sex.
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Table 4.3: Results of classification models in original imbalanced and SMOTE-

processed data

SMOTE-processed data Original unbalanced data
MALES
Survey Models Accuracy | Precision | Recall | F-Score | Accuracy | Precision | Recall | F-Score
Year % % % % % % % %
2005-06 DT 83 87% 78 83 65 25 77 38
2010-11 82 88 75 81 67 29 80 42
2015 81 83 77 80 68 32 74 44
2005-06 EN 64 59 98 71 63 22 65 33
2010-11 64 59 95 72 60 23 69 34
2015 63 59 80 68 57 25 73 37
2005-06 KNN 86 92 78 84 93 79 65 72
2010-11 86 91 80 85 93 81 69 75
2015 82 88 75 81 90 77 63 77
2005-06 RFC 83 79 90 84 70 29 78 42
2010-11 81 78 87 82 66 28 80 42
2015 83 80 86 83 69 32 71 44
2005-06 | LIGHTGBM 94 98 90 93 84 45 77 57
2010-11 94 98 89 94 82 45 75 56
2015 92 98 86 91 81 46 71 56
2005-06 | XGBOOST 95 95 96 95 93 75 74 74
2010-11 94 95 94 94 92 71 76 73
2015 94 93 94 94 90 72 71 71
FEMALES
2005-06 DT 83 86 79 82 72 40 74 52
2010-11 81 84 76 80 70 42 72 53
2015 81 83 79 81 72 45 70 54
2005-06 EN 63 58 88 70 72 39 62 48
2010-11 61 58 80 67 67 38 60 46
2015 59 55 90 69 67 38 63 47
2005-06 KNN 83 90 74 81 89 79 66 72
2010-11 83 89 75 81 89 80 68 74
2015 81 88 72 80 89 81 68 74
2005-06 RFC 84 84 84 84 75 44 70 54
2010-11 81 81 81 81 73 45 68 54
2015 83 83 83 83 75 47 70 56
2005-06 | LIGHTGBM 91 96 86 91 82 55 73 63
2010-11 90 94 84 89 79 54 72 62
2015 90 95 85 89 79 54 72 61
2005-06 | XGBOOST 93 93 93 93 90 74 76 75
2010-11 92 92 93 92 88 73 77 75
2015 92 92 92 92 88 75 76 76
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ROC curves and Precision-Recall curves of the six algorithms for all survey years per sex
were shown in Figs 4.2 and 4.3. The results showed that the XGBoost model had better
performance compared to the other 5 models for both the original data and SMOTE
processed data. The Elastic Net model performed poorly compared to the other models.
Additional ROC and Precision-Recall curves for the six algorithms based on combined

survey years can be found in Supplementary Information.
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Figure 4.3: ROC curves and Precision-Recall curves of the six algorithms for all

survey years for males’ data.
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Subsequent results were obtained utilising the best algorithm model which was the
XGBoost. From the features obtained through LASSO, SFFS procedure was
implemented on XGBoost to further determine features associated with HIV positivity.
Fig 4.4 shows the saturation limit obtained by the SFFS procedure for selecting variables
based on F1 scoring, with 17, 17 and 14 most influential features selected for females, in
the 2005-06, 2010-11 and 2015 ZDHS respectively. Whereas, 13, 13, 11 most influential
features were selected for males, in the 2005-06, 2010-11 and 2015 ZDHS respectively.

The F1 score plateaued at 99.9% for both males and females for all survey years.

Figure 4.4: Sequential floating forward selection (SFFS) for males and females.
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Figs 4.5 and 4.6 displays the subset of features most important to predicting an
individual's HIV status following the SFFS procedure. As seen in Figs 4.5 and 4.6, the
variables are ordered from most important to least important (from highest to lowest
Shapley value). According to Fig 4.5, features for predicting HIV status which appeared
throughout for the three survey years for females were: total lifetime number of sex
partners, cohabitation duration (grouped), number of household members, age of
household head, time since last sex (in days), times away from home in last 12 months,
beating justified, can ask partner to use condom, wealth index, reduce risk of getting HIV,
wife justified asking husband to use condom if he has STI and religion.

Features for predicting HIV status which appeared throughout for the three survey years
for males were: cohabitation duration (grouped), total lifetime number of sex partners,
number of household members, age of household head, times away from home in last 12
months, type of place of residence, beating justified, currently working and religion.
Identical variables for both sexes throughout the three survey years for predicting HIV
status were: total lifetime number of sex partners, cohabitation duration (grouped),
number of household members, age of household head, times away from home in last 12
months, beating justified and religion. The two most influential variable for both males
and females were total lifetime number of sex partners and cohabitation duration

(grouped).

A higher number of total lifetime number of sex partners, more years cohabitating, fewer
household members, older age of household head, higher number of days since last sex,
fewer times away from home, weather beating was justified or not, living in the rural
areas, wearing a condom as current contraceptive method, having a female household

head, many unions, can ask partner to use condom, higher wealth index, whether knowing
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the risk of getting HIV or not, ever been tested, wife justified asking husband to use
condom if he has STI and being affiliated to a religion were factors associated with HIV
positivity for females in the 2005-06 ZDHS survey. A higher number of total lifetime
number of sex partners, more years cohabitating, fewer household members, higher
number of days since last sex, younger age of household head, fewer times away from
home, never been tested, weather beating was justified or not, living in the rural areas,
not knowing the risk of getting HIV, having a female household head, can ask partner to
use condom, wearing a condom as current contraceptive method, relationship to
household head, higher wealth index, not affiliated to a religion and wife justified asking
husband to use condom if he has STI were factors associated with HIV positivity for
females in the 2010-11 ZDHS survey. A higher number of total lifetime number of sex
partners, more years cohabitating, fewer household members, younger age of household
head, fewer number of days since last sex, fewer times away from home, living in the
rural areas, beating was justified, never been tested, can ask partner to use condom, not
knowing the risk of getting HIV, higher wealth index and wife justified asking husband
to use condom if he has STI were factors associated with HIV positivity for females in

the 2015 ZDHS survey.
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Figure 4.5: Shapley values for 2005-06, 2010-11 and 2015 Females ZDHS data.

Based on Fig 4.6, a higher number of years cohabitating, fewer number of total lifetime
number of sex partners, fewer household members, younger age of household head, fewer
times away from home, not wearing a condom as current contraceptive method, living in
the urban areas, beating was justified, currently working, being affiliated to a religion,
less number of injections in the last 12 months, respondent not circumcised and wife
justified asking husband to use condom if he has STI and were factors associated with
HIV positivity for males in the 2005-06 ZDHS survey. A higher number of years
cohabitating, fewer number of total lifetime number of sex partners, fewer household
members, older age of household head, fewer times away from home, not wearing a
condom as current contraceptive method, living in the urban areas, beating was justified,
being affiliated to a religion, respondent not circumcised and had an STI in the last 12
months were factors associated with HIV positivity for males in the 2010-11 ZDHS

survey. A higher number of years cohabitating, fewer number of total lifetime number of
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sex partners, fewer household members, older age of household head, fewer times away

from home, living in the urban areas, fewer number of injections in the last 12 months,

beating not justified, being affiliated to a religion, currently working and wife justified

asking husband to use condom if he has STI were factors associated with HIV positivity

for males in the 2015 ZDHS survey.

SHAP Values - Males 2005-06
Figh

Cohabitation duration (grouped)

Total lifetime number of sex partners
Number of household members

Age of household head

Times away from home in last 12 months
Current contraceptive method

Type of place of residence

Beating justified

Feature value

Currently working
Religion
Number of injections in last 12 months

Respondent circumcised

BARRRRRRALAL:

Wife justified asking husband to use condom if he has STI

Low
5 0

SHAP value (impact on model output)

Cohabitation duration (grouped)
Total lifetime number of sex partners
Age of household head

Number of household members
Times away from home in last 12 months
Current contraceptive method

Type of place of residence

Currently working

Beating justified

Religion

Respondent circumcised

Had any STl in last 12 months

Reduce risk of getting HIV

SHAP Values - Males 2010-11

+T4T+TTT§*"*

5 0
SHAP value (impact on model output)

High

Low

Feature value

Cohabitation duration (grouped)

Total lifetime number of sex partners
Number of household members

Age of household head

Times away from home in last 12 months
Type of place of residence

Number of injections in last 12 months
Beating justified

Religion

Currently working

Wife justified asking husband to use condom if he has STI

-5
SHAP value (impact on m¢

Figure 4.6: Shapley values for 2005-06, 2010-11 and 2015 Males ZDHS data.

Table 4.4 shows the odds ratio of HIV infection performed on the selected features

obtained through SFFS for females. The results in Table 4.4 agree with the results shown

in Fig 4.5. For instance, each additional increase in the number of sex partners is

associated with a 32% (OR: 1.32, p<0.001), 11% (OR: 1.11, p=0.04) and 41% (OR: 1.11,

p<0.001) increase in the odds of one being HIV infected for 2005-06, 2010-11 and 2015

ZDHS females data, which is corroborated by Fig 4.5 were total lifetime number of sex

partners is associated with HIV positivity as the number of total lifetime sex partners

increases for females in all survey years data. Table 4.4 also shows a protective effect of

HIV infection in individuals who live in rural areas than those who reside in urban areas.
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This, again, is corroborated by Fig 4.5, were living in urban areas is associated with HIV
positivity.

Interestingly, for the 2005-06 and 2010-11 survey data for females, individuals who have
been cohabiting for 5-19 years were at higher risk of HIV infection than those who never
cohabited. On the other hand, individuals who have more than 19 years of cohabitation
have a protective effect of HIV infection than those who have not cohabited. However,
this phenomenon changes in the 2015 survey data for females as all individuals who are
cohabiting are more at risk of HIV infection than those who are not. HIV positivity was
associated with whether one had the knowledge of reducing the risk of HIV transmission
or not, according to Fig 4.5, 2005-06 survey data for females. However, for the 2010-11
and 2015 surveys, HIV positivity was associated with not having any knowledge of
reducing the risk of getting HIV. This is similar to the logistic regression in Table 4.4
results, where having knowledge of reducing the risk of HIV transmission was a

protective effect against HIV infection.

Table 4.4: Odds Ratio of female features selected in XGBoost using SFFS procedure.

Survey 2005-06 2010-11 2015
Variable Odds ratio | p-value | Odds ratio | p-value | Odds ratio | p-value
Total lifetime number of sex partners 1.32 <0.001 1.109939 0.037 1.410084 | <0.001
Cohabitation duration (grouped)
Never Married ref ref ref
5-9 1.34 0.011 1.29 0.034 1.47 0.002
10-14 1.39 0.012 1.46 0.004 1.67 <0.001
15-19 1.33 0.032 1.43 0.018 2.22 <0.001
20-24 0.88 0.046 0.90 0.471 1.84 <0.001
25-29 0.55 0.003 0.72 0.011 1.41 0.041
30+ 0.49 0.031 0.60 0.048 1.37 0.031
Number of household members 0.96 0.02 0.88 <0.001 0.85 <0.001
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Age of household head 1.11 0.012 1.13 <0.001 1.23 <0.001
Time since last sex (in days) 1.00 <0.001 1.00 0.287 1.00 0.001
Intimate Partner Violence (IPV)
no ref ref ref
yes 1.58 0.153 1.61 0.0466 1.97 0.0298
Type of place of residence
urban ref ref ref
rural 0.84 0.251 0.63 <0.001 0.67 0.013
Current contraceptive method
condom use ref ref
No condom use 2.02 0.011 5.64 <0.001
Sex of household head
male ref ref
female 0.93 0.466 0.99 0.955
Number of unions
once ref
more than once 2.26 <0.001
Can ask partner to use condom
no ref ref ref
yes 1.04 0.671 1.29 0.007 2.03 <0.001
Wealth index
poor ref ref ref
poorer 1.32 0.032 0.87 0.285 0.90 0.441
middle 1.17 0.245 0.94 0.652 1.05 0.685
richer 1.43 0.022 0.83 0.201 0.76 0.092
richest 0.97 0.878 0.51 <0.001 0.55 0.002
Reduce risk of getting HIV
no ref ref ref
yes 0.92 0.33 0.86 0.018 0.88 0.025
Ever been tested for HIV
no ref ref ref
yes 1.06 0.509 1.11 0.273 1.50 0.045
Wife justified asking husband to use
condom if he has STI
no ref ref ref
yes 0.87 0.275 1.16 0.22 1.03 0.843
Religion
No religion
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Christian 0.99 0.974 1.03 0.844 0.76 0.101
Apostolic 0.86 0.313 0.93 0.681 0.79 0.156
Other 0.53 0.025 0.70 0.378 0.55 0.162
Times away from home in last 12
months 0.99 0.916 0.99 0.06
Relationship to household head
head ref
wife 0.73 0.166
daughter 0.73 0.283
daughter-in-law 0.41 0.001
grand-daughter 1.10 0.864
sister 1.39 0.453
other relative 1.03 0.904
not related 1.12 0.893

Table 4.5 shows the odds ratio of HIV infection performed on the selected features
obtained through SFFS for males. Males who are currently working are less likely to be
HIV infected compared to those not working with an odds ratio (OR): 0.75 (p=0.01) and
(OR): 0.71 (p<0.001) for the 2005-06 and 2015 survey years, respectively. If there was
intimate partner violence (IPV), the risk of HIV infection was two times more than when
there was no intimate partner violence for both males and females, as shown in Tables
4.4 and 4.5. As the age of household head increases, the risk of infection within the
household increases by 11-20% between 2005-2015 for males and females, as shown in
Tables 4.4 and 4.5. Males cohabiting are more than 3-9 times at risk of HIV infection
than those not cohabiting. This is true for all survey years; as shown in Table 4.5, the risk
increases over the years. The risk of HIV transmission being higher in males is also
exhibited in Fig 4.6, which shows that cohabitation is the most influential feature for

males in all survey years associated with HIV positivity.
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Table 4.5: Odds Ratio of male features selected in XGBoost using SFFS procedure.

Survey 2005-06 2010-11 2015
Variable Odds ratio p-value Odds ratio p-value Odds ratio p-value
Cohabitation duration (grouped)
Never Married ref
0-4 3.35 <0.001 4.23 <0.001 4.38 <0.001
59 5.87 <0.001 7.05 <0.001 6.53 <0.001
10-14 7.12 <0.001 7.87 <0.001 7.52 <0.001
15-19 6.79 <0.001 9.92 <0.001 8.42 <0.001
20-24 7.74 <0.001 9.48 <0.001 9.52 <0.001
25-29 3.73 <0.001 7.96 <0.001 7.07 <0.001
30+ 6.44 <0.001 5.55 <0.001 6.92 <0.001
Total lifetime number of sex partners 1.01 0.002 1.01 <0.001 1.01 <0.001
Number of household members 0.91 <0.001 0.92 <0.001 0.91 <0.001
Age of household head 1.11 <0.001 1.12 <0.001 1.20 <0.001
Times away from home in last 12
months 1.00 0.425 1.00 0.747 0.99 0.234
Current contraceptive method
condom use ref ref
no condom use 1.24 0.155 2.37 <0.001
Type of place of residence
urban ref ref ref
rural 0.93 0.484 0.90 0.324 0.87 0.119
Intimate Partner Violence (IPV)
no ref ref ref
yes 1.61 0.288 1.88 0.0236 1.78 0.01
Currently working
no ref ref ref
yes 0.75 0.006 0.96 0.678 0.71 <0.001
Religion
No religion ref ref ref
Christian 0.76 0.01 0.81 0.055 0.71 0.002
Apostolic 0.71 0.008 0.81 0.081 0.80 0.048
Other 0.93 0.592 0.93 0.703 1.32 0.126
Number of injections in last 12 months 1.17 <0.001 1.01 0.252
Respondent circumcised
no ref ref
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yes 1.16 0.258 0.94 0.663
Wife justified asking husband to use
condom if he has STI
no ref ref
yes 1.56 0.003 1.42 0.017
Had any STI in last 12 months
no ref
yes 2.31 <0.001
Reduce risk of getting HIV
no ref
yes 0.84 0.167

4.4 Discussion

Although there have been a few studies utilising machine learning techniques to predict
HIV in the generalised HIV pandemic, this is, to our knowledge, the first one in
Zimbabwe using routinely collected survey data. This study's primary goal was to
determine the most prevalent risk factors for HIV infection and the predicted accuracy of
machine learning models based on these risk factors.

By using socio-demographic factors obtained from three ZDHS, this study was able to
predict the HIV status of individuals. After comparison of different algorithms, XGBoost
was the best algorithm to predict HIV status. The algorithm was able to determine the
most predictive features/variables of HIV infection common to both sexes. Using SHAP
plots, this study additionally evaluated the direction of the relationship between HIV
infection and the predictive variables.

The total number of sexual lifetime partners was the main influential feature for females,
and cohabitation duration for males in all survey years. Previous studies have shown that
the total number of sexual partners is a risk factor for HIV infection !7#!77, This was in
agreement with our results which indicated that the higher the total number of sexual
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partners an individual has, the more at risk of HIV infection. To add to the same evidence,
a study by Armstrong et al. !”® indicated that sexual partner number was an important
HIV risk measure. Our findings also showed that cohabitation was a risk factor of HIV
positivity. This finding can be corroborated by other studies which reported that most
heterosexual rates of HIV transmission take place within cohabiting or married couples
179-183

Numerous studies have shown that child-head families are more at risk of HIV infection
184-187 This is contrary to our findings, as our results indicated that households headed by
older individuals are more at risk of HIV infection. This may be attributed to the fact that
the older the household head is, the less financially stable they are, hence their only source
of income for that family might be from their pension fund, which might not be adequate,
resulting in the other household members seeking financial assistance from risky
behaviours 188189,

In addition, living in urban areas was found to increase the probability of HIV positivity.

This was corroborated by other studies %12

, which reported that people in urban settings
had a greater chance of contracting HIV than people in rural areas. Magure et. al '3
described three potential reasons why urban areas may have higher HIV prevalence rates
compared to rural areas in Zimbabwe. Firstly, urban areas are often characterised by high
population densities, which can facilitate the spread of HIV through sexual networks. The
increased mobility of urban residents, as well as the higher prevalence of sex work and
transactional sex, also contribute to the higher HIV rates in urban areas '*3. Secondly,
access to HIV prevention and care services may be more limited in rural areas compared
to urban areas. In Zimbabwe, for instance, the study found that rural residents were less

likely to have ever tested for HIV or to have ever used condoms, compared to their urban

counterparts. This lack of access or utilisation of prevention and care services may
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contribute to the higher HIV prevalence rates in rural areas. Thirdly, there may be a lack
of knowledge and awareness of HIV prevention and transmission in rural areas compared
to urban areas. This knowledge gap may be due to limited access to information and
educational resources in rural areas, which may make it harder for people to understand
how to reduce their risk of HIV acquisition. Urban areas, on the other hand, tend to have

higher levels of education and more access to health information and resources.

Our results indicated a higher risk of HIV infection if there was pro-intimate partner
violence. To support this evidence, research done among ever-married and cohabiting

1 194 studied the relationship between intimate

women in Zimbabwe by Henderson et.a
partner violence and HIV status, and they found out that women who had been victims of
any kind of intimate partner violence were more likely to be HIV positive. The study also
commented that the patriarchal and hypermasculist culture in Zimbabwe contributed to
the likelihood of HIV infection. Further research utilising the ZDHS 2005-06 indicated
that approximately six out of every ten women who reported experiencing some form of

violence in their lifetimes had a much higher risk of being HIV-positive than women who

had not suffered any physical or sexual abuse '%°.

To ensure that a substantial percentage of persons tested are HIV positive, a high yield is
necessary when targeted HIV case-finding procedures are used to boost testing's cost-
effectiveness. The potential for further behavioural-based case-finding techniques to
improve or supplement current focused case-finding techniques like index testing is still
unknown. For some limited resource conditions and the planned test coverage, it may be
necessary to modify the acceptable cut-offs for sensitivity and PPV thresholds.

By better identifying those at high risk of contracting HIV, machine learning algorithms

have the potential to enhance the implementation of pre-exposure prophylaxis (PrEP). As
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part of an inclusive approach to PrEP, which has gone from development to
implementation, programs can utilise these algorithms to spark discussions about PrEP.
However, the limited number of variables accessible to us for this study constituted one
of its drawbacks. We were unable to determine the impact of variables, including viral
load, health care spending, HIV-risk groups, and other HIV-related interventions. The
data also contained missing values, which necessitated making assumptions about their
unpredictable nature and applying intrinsically flawed imputation techniques. Finally,
several variables were self-reported and, as a result, were vulnerable to recall bias and

social desirability.

Our technique for predictor identification primarily adapts from Orel's 1°° and Mutai’s !>}

methodology, which also chose the XGBoost algorithm as the best. Contrarily, our
findings demonstrate distinct predictors from those discovered in Orel's and Mutai’s
study. Considering that our study was more specific to Zimbabwe, this might have been
the reason why results from Mutai’s study were not similar to our findings. Additionally,
Orel’s population was based on Eastern Africa, which might have different
epidemiological factors from the sub-Saharan Africa, therefore making the results

statistically incomparable.

4.5 Conclusion

Our findings may help with social-behavioural HIV detection and improve screening
procedures in limited resource settings. In addition, the amount of information needed to
identify key populations in Zimbabwe will be significantly reduced by features/variables
which have been identified in this study through machine learning. Adaptation of HIV

screening methods that more effectively target the adult population, those with multiple

92



partners, those who are frequently away from home, those who reside in urban areas,
those who are not currently working and other risk factors associated with HIV positivity
are needed. Programmes targeted at HIV testing could incorporate machine learning
approaches to adequately and effectively identify high-risk individuals. However, to
improve the machine learning approach, further research is required to integrate and
implement them in a real-world primary care context. In addition to other risk reduction

techniques, machine learning may aid in identifying those who might require PrEP.
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4.7 SUPPLIMENTARY INFORMATION

4.7.1 Variables used in the study

Table S1: Male and Female predictors variables.

Male Features

Female Features

O XNk WD —

W W WNRMNDMNDNDNDNDNPODNPODNODND P/
NEOO0XIAN RN —~,OO0XIN AW —=O

Current age

Type of place of residence

Highest educational level

Religion

Number of household members
Relationship to household head

Sex of household head

Age of household head

Times away from home in last 12 months
Wealth index

Current contraceptive method

Current contraceptive by method type
Number of injections in last 12 months
Respondent circumcised
Currently/formerly/never in union
Number of unions

Age at first cohabitation

Cohabitation duration (grouped)

Time since last sex (in days)

Age at first sex (imputed)

Recent sexual activity

Wife justified refusing sex: husband has other women
Currently working

Type of earnings

Beating justified

Reduce risk of getting HIV

Had any STI in last 12 months

Number of sex partners, including spouse, in last 12 months
Ever been tested for HIV

Paid for sex in last 12 months

Wife justified asking husband to use condom if he has STI
Total lifetime number of sex partners

Current age

Type of place of residence

Highest educational level

Religion

Number of household members
Relationship to household head

Sex of household head

Age of household head

Times away from home in last 12 months
Wealth index

Ever had a terminated pregnancy
Current contraceptive method

Current contraceptive by method type
Number of injections in last 12 months
Currently/formerly/never in union
Number of unions

Age at first cohabitation

Cohabitation duration (grouped)

Time since last sex (in days)

Age at first sex (imputed)

Recent sexual activity

Currently working

Beating justified

Ever heard of AIDS

Reduce risk of getting HIV

Had any STI in last 12 months
Number of sex partners, including spouse, in last 12 months
Ever been tested for HIV

Wife justified asking husband to use condom if he has STI
Total lifetime number of sex partners
Can respondent refuse sex

Can ask partner to use condom
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4.7.2 ROC and Precision-Recall curves for combined data - Females

ROC curve Females - SMOTE Validation data ROC curve Males - SMOTE Validation data
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Fig S1: ROC and Precision-Recall Curves for combined SMOTE survey years data
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4.7.3 ROC and Precision-Recall curves for combined data - Males

ROC curve Males - SMOTE data ROC curve Males - Original data
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Abstract

Over the years numerous modelling studies have been proposed to estimate HIV
incidence. As a result, the purpose of this study was to evaluate two alternative methods
for predicting HIV incidence in Zimbabwe between 2005 and 2015. We estimated HIV
incidence from seroprevalence data using the catalytic and Farrington-2-parameter
models. Data were obtained from 2005-06, 2010-11, and 2015 Zimbabwe Demographic
Health Survey (ZDHS). These models were validated at the micro and macro-level using
community-based cohort incidence and empirical estimates from UNAIDS
EPP/SPECTRUM, respectively. The HIV incidence for the catalytic model was 0.032
(CI: 0.028, 0.036), 0.036 (CI: 0.033, 0.039), and 0.028 (CI: 0.026, 0.030), for the years
2005-06, 2010-11, and 2015, respectively. The HIV incidence for the Farrington model
was 0.021 (CI: 0.016, 0.026), 0.022 (CI: 0.020, 0.025), and 0.019 (CI: 0.016, 0.022), for
the years 2005-06, 2010-11, and 2015, respectively. According to these findings, the
catalytic model estimated a higher HIV incidence rate than the Farrington model.

Compared to cohort estimates, the estimates were within the observed 95% confidence
interval, with 88% and 75% agreement for the catalytic and Farrington models,
respectively. The limits of agreement observed in the Bland-Altman plot were narrow for
all plots, indicating that our model estimates were comparable to cohort estimates.
Compared to UNAIDS estimates, the catalytic model predicted a progressive increase in
HIV incidence for males throughout all survey years. HIV incidence declined with each
subsequent survey year for all models. To improve programmatic and policy decisions in
the national HIV response, we recommend the triangulation of multiple methods for
incidence estimation and interpretation of results. Multiple estimating approaches should

be considered to reduce uncertainty in the estimations from various models.
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5.1 BACKGROUND

Understanding the dynamics of HIV epidemic is essential for determining and evaluating
strategies for combating HIV 7. Since the introduction of antiretroviral therapy decades
ago, the number of HIV-positive individuals has continued to rise. HIV has developed
into a chronic disease due to antiretroviral treatment, necessitating the establishment of
reliable estimates of HIV incidence and prevalence, as it has become a substantial public

198, 199

health problem

Quantifying the dynamics of HIV epidemics is crucial for evaluating the efficacy of
interventions and guiding policy to enhance HIV/AIDS control 7. HIV prevalence and
incidence are two primary indicators used to characterise the dynamics of the HIV
pandemic. Obtaining accurate estimates of HIV incidence and prevalence has always
been a significant concern before the introduction of antiretroviral treatment (ART).
Additionally, utilising HIV prevalence as an indicator of the pandemic has proved
difficult due to differences in the time interval between infection and mortality due to
increased ART availability 2°°.To get a real-time evaluation of the HIV epidemic, HIV
incidence estimation can provide greater insights. Unfortunately, since HIV infection
shares similar signs and symptoms with other diseases, individuals who have been
recently infected with HIV may remain undiagnosed for significant periods, resulting in

failure to detect the HIV incidence !°7.

A significant number of modelling studies have been developed and proposed to predict
HIV incidence '97-200-202 A few mathematical or statistical modelling studies have been
developed in Zimbabwe to estimate HIV incidence. Among the few HIV incidence

L. 82

models done in Zimbabwe, Hargrove et a used a simple Susceptible-Infected (SI)
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model to estimate the HIV incidence among perinatal women in Zimbabwe between 1990
to 2009. Gregson et al. 1% used mortality data to estimate the HIV incidence in Zimbabwe

1. 8! also estimated HIV incidence from HIV

using back-calculation methods. Ali et a
prevalence data obtained from patterns among female sex workers in Zimbabwe. Using
population data from a survey done in 2015 under the Zimbabwe Population-Based HIV
Impact Assessment Survey (ZIMPHIA 2015-2016), Gonese et al. 3° compared the HIV
incidence estimates obtained through recency testing to UNAIDS Spectrum incidence

estimates. Lastly, Hargreaves et al. *°

estimated HIV incidence among female sex workers
(FSW) using HIV prevalence by age and number of years since started selling sex (YSSS)
between 2011-2017. These methods have revolutionised how HIV incidence is estimated
in various contexts and datasets worldwide 2°°. However, few comparison studies to
improve practical estimating settings have been reported °7- 200- 203. 204 Therefore, the

primary objective of this study was to employ estimation models that have been used for

incidence estimation to predict HIV incidence using seroprevalence data.

Serial prevalence surveys have been proposed as a less expensive and invasive alternative
to collecting longitudinal data on a cohort of people to determine disease incidence 2.
However, there are two significant disadvantages to this strategy. The first limitation is
that any estimate based on serial prevalence data implicitly assumes disease irreversibility
due to a lack of exact data on the duration of the condition. Because HIV is an incurable
illness, the first limitation has no bearing on our study. The second limitation will be that

there will be differential mortality between the infected and uninfected individuals.

Differential selection occurs when the likelihood of being selected varies between
infected and uninfected individuals in a cross-sectional sample, resulting in a skewed

incidence estimate. For example, when infected people have a higher mortality rate than
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uninfected people, differential selection occurs; as a result, diseased individuals are less
likely to be included in a cross-sectional sample of the living population, resulting in an
underestimate of disease incidence 2%°. Given the possibility that the rate of mortality or
survival after infection may be a factor in predicting incidence, our primary objective was
to investigate two models in this study: the catalytic model, which assumes differential
mortality, and the Farrington model, which assumes non-differential mortality, to
determine if there are differences in the estimates of these models. The catalytic model
has been used to estimate the incidence of HIV using seroprevalence data. In contrast, the
Farrington model has been used to estimate the incidence of infectious diseases other than
HIV. Hence, our secondary objective was to determine if the Farrington model behaved
similarly to the catalytic model previously used to estimate HIV incidence. Lastly, we
wanted to validate the estimates obtained from these models at micro and macro-level
using community-based cohort incidence and empirical estimates from UNAIDS

EPP/SPECTRUM, respectively.

The goal of this strategy was to triangulate results such that these two models may be
utilised among the existing models that can be used to estimate HIV incidence using
seroprevalence data from the Demographic and Health Survey (DHS). Data from three
major household surveys in Zimbabwe from 2005 to 2015 was used to apply the models

to ascertain the HI'V incidence in the country.

5.2 METHODS

5.2.1 Survey Data

Incidence estimation methods in this paper used national household survey data from the

Zimbabwe Demographic Health Survey (ZDHS) conducted in 2005-06 %4, 2010-11 106
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and 2015 1%, The three surveys applied a two-stage random sampling design. The first
stage involved selecting enumeration areas (EAs), which allowed specific weights to be
assigned in the design. The second stage involved a random sampling of a fixed number
of households %1%, The survey collected data from consenting individuals with age, sex,
marital status, and HIV status. Data were collected in all households on females and males
aged 0-49 and 0-54 years, respectively. In addition, blood samples were collected from
consenting individuals. The finger prick method collected blot spots on filter paper and
transported them to a laboratory for testing. Two ELISA tests were performed, with the
second being a retest for 5-10% of the negative and all positive tests. A new ELISA or

Western Blot test was performed if there were discordant results on the two ELISA tests

104-106

5.2.2 Estimation Models

The catalytic and Farrington models were used to predict the HIV incidence in Zimbabwe.
The HIV incidence was estimated using the ZDHS seroprevalence data in both models.
The catalytic model simultaneously accounted for differential mortality, whereas the
Farrington model assumed non-differential mortality, which was of interest in this

analysis. The models are described in the sections that follow:

5.2.2.1 Catalytic Model

This paper adapted Mossong et al.’s 12! catalytic model to estimate age-dependent HIV
incidence. The catalytic model is described fully elsewhere !21:2%, A lognormal function
was used to fit the incidence function (Equation 1), with one survival parameter and three

incidence parameters 2! to age-specific HIV seroprevalence data from the 2005-06, 2010-
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11 and 2015 ZDHS of individuals aged 15-49 years. In fitting the lognormal function, an
offset corresponding to the age of sexual debut was set at 12 years 2!, Homogeneity
across time was assumed within the three-time periods considered in this paper, and the
chance of survival following HIV infection was assumed to follow a Weibull distribution.

The model assumed differential mortality, which was estimated simultaneously with the

HIV incidence.
0 ifa< 12
Aa) = 0 exp (- (log(a —12) — p)? ;fz ; 12 zgz: Equation 5.1
V2mo(a — 12) 202

where: Ma) is the incidence function with parameters mean p and standard
deviation o, the scale of 8 and an offset corresponding to the age of sexual debut

fixed at 12 years.

5.2.2.2 Farrington Model
The Farrington model is a non-linear model that has been used to estimate the force-of-
infection for many infectious diseases, including measles, mumps, and rubella 2°7. The

208 but briefly, the model assumes that the

Farrington model is fully described elsewhere
force-of-infection increases to a peak in a linear trend, then declines exponentially 2%°.
Additionally, the model assumes that the Force-of-infection (FOI) begins at zero at birth
and reaches a maximum at an age corresponding to the maximum transmission rate
among susceptible and infected people. This results in the Farrington-3-parameter model

represented in Equation 5.2:

A@) = (aa — y)expFD) 4y Equation 5.2
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where; the age-specific Force-of-infection (FOI) is represented by A(a), a is the age in
years, and a, B and y are model constants to be estimated with y as the long-term residual
value of the FOL.
If the residual value is set to zero (i.e. y=0, the Force-of-infection declines to zero as age
tends to infinity (a — ), resulting in Equation 5.3, which is a Farrington-2-parameter
model:

A(a) = (aa)exp P Equation 5.3
The Farrington model assumed non-differential mortality, which indicates that disease-
related mortality did not affect how the observed serological profile was interpreted.
The age-specific incidence function, A(a), in Equation 5.3 was estimated using age-
specific seroprevalence data from the 2005-06, 2010-11, and 2015 ZDHS of persons aged

15-49 years.

5.2.3 Validation of the Farrington and Catalytic Models.

The Farrington and catalytic models were validated at micro and macro levels. The
objective was to determine if our models could estimate HIV incidence at the provincial
and national levels. At the micro-level, ZDHS data for Manicaland province was used to
estimate the HIV incidence using the Farrington and catalytic models. Estimates obtained
from these models were then compared to the observed incidence from a Manicaland
community-based cohort. Empirical estimates from the UNAIDS EPP/SPECTRUM were

used to validate the Farrington and catalytic model at the national level.

104



5.2.3.1 EPP/Spectrum Model

UNAIDS created the Estimation Projection Package (EPP)/SPECTRUM 210212 to
estimate HIV prevalence and predictions 2%, The HIV prevalence estimated by EPP will
then be used to estimate the HIV incidence using another software called SPECTRUM,
which uses the AIDS Impact Model (AIM) module. A summary of the SPECTRUM
methodology is as follows:

Let the number of HIV infections, the total number of adults in the population and the

HIV prevalence of individuals aged a at time t be denoted by I, Natand Pay, respectively.

therefore;
It = Nae X Py Equation 5.4
and;
Aar = log = (lacyeor — diog ey —di ) Equation 5.5
where;

Aat 1s the number of new HIV infections in the year ¢ minus the number of survived
infections from the year t-1;

d2_, (_; is the number of deaths caused by AIDS in year t-1; and

dY4, (_; is the number of deaths caused by other reasons other than AIDS in year t-1.
EPP was used to calibrate HIV prevalence data from household surveys using the
maximum likelihood method, fitting a simple epidemiological model to surveillance data
from prenatal clinics in Zimbabwe. Curves expressing the uncertainty in the prevalence
data were created using Bayesian melding 2!3. Finally, using assumptions about the
average survival of HIV-infected people and the impact of ARV therapy on survival,

adult HIV incidence was computed from HIV prevalence through time.
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5.2.3.2 Community-Based Cohort Study — Manicaland

HIV incidence rates from community-based cohort studies in Zimbabwe from 2005 to
2015 were abstracted from published papers and conferences. Instead, data from a
community-based cohort study in Manicaland HIV/STD Prevention Project in Zimbabwe
under the Alpha networks was used !4, In addition, the Manicaland cohort HIV incidence
data was taken from the supplemental material of research conducted by Hallet et al. 2!,
The Manicaland cohort was a “closed cohort” in which those who joined within a certain
time period, were not seen at a follow-up, or were not confirmed to have died were

excluded.

5.3 ETHICAL APPROVAL AND CONSENT TO

PARTICIPATE

This work was granted ethical clearance by the University of Witwatersrand’s Human
Research Ethics Committee (Medical) (No. M151154). The HIV testing protocol for all
three ZDHS was reviewed and approved by the Centres for Diseases Control (CDC) in
Atlanta, Georgia, USA, the Medical Research Council of Zimbabwe (MRCZ) in Harare,
Zimbabwe; and the ORC Macro Institutional Review Board in Calverton, Maryland, USA
104-106  Application to the Measure DHS program, granted on May 16, 2017, yielded the
dataset utilized in this investigation. The DHS Program is permitted to provide free survey
data files to qualified academic researchers. Registration was required for access to
data'®+1% All methods were carried out in accordance with relevant guidelines and
regulations. An informed consent statement was read to each respondent prior to their

participation in a DHS interview or biomarker test, giving them the option to accept or
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decline. Before a child or adolescent could participate, a parent or legal guardian had to

provide their consent 194106,

5.4 RESULTS

To inform indirect model-based incidence estimate, the ZDHS prevalence data from
2005-06, 2010-11, and 2015 served as the primary input data. Fig. 5.1 displays the
changes in HIV prevalence by age group, sex, and survey year. Generally, the HIV
prevalence was higher in females than in males for both youth and adults. In addition, the
HIV prevalence was higher for adults (25-49 years) than for youth (15-24 years) for both

sexes. The HIV prevalence also declines with each successive survey year for both sexes.
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1 HIV Prevalence »

15

Youth (15-24 years) Adults (25-49 years) Youth (15-24 years) Adults (25-49 years)
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Figure 5.1: Prevalence trends by age group and survey year for females (left) and

males (right).
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5.4.1 HIV Incidence for the Two Models

Table 5.1 shows the HIV incidence for each modelling method stratified by survey year.
The HIV incidence for the catalytic model was 0.032 (CI: 0.028, 0.036), 0.036 (CI: 0.033,
0.038) and 0.028 (CI: 0.025, 0.030) for the year 2005-06, 2010-11, and 2015,
respectively. The HIV incidence for the Farrington-2-parameter model was 0.021 (CI:
0.016, 0.026), 0.022 (CI: 0.020, 0.025) and 0.019 (CI: 0.016, 0.022) for the year 2005-
06, 2010-11, and 2015, respectively. Based on these results, HIV incidence estimates
were higher for the catalytic model than for the Farrington model. Table 5.1 also shows
that HIV incidence increased from 2005-06 to 2010-11 and decreased in 2015 for both

the catalytic and the Farrington-2-parameter models.

Table 5.1: Overall HIV incidence for the two models by year of survey

Catalytic Farrington
Year Incidence(CI) Incidence(CI)
2005-06 0.032(0.028,0.036) 0.021(CI: 0.016, 0.026)
2010-11 0.036(0.033,0.039) 0.022(CI: 0.020, 0.025)
2015 0.028(0.026,0.030) 0.019(CI: 0.016, 0.022)

As seen in Fig 5.2, the Farrington model underestimates HI'V incidence compared to the
catalytic model. Rather than the typical pattern observed in HIV incidence estimates for
females, in which the incidence increases to a peak and then declines, HIV incidence

estimates for males in 2010—11 and 2015 increased gradually without declining for the
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catalytic model. According to the Akaike Information Criteria (AIC), the catalytic model

was the best fit for the survey data.
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Figure 5.2: HIV incidence for males and females based on the catalytic and

Farrington models.
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5.4.2 Models’ Validation Using a Cohort Study

We obtained Manicaland cohort HIV measured incidence for the years 2005 and 2010.

Therefore, comparisons were made based on these two available cohort years, as shown

in Fig 5.3.
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Figure 5.3: HIV incidence estimates based on the cohort, catalytic and Farrington

models.
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Table 5.2 summarises Manicaland’s estimated and observed incidence in various age
groups. Almost all estimations fall within the observed measurements’ 95% confidence
range. Both models performed well overall since the pattern and incidence are almost
identical to the observed values, as shown in Table 5.2 and Fig 5.3. Table 5.2 shows that
the estimations are within the 95% confidence interval of the observed, with 88% and

75% agreement scores for the catalytic and Farrington models.

Table 5.2: Measurements and estimates of incidence using Manicaland Province

Data

COHORT CATALYTIC FARRINGTON
Age Observed  95% CI* Estimated Agreement  Estimated Agreement

Group, Incidence Incidence Incidence

0.0186, 0.0286 0.0218 S 0.0201 el

0.0136, 0.0233 0.0184 S 0.0184 S
0.0071, 0.0129 0.0161 - 0.0219 —

0.0119, 0.0240 0.0209 S 0.0155 S

15-24  0.0079 0.0057, 0.0106 0.0079 S 0.0088 S

. 25-49  0.0083 0.0057,0.0114 0.0095 S 0.0082 S
15-24  0.004 0.0025, 0.0061 0.0061 el 0.0109 -

. 25-49  0.0101 0.0063, 0.0149 0.0120 S 0.0092 S

CI; confidence interval
b Agreement between estimate and observed: absolute error values ***<10%; **<20%; *<30%
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The agreement between observed (cohort) and estimated (Farrington/catalytic) incidence

was assessed using Bland-Altman plots, as illustrated in Fig 5.4. The plots give two

critical pieces of information: the average of all differences determined using the t-test

and referred to as bias and the 95% limit of agreement. The limits of agreement shown in

Fig 5.4 are narrow for all plots, indicating that our model estimates were comparable to

cohort estimates. However, a few outlier values were observed in the 2005-06 Farrington

females model, the 2010-11 catalytic females model, and the 2005-06 Farrington males

model.
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Figure 5.4: Bland-Altman plots demonstrating agreement between estimated

incidence (Farrington and catalytic models) and observed incidence.
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5.4.3 Models Validation Using UNAIDS EPP/SPECTRUM Estimates

Fig 5.5 illustrates the estimates of HIV incidence using three models: catalytic,
Farrington, and EPP/SPECTRUM. From around 15 to 25 years, females had a higher HIV
incidence than men; subsequently, the pattern reversed, with males having a higher HIV
incidence. It is worth noting how the catalytic model predicts a progressive increase in
HIV incidence for males throughout all survey years. HIV incidence declined with each
subsequent survey year for all models. According to Fig 5.5, the Farrington model

appeared to be more comparable to the UNAIDS EPP/SPECTRUM estimations.
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Figure 5.5: HIV incidence for males and females based on the catalytic, Farrington

and EPP/SPECTRUM estimates.
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5.5 DISCUSSION

Given the high expense of directly estimating HIV incidence using the “gold standard,”
which requires long-term follow-up 2!'®, indirect approaches based on mathematical or
statistical methods have become cost-effective alternatives 2°°. Therefore, we examined
two models in this research that estimated age-specific HIV incidence using age-specific
seroprevalence data. The objectives of this study were to estimate HIV incidence using
the catalytic and Farrington models and to test the validity of these estimates at the
national and sub-national levels.

The results indicate that HIV incidence estimates from the two models are substantially
comparable in estimates and trends; nevertheless, caution should be exercised when
interpreting the results due to the models’ different assumptions. The catalytic model best
suited the data between the two models employed to predict HIV incidence, evidenced
by its low AIC values. The Bland-Altman plots gave an approach to investigate the extent
of agreement between the cohort HIV incidence estimates and the two models (catalytic
and Farrington). Comparing the catalytic and Farrington model to the cohort observed
estimates provides evidence that the two models can be used as part of the models that
can be relied on in reporting the subnational HIV estimates on Zimbabwe. Overall, there
was reasonable agreement between the two models and the cohort estimates, however, a
few discrepancies were seen when some of the data points were not included in the 95%
limits of agreement.

Although at the national level comparison, the trends of the two models seemed to be
similar to the EPP/SPECTRUM trends, it should be noted that actual HIV estimates
fluctuated over time. For example, we noticed that in 2005, the HIV estimates for the two

models were underestimated as compared to the EPP/SPECTRUM model however, as
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we move with time, the inverse becomes true as the two models now overestimate the
HIV incidence as compared to the EPP/SPECTRUM estimates. This may be accounted
for by the changes which have been made to the EPP/SPECTRUM model over the years
as a way to improve its estimates.

Despite considerable model assumption disparities, two mathematical models produced
similar HIV incidence levels and trend estimates. Additionally, the models differed in
their assumptions about death, with the catalytic model assuming differential mortality
and the Farrington model assuming uniform mortality. As seen in Fig 5.2, the Farrington
model generates lower HIV incidence estimates, which may be due to the differences in

mortality assumptions; however, the differences seem minimal.

Estimating HIV incidence from serial age-specific cross-sectional prevalence data may
be subject to several potential biases, including the quality of the age data, the
comparability of the various survey populations, and changes over time in factors
affecting HIV prevalence, such as socioeconomic status, migration, and fertility !7. We
believe that these possible biases are negligible in our investigation. This is also
corroborated by research conducted by Batter et al. 27, who reported that the effect on
mortality in their study was negligible. Other researchers, such as Buycendore et al. 2!
and Miotti et al. 2!, utilized HIV prevalence data from surveys of childbearing women
without adjusting for mortality or fertility impacts. Although mortality impacts of HIV
infection are difficult to measure, they should ideally be included in HIV monitoring
systems.

While estimating HIV incidence across age groups is challenging in the era of ART

programs, it is critical for tracking changes in the age-specific pattern of HIV prevalence.

Our findings imply that combining various approaches for estimating HIV incidence in
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the same population can aid in generating solid estimates of national HI'V incidence levels
and trends. This has been practiced in many countries, for example, a study by Kim et. al
220 estimated HIV incidence amoung adults in Kenya and Uganda by comparing multiple
methods, and they recommended that triangulation of methods was needed to determine
the best supported estimates of incidence to guide programs. In Zimbabwe, Gonese et. al
80 validated the HIV incidence obtained through recency testing with the
EPP/SPECTRUM estimates which are used in Zimbabwe by policymakers. In this study,
unlike Gonese et. al ¥ who used recency testing to estimate HIV incidence, we used

statistical models to estimate HIV incidence.

To put the results of the two models into context, we note that young women between
2005 and 2015 had the highest risk of HIV incidence. However, our findings reveal a
trend toward a decline in the HIV incidence of young women over time. Similarly, men
over 30 years are at an increased risk of HIV infection, despite a gradual decline in recent

89,221

years. Our findings corroborate the issue of age mixing in Zimbabwe and other sub-

Saharan countries 2222,

5.6 CONCLUSION

To improve programmatic and policy decisions in the national HIV response, we
recommend the triangulation of multiple methods for incidence estimation and
interpretation of results. Multiple estimating approaches should be considered to reduce
uncertainty in the estimations from various models. The youth aged 20 to 30 carry the
most significant disease burden in all our models. However, a gradual decline over the

years is observed, indicative of a stabilised HIV pandemic as this bathtub pattern is
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similar to other demography indicators like fertility. This allows a parallel approach to be
feasible as governmental and non-governmental organisations’ interventions and
campaigns among the youth could carry a combined message on abstinence,
monogamous sexual relations and preventative therapy. However, robust public health
and societal change behaviour interventions have proven far superior to therapeutics in

disease control, especially in the era of COVID-19.
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Abstract

Objective: Age structured sexual mixing patterns have been noted to be associated with
HIV prevalence and force of infection. Therefore, this study aimed to estimate the age
dependent HIV force of infection using survey cross-sectional data from Zimbabwe.

Methods: We fit generalised additive models namely; linear, semi-parametric, non-
parametric and non-proportional hazards models. Using the 2005-06, 2010-11 and 2015
Zimbabwe Demographic Health Surveys data. The Akaike Information Criteria was used
to select the best model. The best model was then used to estimate the age dependent HIV

prevalence and force-of-infection.

Results: Based on birth year cohort-specific prevalence, the female HIV prevalence
reaches the highest peak at around 29 years of age, then declines thereafter. Males have
a lower cohort specific prevalence between 15 and 30 years than females. Male cohort-
specific prevalence slightly decreases between the ages of 33 and 39, then peaks around
the age of 40. The cohort-specific FOI is greater in females than in males throughout all
age categories. In addition, the cohort-specific HIV FOI peaked at ages 22 and 40 for
females and males, respectively. A 18-year age gap between the male and female HIV

FOI peaks was observed.

Conclusion: Our model was appealing because we did not assume that the FOI is
stationary over time; however, we used serological survey data to distinguish the FOI’s
age-and-time effect. The cohort-specific FOI peaked 18 years earlier in females than
males, indicative of age-mixing patterns. We recommend interventions that target
younger females so as to reduce HIV transmission rates.

Keywords: Force of Infection;, Prevalence,, Demographic Health Surveys, generalised

additive modelss, hazards models.
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6.1 INTRODUCTION

There has been a decline in HIV incidence in adults in sub-Saharan (SSA) 2%6. The
prevalence of HIV has increased in those aged 25 and older despite a decrease in HIV
incidence due to increasing life expectancy brought on by the advent of antiretroviral
treatment (ART) 227-239, A cohort study in Manicaland has highlighted that the cohort of
individuals living with HIV in Zimbabwe is ageing such that the HIV prevalence is
increasing among individuals aged 45 and older and decreasing among younger age
groups 228, Due to the high survival rates of those who are HIV infected earlier in life, a
shift in the relative share of infections to older individuals has been observed 22°. Age-
structured sexual mixing patterns have been noted to have an association with HIV force-
of-infection (FOI) 22%. Force-of-infection (FOI) is defined as the rate at which susceptible
individuals acquire an infectious disease, a key parameter that specifies the current state
of an epidemic 2*!. Even though the overall HIV incidence has declined in the era of ART,
older cohorts (40-49 years) still account for a growing proportion of HIV incidence 22°.
Over time, understanding how the HIV FOI rates have shifted across age groups is needed
to realign prevention targets.

Given the information about FOI in a population, interventions can be targeted to those
at the most significant risk of infection. Subsequently, information on trends in the FOI
over time can be used to evaluate the impact of programmes on the rate of new infections
so that resources can be directed to the most effective interventions and plan future health
care needs. Additionally, understanding the HIV incidence disparities across ages can
help prioritise groups where more effort is needed to lower infection rates.

The most direct method of estimating the FOI is using cohort studies. However, these

studies are costly; in most cases, representative samples are not attained 232, By contrast,
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cross-sectional surveys are less expensive, more straightforward, quicker to organise and
can be carried out on a mass scale. In addition, serological testing has been more prevalent
recently and is now a part of household surveys like the Demographic and Health Survey
(DHS), which estimates the prevalence of HIV in the general adult population 23 234,
Given the ease of getting HIV prevalence data from household surveys, mathematical
models can help untangle the complicated relationship between HIV FOI and prevalence

235,236

One of the modelling approaches to estimating FOI from prevalence data has come from

Demography 206 237

. Here, serial cross-sectional population survey estimates of
prevalence are used to generate an estimate of the FOI based on the principle that a sample
of individuals of age a at time 7 is under some conditions representative of a group of
individuals aged a — 7 at time ¢ — 7, where 7 is the interval between these cross-sectional
population surveys 207,

Understanding age-specific differences in the infection rates are essential in predicting
the magnitude of the FOI, thus, targeting age-groups for different intervention programs.
However, temporal trends and estimates of age-specific FOI have to be recovered from
age and time-specific prevalence data 238, In cross-sectional surveys, the information
obtained when an individual has been tested is whether that individual has already
experienced an infection before the age (a) of testing or not. This is commonly known
as “current status” data. If the FOI does not change with time, then a single cross-sectional
survey of individuals at different ages is sufficient to estimate age-specific infection rates.
While this assumption is reasonable for some infections, this assumption is untenable in
the case of HIV infection.

This study aimed to estimate the age- and time-dependent prevalence and HIV FOI using

current status data from the Zimbabwe Demographic Health Survey (ZDHS) collected in
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2005-06, 2010-11 and 2015. This was achieved by developing parametric, semi-

parametric and non-parametric models; and determining which models best fit the data.

6.2 METHODS

6.2.1 Zimbabwe Survey Cross-Sectional Data

Data from 2005-06, 2010-11, and 2015 ZDHS were used in this analysis and random
samples of 10,800, 10,828 and 11,196 households were chosen, respectively. The
households were selected using a two-stage cluster sampling method. At the first stage,
random samples of 400, 406, and 400 enumeration areas (EAs), were selected for the
200506, 2010-11, and 2015 ZDHS respectively. At the second stage, households were
randomly picked using a comprehensive list of all the households in the specified EAs.

This made it possible to apply specific weights to EAs in the design 104-1%,

6.2.2 Outcome Variable Measurement: HIV Testing Procedure

Blood samples from all households were taken with the respondent’s consent, or that of
the respondent’s parent or guardian in the case of minors, for HIV testing in the laboratory
on females aged 0—49 years and males aged 0—54 years. Finger-prick blood samples were
collected on filter paper and taken to a laboratory for analysis. All HIV-positive and 5—
10% of the negative tests were retested with a second ELISA after an initial ELISA
(enzyme-linked immunosorbent assay) test. A second ELISA or a Western Blot was
conducted if the two ELISA tests yielded inconsistent findings. The DHS Data Archive
172 provided the data for this study, which only included people between the ages of 15
and 49. We took into account the sampling design by including survey weights in the
analysis.

122



6.2.3 Statistical Model

Over the years, methods have been proposed that estimate the age-specific force-of-
infection using seroprevalence data !21 122, 205-207, 220, 233, 237242 Hgwever, these methods
are primarily based on an infection acting on a set of susceptible individuals. Given that
A4(a) is the force-of-infection at age a, if we assume time homogeneity (stationarity) and

lifelong immunity, then the proportion susceptible, p,(a) is:

a
pa(a) = exp l— f A4(2) dzl Equation 6.1
0

In reality, time homogeneity assumed in equation 1 is not feasible as over the years, the
introduction of ART, the evolution of cohorts and mutation of the pathogen has resulted
in the change of the force-of-infection over time 2°7. Therefore, the time-specific force of
infection A7 (t) can be estimated instead. By integrating exposure experience between the

date of birth, t — a, and the survey date t results in the proportion susceptible p;(a) 27

a

pr(a) = exp l— f Ar(t—a+2)dz Equation 6.2
0

Considering that in this analysis, we deal with three-time points, estimating the force of
infection A4 (t), will not be ideal 23°. Therefore, while estimating the force-of-infection,
especially when working with many time points, it is crucial to model the impacts of age
and time effects. The relation between age- and time-specific seroprevalence data and
age-time force-of-infection 2°7, A(a, t), in an individual of age a at time t, results in the

proportion susceptible p(a, t) 243:

a

p(a,t) = exp l— f Az, t—a+2z)dz Equation 6.3
0
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This paper proposed five models to model the relation between age- and time-specific
seroprevalence data and A(a, t) in Equation 6.3. These models are model 1, representing
a parametric model, models 2 and 3, representing semi-parametric models, model 4,
representing a non-parametric model, and model 5, representing the non-proportional
hazards model. The first is a flexible semi-parametric method suitable for simple
exploratory analysis. Then, these methods are applied to age- and time-specific ZDHS
HIV seroprevalence data.

The parametric model can capture reasonably complex patterns of age- and time-
dependence to determine the degree of curvature required by the data 2°7. Model 1
constrained the force-of-infection to be positive and is part of the Exponential polynomial

(EP) functions which have the following properties 2%8:

Aa, t) = exp (lio + z wiat + z Hjtj) L, j=12,.. Equation 6.4
where i represents the time spent by an individual in age band i, and j represents the time
spent by an individual in time band j. We can estimate the age-time dependence of the
FOI in Equation 6.4 by setting all y; and 6, to zero, thus resulting in Equation 6.5 2°":

Ala, t) = exp(ua) Equation 6.5
Equation 6.5 represents model 1 and will be referred to in terms of their time/age
parameterisation which is model EP1/EP1 being an exponential polynomial of degree 1
in time and degree 1 in age.
Assuming that the FOI changes exponentially with time represented by the following
identity (for two calendar times t; and t,) 2% in Equation 6.6:

Ma, t;) = exp(B(t, — t))A(a, ty) Equation 6.6
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We applied the methods of Nagelkerke et al. (1999) to estimate age- and time-specific
FOI without any assumption about age dependency 2*. To be able to assess the cohort
experience, a cohort born at calendar time b and has age a at calendar time a + b, then
the age-specific FOI for that particular cohort is defined by A, (a) in Equation 6.7 2%8:
Ap(a) = A(a,a + b) Equation 6.7
The proportional hazards assumption in Equation 6.6 then translates into Equation 6.8,
which leads to models 2 and 3 in this study, which are proportional hazards, semi-
parametric models 2%,
Ap(a) = exp(B(b — by))Ap(a) Equation 6.8
where the hazard at baseline year of birth b, is defined by 4,,(a), which can also be
expressed as A(a, a + by) 2%.
The semi-parametric model in Equation 6.8 can be reformulated as a fully non-parametric
proportional hazards model by:
Aa, t;) = exp(g(t, — t))A(a, t;) Equation 6.9

where g(t) is a smooth function with the constraint that g(0) = 0.
Substituting Equation 6.9 in the expression given in Equation 6.3 leads to:

pp(a@) = p(a,b + a) = exp{exp(g(b — by))logpy(a)} Equation 6.10
where; with 1,5(a) = A(a, by + a),
Pyo(a) = exp{— [ Apo(w)du}.
Equation 6.10 which is Model 4, may be expressed as a Generalised Additive Model
(GAM) for binary data with complementary log-log link function 2% (Equation 6.11),
with m,(a) = 1 — p(a) representing the proportion of persons infected at age a or before

from the cohort with year of birth b 2%8:
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log (—log(l - nb(a))) = fi(a) + f2(b), Equation 6.11
where

£,(6) = g(b — by),
and
fi(@) = log (~log(xpe(@))).

The corresponding FOI for this cohort then equals to 2%%:

(@)

Ap(a) m = exp(f2 (b))lbo(a), Equation 6.12
with
Tpo(@) d .
Apo(@) Tbo(a) = exp(f1 (a)) Equation 6.13

The proportional hazards model translates into an additive cloglog model for the
seroprevalence status 2%%, as shown by Equation 6.11, represented in this study as Model
4. In addition to the year of birth, this GAM technique may be generalised to include
additional subject-specific characteristics, such as gender 2%%.

A non-proportional hazards model (Model 5) was obtained by modelling the interaction

of age a with year of birth 5. Taking the GLM model with a two-dimensional smoother
208.
log (—log(l — nb(a))) = f(a,b), Equation 6.14

some straightforward calculus shows that:

Ap(a)
Apo(a)

Equation 6.15

d 'b)/0
=(exp(f(a,b)—f(a,0)))< f(a,b)/ a>

df(a,0)/0a
The right-hand side of equation (15) is no longer independent of age a. Note that it reduces

to Equation 6.12 in case f(a,b) = f;(a) + f,(b). The proportional hazards model was
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tested by comparing a model with a (parametric or non-parametric) (age x year of birth)

interaction term with the corresponding model with main effects only 2%,

6.2.4 Statistical Analysis

This study estimated age- and time-dependent prevalence and FOI from serial cross-
sectional population survey prevalence data. Our analysis was based on comparing a
generalised linear additive model (model 1), generalised semi-parametric additive models
(models 2 and 3) and generalised non-parametric additive models (models 4 and 5). All
the models were proportional hazards, except for model 5, a non-proportional hazard
model. Model 1 adapted Ades and Nokes’ 2°7 exponential polynomial model (EP) of type
EP1/EP;.

Models 2 and 3 were modified from the semi-parametric model of Nagarkerke et al. 23
by employing a spline smoother instead of the isotonic step function for the baseline
hazard function A,y(a). The age-specific FOI, 4, (a), for that particular cohort, was
estimated in a semi-parametric way using an iterative MM algorithm with a parametric
proportionality factor exp(p (b — by)) and a non-parametric isotonic stepwise estimate
for the baseline hazard A, (a) as shown in Equation 6.6.

Model 4 was reformulated to a fully non-parametric model using the semi-parametric

model of Nagarkerke et al. 2°8

as shown in section 6.2.3. Model 5 was obtained by an
interaction of age (a) with the year of birth (b), resulting in a non-proportional hazards

model. Models 1-5 are fully explained in section 6.2.3.
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6.2.5 Model 1-5 Specification and Goodness-of-Fit
We were interested in modelling some response variable y (force-of-infection) which
follows an exponential family distribution using predictor variables a which is age and b

being the year of birth. Let 4 = E(y), then models 1-5 are:

Model 1 (linear additive model): h(u) = By + f1a + B,b Equation 6.16
Model 2 (semi — parametric additive model): h(u) = By + B1b + f1a Equation 6.17
Model 3 ( semi — parametric additive model): h(u) = B, + B1a + fib Equation 6.18
Model 4 (non — parametric additive model): h(u) = B, + fia + f>b Equation 6.19
Model 5 (non — proportional hazards additive model): h(u) = B, + f1(a, b) Equation 6.20

where h is a smooth monotonic ‘link’ function of mean y and f; and f, are smooth
functions of the covariates considered. In order for these models to be distinguishable,
the smooth functions were restricted to have a mean of zero using the gam function.
Model specifications for models 1-5 and link function were done using the family
argument to generalised additive model (GAM) framework 2 in the R software package
mgev 2* with the gam function. The Pool-Adjacent-Violators Algorithm (PAVA)
application ensured monotonicity in the age dimension. The mgcv package’s estimation
of GAMs used a penalised likelihood method. Finally, we used the Akaike Information

Criteria (AIC) to choose the best model for the model comparison.

AIC = —2logp(a) + 2t
—_— —
goodness of fit model complexity

where 7 is the effective degrees of freedom (edf). Therefore, if AIC,,; < AIC,,, choose
model 1. The effective degrees of freedom (edf) showed the complexity of the model.

The 95% confidence interval of the best model was obtained using the R confit.gam
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package which calculates the point-wise confidence intervals for the smooth terms of a

fitted gam model.

6.3 RESULTS

The dataset was stratified by gender, and all subsequent analysis was done according to
the stratification. Generalised non-parametric additive model (model 4) was selected as
the best model according to the AIC criteria for females and males (Table 6.1 and Figure
6.1). Furthermore, since model 4 was a proportional hazards model, using analysis-of-
deviation, the proportionality assumption was determined to be valid for both the female

and male models, with p values of 0.71 and 0.50, respectively.

Table 6.1: The Akaike information criterion (AIC), Schwarz’s Bayesian criterion
(BIC), and effective degrees of freedom (edf) for completely parametric (model 1),

semi-parametric (models 2 and 3), and non-parametric (models 4 and 5) models

FEMALES MALES
Model components | edf AIC rank | BIC rank | edf | AIC rank | BIC rank
Model 1: a+ b 3 22571.69 |5 22596.00 |5 3 1219691 | 5 12220.32 | 5
Model 2: fla) + b 6.99 |21841.76 |3 21897.11 |2 8.25 | 11968.76 | 3 12033.11 | 1
Model 3: a + f(b) 6.61 | 2194597 |4 21999.54 | 4 8.03 | 12003.26 | 4 12065.93 | 4
Model 4: fla) + fib) | 993 | 21779.61 |1 21860.10 |1 12.5 | 1193844 | 1 12035.99 | 2
Model 5: fla,b) 15.7 | 2178540 |2 2191222 |3 15.5 | 11939.81 | 2 12060.90 | 3

*a= age, b=year of birth, f=smooth function
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Figure 6.1: Observed (dotted curve) and fitted prevalence (five solid curves) as a

function of age according to females (top) and males (bottom).

Figure 6.2 shows the age-specific fitted and observed HIV prevalence estimates for the

three calendar periods 2005-06, 2010-11 and 2015, for both females and males. Model 4

showed a good model fit for the observed data. Comparing the fitted HIV prevalence

model, we detect a change of high HIV prevalence among 33-year-old females in 2005-

06, 36-year-old females in 2010-11, and 40-year-old females in 2015. In 2005-06, the

prevalence of HIV was highest among 42-year-old males; however, in 2010-11, the

prevalence declined in the same age group. In 2015, the prevalence of HIV steadily rose
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with age among males. In general, the prevalence of HIV was greater among females than

males over all three time periods.
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Figure 6.2: Observed (circles) and fitted (solid curve with 95% Confidence
Interval, dotted curve) HIV prevalence as a function of age according to females
and males. Circles represent the estimated prevalence by age. Their size is

proportional to the number of individuals.

Figure 6.3 illustrates the fitted cohort-specific prevalence curves for females and males
as a function of age, according to the best model (model 4). Prevalence was estimated for

each birth cohort for all survey years combined. The solid red component of each
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prevalence curve corresponds to the proportion of the age range (birth cohort) for which

data were available, while the dotted portion of each curve was extrapolated using the

model. Figure 6.3 demonstrates that data for both models were available for the age range

considered in this study. Based on cohort-specific prevalence, the female HIV prevalence

reaches the highest peak at around 29 years of age, then declines up to the age of 49 years

(these values can be observed by examining the red lines/curves). Males, have a lower

cohort-specific prevalence between 15 and 30 years than females. Male cohort-specific

prevalence slightly decreases between the ages of 33 and 39. The highest peak of HIV

prevalence for males is around the age of 40.
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Figure 6.3: Fitted cohort-specific prevalence curves as a function of age according

to females and males.

Figure 6.4 depicts the fitted cohort-specific FOI curves as a function of age for females

and males, as predicted by Model 4. The FOI was estimated for every birth cohort over

the combined survey years. The grey FOI curve displays the baseline FOI Abg (@) for an
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assumed bo = 1955, 1955 being the minimum time (birth year) in the cohort. The black
dotted curves are generated from the proportionality factor exp(g(b — bo)) in Equation
6.11 resulting in the red curves. Figure 6.4 indicates that, where data is available, the
cohort-specific FOI is greater in females than males throughout all age categories, as
indicated by the red curve. The cohort-specific HIV FOI peaked at ages 22 and 40,
respectively, for females and males, demonstrating more than 15-year age difference
between the HIV FOI peaks of males and females. Nevertheless, based on the

extrapolated cohort-specific FOI, males tend to have a greater FOI than females in older

age groups.
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Figure 6.4: Fitted cohort-specific force-of-infection curves as a function of age

according to females (left panel) and males (right panel).
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6.4 DISCUSSION

This study estimated the age- and time-dependent HIV prevalence and FOI. Our model
was appealing because we did not assume that the FOI is stationary over time; however,
we used serological survey data to distinguish the FOI’s age-and-time effect. It has been
reported that the estimation of HIV FOI might lead to over-interpretation of results
because of selection bias, partially due to lower consent rates '2!> 223, However, recent
work has confirmed that non-participation in surveys does not result in significant biases
in estimating cross-sectional HIV prevalence 12!-2%7,

Generally, HIV prevalence decreased for both males and females over the years, with
HIV prevalence higher in females than males. Of interest, we observed the peak HIV
prevalence for each successive survey year was lower but shifted with an increase in age,
which can be explained by either that people are now being infected at older ages or that
these are people who were diagnosed with HIV many years after being infected.
Unfortunately, data on HIV testing patterns in different age groups are unavailable, and
the observed age increase may have resulted from increased testing in cohorts born
earlier. In another school of thought, it is believed that due to the scale-up of antiretroviral
treatment, there has been an increase in life expectancy; therefore, the prevalence in the
population for the cohorts born earlier will increase ?*°. However, the shift towards
increased HIV prevalence in older birth cohorts is typical of populations of people living
with HIV (PLHIV) across the world 2. Our model, especially for males, projects similar
age profiles (Figure 6.1).

A sharp increase in cohort-specific HIV prevalence is observed in our results to occur
approximately a decade apart in females (at 29 years) than males (at 40 years). Cohort-

specific FOI peaks approximately fifteen years earlier in females (at 22 years) than males
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(at 40 years). These findings confirm the issue of age-mixing patterns which can be
corroborated by other studies 222224, A study in Zimbabwe found that age-disparate sexual
relationships are associated with increased HIV incidence among young women, mainly
when partners are ten or more years older 2*’. In a 2005 national household survey done
in South Africa, it was determined that younger females had partners who were at least
five years older than them, and it was hypothesised that these connections were linked to
an increased HIV risk 243, Gregson et al. offered empirical evidence that age-disparate
sexual interactions were responsible for the observed variations in the epidemiological
patterns of young women and men in rural Zimbabwe 2#°. Therefore, age-disparate sexual
relationships expose individuals to an increased risk of HIV infection. It has also been
noted that age-mixing in sexual relationships is likely to reduce the younger person’s
ability to negotiate safe sex successfully 2°°. Increasing female education regarding
factors that increase HIV transmission rates might reduce age-disparate relationships,
thereby decreasing infection rates in this age group. Pettifor et al. observed that education
might lower young women's susceptibility to HIV infection, suggesting that interventions
that target structural and partner-level risk factors, such as keeping young women in
school, are necessary to lessen this vulnerability 2°!. This notion is supported by a study
that found that higher female education was associated with a lower occurrence of age-
disparate relationships 2°2,

A significant limitation of our study was that we did not address the issue of differential
selection. This is when disease-related mortality affects the interpretation of observed
serological profiles. Instead, we assumed that the excess mortality of individuals testing
positive was negligible. For obvious reasons, this is a crude assumption, and other authors
have proposed models which address this issue 2°%217-23% However, our main advantage

was combining three cross-sectional surveys from different time points, thereby jointly
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modelling age and epidemic effects. Since these surveys are conducted after every five
years, the next one was scheduled for 2020 but because of COVID, no recent DHS survey
has been conducted for Zimbabwe.

Combined cross-sectional surveys should be used to evaluate control measures and
monitor the trends in HIV FOI. The same age groups should also be adopted for each
successive survey, assuming that the temporal trend in the FOI can be monitored from
the changes in prevalence. Future work would significantly be important to include
differential selection and refine model estimates within a Bayesian framework by

integrating other data sources.
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Abstract

Objective: Most studies in Zimbabwe have explored the relationship between HIV
prevalence and covariates, mainly at national and provincial levels using global
regression models. Therefore, the aim of this paper is to investigate the local/district
patterns of HI'V incidence in Zimbabwe over the 10-year period between 2005-2015 using
the Demographic Health Survey data.

Methods: The outcome variable for our analysis was HIV incidence. The HIV incidence
for each district was estimated using the catalytic model. Hot spot Analysis was
performed using the Getis-Ord Gi* statistic, which identifies statistically significant hot
and cold spots using a set of weighted features. To produce smooth surfaces of HIV
incidence for visualisation and data generation at the district level, interpolation maps of
HIV incidence were created through the Empirical Bayesian Kriging. To determine the
global relationship between HIV incidence and the significant covariates, the OLS model
was fitted for each survey year. Spatial autocorrelation was used to assess the spatial
independence of residuals using the Moran’s I spatial autocorrelation. The Multiscale
Geographically Weighted Regression (MGWR) was used to assess if the relationship
between HIV incidence and covariates varied across space.

Results: Tsholotsho district remained a 99% confidence hot spot throughout the decade
under observation in this study. The impact of STI, condom use and being married on
HIV incidence has been strong in the Eastern parts of Zimbabwe with Mashonaland
Central, Mashonaland East and Manicaland provinces. From our findings from the
MGWR, we observed that Matabeleland North’s HIV incidence rates are driven by

wealth index, multiple sex partners, STI and females with older partners.
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Conclusion: The study disseminated the message that different factors vary from district
to district and over time. Findings from this study could be useful to policymakers for the
purposes of resource allocation in the context of public health programmes. This study's
findings also indicate the need to zoom in on districts like Tsholotsho, which consistently
have a high burden of HIV over time.

Keywords: Spatial Analysisi, HIV Incidence;, Demographic Health Surveys,

Multiscale Geographically Weighted Regressions, Zimbabwes.
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7.1 INTRODUCTION

In Zimbabwe, the HIV epidemic has been found to be heterogenous, varying by province,
with Matabeleland South having the highest burden #°. Given a set of covariates that drive
the HIV epidemic in Zimbabwe, this means that because of the heterogeneous nature of
the epidemic, the responses to these covariates across the country would be different.
Understanding the HIV epidemic and its spatial variation is essential as it allows the
implementation of policies targeted explicitly at high risks areas and groups. The use of
geospatial analytical methods is useful in achieving this goal. However, among the
limited but growing uses of geospatial analysis in Africa, moreover in Zimbabwe, very
few studies have analysed the spatiotemporal variation in the HIV epidemic.

Most studies in Zimbabwe have explored the relationship between HIV prevalence and
covariates, mainly at national and provincial levels using global regression models.
Schaefer et al. explored factors that were likely to influence the equity implications and
cost-effectiveness geographically of HIV resource allocation in Manicaland Province 3.
Another study by Oseni et al. investigated the sub-regional changes in HIV prevalence in
Zimbabwe 3%, Gwitira et al. interestingly tested for the co-existence of the geographical
distribution of HIV/AIDS and malaria in Zimbabwe 2%. Diego et al. constructed high-
resolution maps of intranational estimates of HIV prevalence in Zimbabwe based on
spatial variables 2°°. Lastly, Manyangadze et al. looked at socio-economic factors

spatially associated with HIV incidence in Zimbabwe 2°7

. Although significant work has
been done in Zimbabwe regarding spatial analysis, besides spatially modelling the HIV

epidemic in terms of prevalence and at the province level, not much has been done in

modelling the epidemic in terms of incidence and at the district level. This led to the
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paper’s aim to investigate the local/district patterns of HIV incidence in Zimbabwe over

the 10-year period between 2005-2015 using the demographic health survey data.

7.2 MATERIALS AND METHODS

7.2.1 Data Source

The source of data was the Zimbabwe Demographic and Health Survey (ZDHS)
conducted in 2005-06 %4, 2010-111% and 2015 '%. Enrolment of individuals in the ZDHS
involved a two-stage sampling procedure in selecting households. The first stage involved
selecting enumeration areas (EAs) and the second stage involved randomly selecting
households from the EAs. Full details of the survey methodology are described elsewhere
7, The individual records for males and females of each survey year were appended. The
appended datasets were then merged to the HIV datasets. Lastly, the datasets of Global
Positioning System (GPS) coordinates of all the EAs were merged to the HIV individual
records, meaning that all individuals were assigned the location of the centroid of their
respective survey EA. After assigning each individual to the respective EA with GPS
coordinates, each individual was placed in their respective districts. Zimbabwe is

comprised of 60 districts which are shown in Figure 7.1.
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Figure 7.1: Map of Zimbabwe showing the 60 districts.

7.2.2 Study Measures

The outcome variable for our analysis was HIV incidence. The HIV incidence for each
district was estimated using the catalytic model. Details of the estimation procedure are
explained elsewhere 2°®. The independent variables included age, sex, marital status,
condom use, age of partner, STI in the past year, first sexual debut before the age of 15
years, wealth index, age of household head, multiple sex partners, times away from home,

highest level of education, type of earnings and employment status.
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7.2.3 Exploratory Data Analysis

7.2.3.1 Hot Spot Cluster and Outlier Analysis

Hot spot Analysis was performed using the Getis-Ord Gi* statistic, which identifies
statistically significant hot and cold spots using a set of weighted features 2. Each district
was assigned a Z-score, which identified the intensity of the hot spot and cold spot zones

for the HIV incidence. The index of the Getis-Ord Gi* statistic was calculated as:

X wiy — Y X wi
Jn S7w (37 Wj)z Equation 7.1
s

n-1

G;

Where y; is the HIV incidence for district j, the spatial weights between i and j
represented by w; ;, n being the total number of districts, y is the mean and s the standard
deviation.

To produce smooth surfaces of HIV incidence for visualisation and data generation at the
district level, interpolation maps of HIV incidence were created through the Empirical
Bayesian Kriging. Empirical Bayesian kriging (EBK) through repeated simulations
accounts for the error in semi variogram estimation 2°, Advantages of the EBK include
predicting more accurate standard errors than other kriging methods and allowing the
accurate prediction of moderately nonstationary data 20, Contrary to the Hot spot analysis
which identifies groups within an area, the cluster and outlier analysis identifies
groupings according to criterion of proximity. Cluster and outlier analysis was performed
using the Anselin local Moran’s 1. Cluster and outlier analysis, Hot spot analysis and

interpolation were all performed in ArcGIS Pro version 3.1.
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7.2.3.2 Exploratory Regression

To identify independent variables associated with HIV infection, we first conducted an
exploratory regression of the 14 variables mentioned above for each survey year
separately. The exploratory regression was performed in ArcGIS Pro version 3 using the
Exploratory regression tool. The Exploratory regression (ER) tool in ArcGIS is a data
mining tool that finds all possible combinations of the explanatory variables that will pass
the necessary ordinary least regression (OLS) diagnostics. The advantage of using the ER
tool in ArcGIS rather than ordinary stepwise regression is the ability to find models that
meet all the requirements and assumptions of the OLS rather than just searching for
models with the highest adjusted R2.

The significant risk factors obtained from the ER included: having an STI in the past year,
being married and single for the 2005-06 ZDHS. For the 2010-11 ZDHS, the significant
factors from the ER included: being richer according to the ZDHS wealth index, being
single and females with partners five or more years older than them. Lastly, the significant
factors from the ER of the 2015 ZDHS included: females with partners five or more years
older than them, having an STI in the past year, having multiple sex partners and richer
according to the ZDHS wealth index. These significant variables were then run in the
ordinary least squares (OLS) model, and residuals were checked for spatial

autocorrelation.

7.2.4 Spatial Statistical Models

7.2.4.1 OLS regression — Global Regression
To determine the global relationship between HIV incidence and the significant

covariates, the OLS model was fitted for each survey year. The three OLS models fitted
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for (1) the 2005-06 survey year, (2) the 2010-11 survey year and (3) the 2015 survey year

were as follows:

(1) HIV = By + B1PropSTI; + f,PropMarried; + B;PropRicher; + ¢;
(2) HIV = By + f1PropRicher; + ,PropSingle; + B;0lderPartner; + ¢;
(3) HIV = B, + f;PropOldpartner; + [,PropSTI; + f3;PropRicher; +

BsPropSexPartners; + ¢;

Where HIV is the estimated incidence, f3,, the intercept, f3;, regression coefficients, and
i represents the 60 districts:
= PropMarried: weighted proportions of individuals married
= PropSingle: weighted proportions of individuals single
= PropRicher: weighted proportions of individuals richer
= PropOldpartner: weighted proportions of individuals with partners five or more
years older
= PropSTI: weighted proportions of individuals who had an STI in the past 12
months
= PropSexPartners: weighted proportions of individuals who have multiple sex
partners.
Considering that OLS assumes stationarity, meaning that the association between
response and predictor variable does not vary spatially. Therefore, to test for stationarity

in the spatial pattern, the Moran’s I statistics for spatial autocorrelation was used.

_ nyi 2wy — )_’)()’j — )
QX7 wi) X — ¥)?

Equation 7.2
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The Moran’s I is a measure of spatial autocorrelation in an area, which explains the degree
of dependence between values of a variable at different locations. In addition, we tested
for multicollinearity using the variance inflation factor (VIF) and local variation using
the Koenker (BP) statistic. The OLS was performed in ArcGIS Pro version 3.1.

Using the same set of variables used in the OLS, we performed the Geographically
Weighted Regression (GWR) and Multiscale Geographically Weighted Regression
(MGWR) to account for nonstationarity between response (HIV incidence) and predictor
variables. The GWR and MGWR were performed using the MGWR software which is

also integrated in the mgwr python package (version 2.2.1).

7.2.4.2 Geographically Weighted Regression (GWR) model

Considering that the covariates’ predictability capacity differs from one cluster to the
next, these cluster variations can be identified through the use of GWR 26!, The GWR
assesses whether the association between HIV incidence and covariates vary across
space. The GWR creates an equation for each district while using data from nearby
features; hence the coefficient takes different values for each district. The maps created
through GWR of the coefficients associated with each explanatory variable provide
guidelines for targeted interventions within different districts. The GWR model can be

expressed as follows:

Vi = Bo(wivy) + B (uiv)xi + Bo(uiv)xizt... +6;(wv)x;; + &
n
= z Bi(uvy) x;j + & Equation 7.3
=0

Where y; are observations of HIV incidence, u;v; are the longitude and latitude
geographical coordinates for the ith observation, B;(u;v;) are the parameters for x;;

describing the relationship around geographical locations (u;v;) and &; is the error term.
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7.2.4.3 Multiscale Geographically Weighted Regression (MGWR)

The GWR constrains the local (district) relationships within each model to vary at the
same scale. However, the MGWR allows the response variable (HIV incidence) and the
different covariates to vary at different spatial scales 22, Meaning that the bandwidths
indicating the data-borrowing range can vary across parameter surfaces. Therefore, the

equation of the MGWR differs slightly from the GWR by introducing the bandwidth:

Vi = BowoWivi) + Bow1 (Wiv)xin + Bpwz (Wiv)xiz+. .. +Bpw; (Wiv)x;j + &
n
= z Bowj(wiv;) x;j + & Equation 7.4
j=0

Where the bandwidth used for calibration of the jth conditional relationship is represented

by bwj in B,y ;.

7.3 RESULTS

Figure 7.2 shows the spatial distribution of HIV incidence over the ten years under
investigation in this study. Districts with dark red colour had the highest HIV incidence,
and light blue colour indicated districts with lower HIV incidence. The highest HIV
incidence recorded for one of the districts was 0.029, 0.025 and 0.026 for the years 2005-
06, 2010-11 and 2015, respectively. High HIV incidence rates were observed in 11
(18.3%), 8 (13.3%) and 9 (15.0%) districts in the years 2005-06, 2010-11 and 2015,
respectively. Most of the districts with high HIV incidence rates in 2005-06 and 2010-11

decreased in 2015.
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Figure 7.2: Spatial Variation of HIV incidence per survey year

7.3.1 Hot spot analyses — Spatial clustering of HIV incidence

The Getis-Ord Gi* statistic was used to reveal spatial patterns and statistically significant
clustering of districts of the HIV incidence into hot spots and cold spots in different
survey years under consideration in this study. HIV hot spots were represented in the map
with the colour red, while cold spots had the colour blue. Areas with no colour were not
statistically significant based on the Getis-Ord Gi* statistic. In 2005-06, hot spots for HIV
incidence with 99% confidence were observed in 11 (18.3%) districts: Mount Darwin,
Rushinga, Uzumba-Maramba-Pfungwe (UMP), Shamva, Mudzi, Mutoko, Chiredzi,
Mwenezi, Beitbridge, Mberengwa and Tsholotsho (Figure 7.3(a)). No significant 99%
cold spots were observed in 2005-06, rather just one 90% cold spot. In 2010-11, Bikita,
Buhera, Chikomba, Gutu, Hwange and Tsholotsho were the observed 99% hot spots,
down by five districts from the 2005-06 count. Positively, Chiredzi and Beitbridge which
were 99% confidence hot spots in 2005-06, had become 90% confidence hot spots in
2010-11. Three 99% confidence cold spots were observed in 2010-11, including Mount
Darwin, Mudzi and Nyanga districts. In 2015, there were three 99% confidence hot spot

remaining, which were Tsholotsho, Bulilima and Mangwe districts all in Matabeleland
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North Province. Tsholotsho district remained a 99% confidence hot spot throughout the
decade under observation in this study. From the three 99% confidence cold spots
observed in 2010-11, two more 99% confidence cold spots were added in 2015, which
included Centenary/Muzarabani and Rushinga districts. Based on Figure 7.3(a-c) hot spot
analysis, it can be noticed that the HIV incidence hot spots were significantly decreasing
in Zimbabwe over time.

Figure 7.3(d-f) showed that the HIV incidence clusters were delimited with four zones.
High-high clusters were represented with red colour. The high-high clusters were located
in Lupane, Tsholotsho, Matobo, Gwanda, Beitbridge, Mberengwa and Zaka in 2005-06.
In2010-11, Hwange, Tsholotsho, Umguza, Bulawayo, Umzingwane and Beitbridge were
high-high clusters. Lastly, Hwange, Tsholotsho, Umguza, Bulawayo, Matobo and
Beitbridge were high-high clusters in 2015. In contrast to the high-high clusters, low-low
clusters were represented by dark blue colour, meaning they were low HIV incidence risk
surrounded by districts with similar risk. This low-low cluster was observed in Nyanga
in 2005-06, Mount Darwin, Rushinga, Uzumba-Maramba-Pfungwe (UMP), Shamva,
Mutoko and Nyanga in 2010-11, lastly, Guruve, Centenary, Mount Darwin, Rushinga,
UMP, Shamva, Mutoko, Nyanga, Bindura and Goromonzi in 2015.

The interpolation of HIV incidence hot spots produced Figure 7.3(g-i) diagrams. Areas
with high HIV incidence are shown in red (hot spots), while areas with low HIV incidence
are shown in blue (cold spots). From Figure 7.3(g-i), continuous surfaces of HIV
incidence also confirmed and spatially unpacked district and regional HIV incidence
variations in Zimbabwe. Figure 7.3(g-i) captured the general intensification of HIV
incidence and spatial extent from 2005 to 2015. It can be noticed that the southern and

western parts of Zimbabwe have high HIV incidence rates, as shown by the red zones in
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Figure 7.3(g-i), whereas the eastern and northern regions of Zimbabwe have cold spots

of the HIV epidemic.
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Figure 7.3: HIV incidence Hot spots (a-c), Clusters (d-f) and Interpolation (g-i) per

survey year.
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7.3.2 Ordinary Least Squares Regression Results

The Ordinary Least Squares regression (OLS) was used to determine the best combination
of variables that optimise on predicting HIV incidence for each survey year. Therefore,
OLS of estimated district-level HIV incidence produced three models for each survey
year considered in this study. The final variables used in all three models were selected
through a multi-stage statistical process from an initial pool of 14 variables drawn from
literature and based on availability at the survey year and district level. The first step in
the variable selection for the OLS included an Exploratory Regression (ER) done on all
the 14 variables on the three survey years separately. The ER yielded three variables (STI,
married and single) for the 2005-06 data, three variables (single, richer and older partner
> 5 years) for the 2010-11 data, and four variables (Multiple sex partners, ST, richer and
older partner > 5 years) for the 2015 data. The variables obtained through ER were then
used for the OLS resulting in results displayed in Table 7.1.

It was observed that all variables for all the survey years were statistically significant as
shown in Table 7.1. Based on the OLS results, we checked for multicollinearity, residual
stationarity, and global spatial autocorrelation. Results from the spatial autocorrelation
indicated that, all the three models’ residuals were randomly distributed with Moran’s |
p-values of 0.59, 0.40 and 0.26 for the 2005-06, 2010-11 and 2015 dataset respectively.
Since the p-values of the Moran’s I statistic were not statistically significant, it meant that
the structure of the residuals was random, and the model is properly specified. It was also
observed that all the variables for all the survey years under study had VIF values less
than 5, indicating that there was low multicollinearity in the models. The Jarque-Bera

Statistic was not statistically significant for all the models meaning that the models were
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not biased, and key variables were selected. Lastly, the Koenker (BP) statistic was
significant for all models in all survey years with p-values of 0.002, 0.006 and 0.037 for
the 2005-06, 2010-11 and 2015 respectively. This meant that the residuals of the errors
from the OLS were non-stationary and the GWR or MGWR were the best models to
model the spatial variability. Spatial variation of the selected variables are presented

through choropleth maps in Supplementary Information.

Table 7.1: Ordinary Least Squares Regression (OLS) results.

2005-06

Variable Coefficient Standard | P value | VIF Moran’s I | Koenker | Jarque-
Error (p-value) | (BP) Bera
(p-value) | (p-value)

Intercept -0.025 0.003 <0.001
STI 0.032 0.015 0.03 1.02 -0.01 14.33 0.91
No condom Use 0.020 0.005 0.02 1.43 (0.59) (0.002) (0.63)
Married 0.039 0.005 <0.001 1.46

2010-11
Intercept 0.001 0.001 0.37
Single 0.009 0.004 0.01 1.45 12.31 0.29
Richer 0.019 0.004 <0.001 2.60 -0.03 (0.006) (0.86)
Older partner > 5 years | 0.011 0.003 0.01 2.17 (0.40)

2015

Intercept -0.002 0.001 0.02
Multiple Sex Partners | 0.013 0.004 <0.001 4.17 -0.03 10.20 4.07
STI 0.043 0.019 <0.001 1.02 (0.26) (0.037) (0.13)
Richer 0.008 0.003 0.03 1.06
Older partner > 5 years | 0.010 0.004 <0.001 4.17

7.3.3 Geographical/Spatial Variation of HIV incidence Results

As observed in the results presented in Table 7.2, the MGWR model is a better fit based
on the adjuster R? and AICc values. In addition, the MGWR model explained 81.5%,
86.5% and 80.2% of the total variation in HIV incidence in the 2005-06, 2010-11 and

2015 models, respectively, which was an improvement from the OLS and GWR. For
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additional comparison between MGWR and GWR, see Supplementary Information with

spatial maps for both models.

Table 7.2: Regression Results Comparison

Survey Year Model AICc Adjusted R?
2005-06 OLS 145.6 77.0%
GWR 90.0 77.0%
MGWR 82.7 81.5%
2010-11 OLS 135.2 72.5%
GWR 103.6 73.2%
MGWR 97.1 86.5%
2015 OLS 140.3 70.9%
GWR 102.1 70.9%
MGWR 99.3 80.2%

Figure 7.4 shows how the coefficients of STI, no condom use and married for the ZDHS
2005-06 survey year are associated with HIV incidence over space. The red areas
represented in red show where the coefficients are large and locations where the
explanatory variables are strong predictors of high HIV incidence. Having had an STI,
using no condoms and married where all positive predictors of high HIV incidence in
2005-06, indicating that HIV incidence rates increases as the percentage of individuals
with an STI, who do not use condoms and are married increased. As observed in Figure
7.4, the impact of STI, condom use and married on HIV incidence has been strong in the
Eastern parts of Zimbabwe with Mashonaland Central, Mashonaland East and
Manicaland provinces. If condoms are used properly and consistently, they are one of the
most effective ways of reducing STIs and HIV transmission rates. Therefore, the
promotion of condom use and continuous free distribution of condoms in the Eastern

parts of Zimbabwe focusing on married individuals would decrease HIV transmission
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based on Figure 7.4(a-c). Additionally, areas with high burden of STIs, sexual

reproductive health services should be free and easily accessible.
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Figure 7.4: Coefficient estimates of (a) STI in the past 12 months; (b) No condom
use; and (c) Married in describing HIV incidence using Multiscale Geographically
Weighted Regression (MGWR) for the ZDHS 2005-06 survey year with £1.96

significant areas indicated in colour.

Figure 7.5 shows how the coefficients of richer, single and females who have an older
partner > 5 years for the ZDHS 2010-11 survey year are associated with HIV incidence
over space. As shown by districts in red, being richer according to the wealth index in
districts situated in Matabeleland North was a strong predictor of HIV incidence. As the
percentage of single individuals increased in Masvingo province, the HIV incidence also
increased by 24-25% as shown in Figure 7.5(b), indicating that being single was a strong

predictor of HIV incidence in Masvingo province. Females having older partners was
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strongly associated with high HIV incidence and the areas mostly affected were Binga,

Kariba, Gokwe North and Gokwe South districts as shown in Figure 7.5(c).
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Figure 7.5: Coefficient estimates of (a) Richer; (b) Single; and (¢) Older partner >
S years in describing HIV incidence using Multiscale Geographically Weighted
Regression (MGWR) for the ZDHS 2010-11 survey year with +£1.96 significant

areas indicated in colour.

Figure 7.6 shows how the coefficients of multiple sex partners, STI, richer and females
who have an older partner > 5 years for the ZDHS 2015 survey year are associated with
HIV incidence over space. The red areas represented in red show where the coefficients
are large and locations where the explanatory variables are strong predictors of high HIV
incidence. Tsholotsho, Lupane, Nkayi, Bubi and Umguza, all districts in Matabeleland
North showed that a high percentage increase of individuals with multiple sex partners
and STI had a very strong positive association with HIV incidence. Being richer had a

strong impact on HIV incidence in districts in Masvingo province, mainly Chiredzi,
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Mwenezi, Mberengwa, Zvishavane and Chivi. Females having an older partner was
significantly associated with a high HIV incidence in districts in Lupane and

Matabeleland North districts.

(a) MGWR: Multiple Sex Partners - significant coeffients (b) MGWR: STI - significant coeffients () MGWR: Richer - significant coeffients (d) MGWR: Older Partner - significant coeffients
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Figure 7.6: Coefficient estimates of (a) Multiple sex partners; (b) STI in the past 12

months; (¢) Richer and (d) Older partner > 5 years in describing HIV incidence
using Multiscale Geographically Weighted Regression (MGWR) for the ZDHS

2015 survey year with £1.96 significant areas indicated in colour.

7.4 Discussion

This study explored the spatial heterogeneity and spatial predictors of HIV incidence over
a decade using spatial analytic methods. Notably, in 2005-06, the southern parts of
Zimbabwe had many hot spot districts. These findings can be corroborated by reports that
state that HIV prevalence and incidence is high in the southern parts of Zimbabwe %% 263
264 Zimbabwe's southern region shares borders with Botswana and South Africa.
Botswana and South Africa have been reported in literature to have the highest burden of
HIV in Sub-Saharan Africa 26°. Therefore, we can hypothesise that the districts in the

southern parts of Zimbabwe have the highest burden of HIV since they border with
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nations (South Africa and Botswana) that have also recorded high HIV incidences. One
of the provinces situated in the Southern region is Matabeleland North. Matabeleland
North constitutes of Tsholotsho, Lupane, Nkayi, Bubi and Umguza districts. From our
findings from the MGWR, we observed that Matabeleland North’s HIV incidence rates
are driven by wealth index (Figure 7.5(a)), multiple sex partners (Figure 7.6(a)), STI

(Figure 7.6(b)) and females with older partners (Figure 7.6(d)).

An example of one of the districts with the highest burden of HIV in the southern region
of Zimbabwe is Tsholotsho 263, Tsholotsho is a district situated in Matabeleland North.
Over the ten years considered in this analysis, Tsholotsho remained a constant hot spot
area. It has been reported that in the southern parts of Zimbabwe, Tsholotsho has the
highest burden 2%, Tt has been reported that the key drivers of HIV in Tsholotsho include
high Gender Based Violence (GBV), low condom use, low-risk perception and unequal
power relations 26, In addition, because the district is near the border, high migrations
are experienced, resulting in high levels of couples separating, which drives the HIV
pandemic. Further research into why Tsholotsho has remained a hot spot area for over a
decade is required in order to tailor interventions that effectively transform this district's
HIV burden narrative.

This study also highlighted that the proportion of richer individuals was positively
associated with high HIV incidence rates for all three survey years. The proportion of
individuals richer was obtained from the variable wealth index from the DHS, which is a
composite measure of a household’s cumulative living standard 9+1% A study by Fox
267 indicated that in wealthier countries, poor individuals had a higher risk of HIV
infection, whereas, in poorer countries, individuals who had more wealth were more

likely to be HIV infected. Given Zimbabwe's economic situation, Zimbabwe cannot be
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described as a wealthy nation; therefore, the conclusion that richer individuals are at a
higher risk of HIV infection is applicable to Zimbabwe. Another study by Vinod et al.
revealed that, in most cases, the HIV burden among adults increased monotonically with
wealth 2%, These two findings support our conclusion that areas with a higher proportion
of richer individuals have a higher HIV incidence rate. However, another study by

Gaumer et al. 2%°

suggested that the DHS survey samples may contain an inflated number
of HIV positive individuals surviving in the wealthier group, thus living longer than
poorer individuals, giving the impression that the HIV burden is higher in the richer
group. Whether or not the DHS sampling introduces a bias, policies that target areas with
high wealth index inequalities are required. To sum up, the higher HIV infection rates
among wealthier individuals in Zimbabwe may be the result of complex and intersecting
factors, including perceived low risk, greater economic and social power, and
engagement in high-risk sexual behaviours. Addressing these factors through targeted
HIV prevention and education interventions could help to reduce the spread of HIV in

the country and may be particularly important for wealthier individuals who may have

higher vulnerability to HIV infection.

This study observed that proportions of females with partners five years older than them
were positively associated with an increase in HIV incidence in 2010-11 and 2015.
Unfortunately, we could not test the same covariate in 2005-06 as this variable was not
yet part of the questions asked in the DHS questionnaire. Age-disparate or age-mixing
patterns refer to sexual relationships where the age difference between partners is five
years or greater 27, A national population-based household survey conducted in South

Africa noted that females who resided in rural areas were more likely to have a partner
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who was five years or greater than them compared to females who resided in urban areas
270 Qur findings support this notion as districts with a high proportion of females with
partners > 5 years are rural districts. Additionally, in rural areas, especially poor rural
areas, lack of employment, education and general economic deprivation leads to women
seeking older partners for financial security 2°* 2’!. More investigations are required to
understand the HIV transmission dynamics between living in rural areas and having
partners > 5 years older. This investigation will warrant a tailored response to those

specific areas thereby strengthening already existing HIV programmes.

In our study, we explored both the Multiscale geographically weighted regression
(MGWR) and Geographically weighted regression (GWR). Multiscale geographically
weighted regression (MGWR) is a spatial statistical technique that extends
geographically weighted regression (GWR) by allowing for spatial heterogeneity to be
detected at multiple spatial scales 22, Some of the strengths of the MGWR include
identification of spatially varying relationships between variables more effectively than
GWR because it models these relationships at different spatial scales, providing deeper
insight into the underlying patterns of data 2°4. Secondly, MGWR is highly flexible and
can incorporate a wide range of spatial covariates, including local and global socio-
economic variables, environmental factors, and other spatially related data sets 262, Lastly,
MGWR can be used to project and forecast future spatial patterning, providing insight
into the long-term consequences of policy decisions. However, as with GWR, MGWR
can lead to overfitting and unstable estimates when there are too few observations relative
to the number of explanatory variables. MGWR requires a relatively large amount of data,
adding to the computational demands compared to GWR, and this can sometimes result

in slow performance when working with large and complex data sets. MGWR deals with
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nonstationarity by modelling relationships at different scales ?’!. However, this can also
be seen as a limitation as it can lead to difficulties in interpretation when attempting to

integrate data across multiple scales or when discerning overall patterns in the data.

7.5 Study Limitations.

Although the study contributes significantly to advancing spatial analysis of the HIV
epidemic in Zimbabwe, it has limitations. First, since this was a secondary data analysis
from a cross-sectional study, our results are affected by recall bias and social desirability
since the covariates were self-reported. Secondly, since this was a cross-sectional study
design, we cannot infer causality.

Since we estimated HIV incidence for each district from HIV prevalence, we noted that
the data was not geared for district-level analysis as some districts had very low HIV
prevalence rates, which could have biased the final estimated value. However, since the
results were corroborated with other studies, we believe that the HIV incidence estimates

were not far off from the true estimates.

7.6 Conclusion

Regardless of the limitations, the study found relationships between covariates and HIV
incidence over space. The study disseminated the message that different factors vary from
district to district and over time. Findings from this study could be useful to policymakers
for the purposes of resource allocation in the context of public health programmes. This
study's findings also indicate the need to zoom in on districts like Tsholotsho, which

consistently have a high burden of HIV over time. Interventions that promote partner
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notification when one has an STI especially with multiple sex partners, are encouraged to
help reduce asymptomatic STIs in the districts in turn, this is expected to reduce HIV
incidence rates. This study also recommends policymakers to budget for more
local/district-level analysis than the province to inform policies and strategies for resource

allocation in areas of great need.
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7.7 Supplementary Information

(a) Proportion - STI (b) Proportion - No Condom Use (c) Proportion - Married
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N 0.0334, 0.0401 0.7016, 0.7489 0.6219, 0.6508
0.0401, 0.0456 0.7489, 0.7944 0.6508, 0.6828
0.0456, 0.0554 0.7944, 0.8240 0.6828, 0.7066
® 0.0554,0.0670 ® 0.8240,0.8511 ® 0.7066,0.7406
® 0.0670,0.0804 ® 0.8511,08756 ® 0.7406, 0.7852
® 0.0804,0.0925 ® 0.8756,0.9337 ® 0.7852,0.8375

Fig S1: Choropleth maps for proportions for STI, No condom use and Married for

the 2005-06 ZDHS.
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® 0.3470,0.4006 ® 0.3234,0.3881 ® 0.6521,07050
® 0.4006,0.5494 ® 0.3881,0.4204 ® 07050, 0.7740
® 0.5494, 0.5860 ® 0.4204,0.4812 ® 0.7740,0.8776

Fig S2: Choropleth maps for proportions for Richer, Single and Females with older

partners > 5 years for the 2010-11 ZDHS.

163



Multiplo Sex Partners Coefficient
3 £

(a) Proportion - Multiple Sex Partners

h V4

STI Coofficient

coe
£
g

0.2063,0.3019
03019, 0.3586

0.3586, 0.5446
05446, 0.5740
05740, 06148
0.6148, 0.6507
0.6507, 0.6838
0.6838, 07868

00755, 0.1080

(b) Proportion - STI

¢

Richer Coofficiont
® 0.0001,00278
0.0278, 0.0776

0.0776,0.1295
0.1295, 0.1767
0.1767,02172
02172,02591

04547, 05135

(c) Proportion - Richer

(c) Proportion - Older Partner

Fig S3: Choropleth maps for proportions for Multiple sex partners, STI, Richer and

Females with older partners > 5 years for the 2015 ZDHS.
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(a) GWR: STI - significant coeffients

STI Coefficient
® 0.0022,0.0063
® 0.0063,0.0114
® 0.0114,0.0167
0.0167, 0.0233
0.0233, 0.0304
0.0304, 0.0340
0.0340, 0.0392
0.0392, 0.0437
0.0437, 0.0490
0.0490, 0.0525

(d) MGWR: STI - significant coeffients

STI Coefficient
® -0.0445, 0.0013
. . 0.0559
. , 0.0914

. 0.2730

(b) GWR: No Condom Use - significant coeffients

Condom Use Coefficient
® 0.0065,0.0074
® 0.0074,0.0094
® 0.0094,0.0111

0.0111, 0.0140
0.0140, 0.0177
0.0177, 0.0204
0.0204, 0.0221
® 0.0221,0.0257
® 0.0257,0.0270
® 0.0270,0.0282
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(c) GWR: Married - significant coeffients
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Coefficient estimates of (a,d) STI in the past 12 months; (b,e) No condom

use; and (c,f) Married in describing HIV incidence using GWR & MGWR for the

ZDHS 2005-06 survey year with £1.96 significant areas indicated in colour.
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(a) GWR: STI - all coeffients (b) GWR: No Condom Use - all coeffients (c) GWR: Married - all coeffients

STI Coefficient

Condom Use Coefficient Married Coefficient

@ 0.0022, 0.0063 @ 0.0065, 0.0074 @ 0.0405, 0.0410
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(d) MGWR: STI - all coeffients (e) MGWR: No Condom Use - all coeffients (f) MGWR: Married - all coeffients
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Fig S5: Coefficient estimates of (a,d) STI in the past 12 months; (b,e) No condom

u

; and (c,f) Married in describing HIV incidence using GWR & MGWR for the

ZDHS 2005-06 survey year.
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(a) GWR: Richer - significant coeffients (b) GWR: Single - significant coeffients (c) GWR: Older Partner - significant coeffients
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(d) MGWR: Richer - significant coeffients (e) MGWR: Single - significant coeffients () MGWR: Older Partner - significant coeffients

Z=>

Richer Coefficient
® 0.4890, 0.4960
® 0.4960, 0.5054

Older Partner Coefficient
® 0.0915,0.1046
® 0.1046,0.1350
.

Single Coefficient
® 0.1579,0.1681
® 0.1681,01772

® 05054,0.5223 ® 0.1772,0.1850 0.1350, 0.1709
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Fig S6: Coefficient estimates of (a.d) Richer; (b,e) Single; and (c,f) Older partner >
5 years in describing HIV incidence using GWR & MGWR for the ZDHS 2010-11

survey year
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(a) GWR: Multiple Sex Partners - significant coeffients

Multiple Sex Partners Coefficient
.
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(e) MGWR: Multiple Sex Partners - significant coeffients
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® o
® 0.4497,04591
® 0459104701

Fig S7: Coefficient estimates of (a,e) Multiple sex partners; (b,f) STI in the past 12
months; (¢,g2) Richer and (d,h) Older partner > 5 years in describing HIV incidence

using GWR & MGWR for the ZDHS 2015 survey year with £1.96 significant areas

indicated in colour

(b) GWR: STI - significant coeffients
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(f) MGWR: STI - significant coeffients
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(c) GWR: Richer - significant coeffients
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(g) MGWR: Richer - significant coeffients
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(d) GWR: Older Partner - significant coeffients
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(h) MGWR: Older Partner - significant coeffients
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(a) GWR: Multiple Sex Partners - all coeffients (b) GWR: STI - all coeffients (c) GWR: Richer - all coeffients (d) GWR: Older Partner - all coeffients

Nas
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(e) MGWR: Multiple Sex Partners - all coeffients (f) MGWR: STI - all coeffients (g) MGWR: Richer - all coeffients (h) MGWR: Older Partner - all coeffients

~&
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Fig S8: Coefficient estimates of (a,e) Multiple sex partners; (b,f) STI in the past 12
months; (¢,g2) Richer and (d,h) Older partner > 5 years in describing HIV incidence

using GWR & MGWR for the ZDHS 2015 survey year.
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CHAPTER 8

8.1 DISCUSSION AND CONCLUSIONS

The 90-90-90 UNAIDS fast track targets’ aim was to have zero HIV incidence by 2030,
and this thesis objectives were centred around these targets to help inform the progress
and achieve the 2030 goals. This thesis looked at the 90-90-90 fast track changes instead
of the 95-95-95 track changes, which are now being implemented by the time this thesis
is being submitted. This is because the thesis used data from the DHS, which conducts its
surveys every five years, and for Zimbabwe, the most recent DHS was in 2015, with the
scheduled 2020 survey cancelled because of the COVID pandemic. This thesis objective
was implemented different estimation methods to determine the risk and incidence of
HIV using spatial, statistical and machine learning methods. These methods were applied
to address crucial epidemiological questions such as 1) determining the risk factors of
HIV in Zimbabwe over a decade, 2) quantifying and mapping the HIV hot spots in
Zimbabwe, and 3) ascertaining statistical models which can be used to determine the HIV
incidence using low-cost data. The dataset used in these analyses was from the 2005-2015
Demographic Health Survey. In each of the previous chapters, a comprehensive
discussion of each of the findings was given. This chapter of the thesis focuses on the
main findings and contributions of the research work. These main findings can be grouped
into three thematic areas: HIV risk estimation: Determination of HIV positivity; HIV
incidence modelling; and Spatial regression and HIV hotspot analysis (shown in Figure

1.4).
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8.2 HIV RISK ESTIMATION: DETERMINATION OF HIV

POSITIVITY

Theme 1: Key Summary Points

1. Interval Censoring method is better than the standard survival analysis
in estimating HIV hazard risk

2. Machine learning algorithms have the potential to enhance the
implementation of pre-exposure prophylaxis (PrEP)

3. whether beating was justified or not, if there was Intimate Partner
Violence, there was a higher risk of HIV infection.

4. Being Female, single, living in urban areas, no education/primary level,
had an STI, and being unemployed were risk factors for HIV infection.

In this thesis, through the manuscripts in Chapters 3 and 4, we identified risk factors for
HIV infection. Similar determinants have been found in other studies, however, none of
these studies have used interval-censoring and machine learning methods to determine
the risk while using cross-sectional data. Chapter 3 highlights how interval-censoring is
better at obtaining the hazard risk of HIV infection than the conventional survival analysis
method. In this chapter, we observed that the mean survival age before contracting HIV
was around the early twenties for females and late twenties for males in 2005. However,
the mean survival age for both sexes increased over time (2010 and 2015). The two most
important variables for determining the acquisition of HIV were marital status and sex.

Because of the ability to automatically learn from data with complex structures, machine

learning methods have been found to be of great use in the epidemiological world.
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Utilising these machine learning algorithms in this thesis has allowed us to determine the
prediction capability of machine learning models effectively. In Chapter 4, the XGBoost
algorithm was able to identify the most common features associated with HIV positivity
in both sexes. We also assessed the direction of association between HIV status and the
predictor variables using SHAP plots. The XGBoost algorithm managed to predict one
of the most common risk factors of HIV infection, which has been reported extensively
in literature as having many sexual partners?’>27>. An interesting factor associated with
HIV positivity was that of Intimate Partner Violence. Our results indicated that IPV was
a risk factor for HIV positivity. We noted that by better identifying individuals who are
at high risk of HIV infection, machine learning algorithms have the potential to enhance
the implementation of pre-exposure prophylaxis (PrEP).

Factors like being female, single, living in urban areas, having no education or primary
education, having had an STI and being unemployed were some of the risk factors
observed in Chapter 3. These risk factors can be corroborated by other studies in Sub-

Saharan Africa276-280,
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8.3 HIV INCIDENCE MODELLING

Theme 2: Key Summary Points

1. At the national level comparison, the estimates of the Catalytic and Farrington
models seemed to be similar to the EPP/SPECTRUM estimates.

2. At the sub-national level comparison, the estimates of the Catalytic and
Farrington models seemed to be similar to the Manicaland cohort estimates.

3. A peak in the cohort-specific prevalence and FOI confirms findings of age-
mixing patterns, with the rise of HIV incidence occurring approximately 15 years
earlier in females than males.

4. The triangulation of multiple methods for incidence estimation and
interpretation of results have the potential to improve programmatic and policy
decisions in the national HIV response.

In Chapters 5 and 6, this thesis explored how we could estimate HIV incidence using
serial prevalence data. Chapter 5 focused on age-specific HIV incidence, and Chapter 5
focused on age-specific HIV incidence however, we included birth cohorts in the analysis
as well as time (2005-2015). This thesis wanted to achieve statistical models which can
be used to report HIV incidence while using low-cost data and provide estimates which
can be triangulated with other estimates from models already used in Zimbabwe. In
Chapter 5, we explored whether a model that considered differential mortality (Catalytic
model) produced similar estimates to a model that did not consider differential mortality
(Farrington model). These two models were then compared to estimates from UNAIDS
and a cohort in Manicaland. This comparison was done on a micro and macro bases,
which gave us an idea of whether the models under investigation could estimate HIV

incidence on a smaller or larger scale. Results showed the estimates of the two models
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were substantially similar regardless of their difference in the differential mortality
assumption. Again, at the national and sub-national levels, the estimates of the two
models were similar to the UNAIDS and cohort estimates. Because of the similarities in
these estimates, we concluded that triangulation of multiple methods for incidence
estimation and interpretation of results was required to improve programmatic and policy
decisions in the national HIV response.

Chapter 6 estimated the age- and time- HIV prevalence and force-of-infection. The
inclusion of the time component ensured that we did not assume the force-of-infection to
be stationary over time. Results from Chapter 6 indicated the issue of age-mixing patterns,
where the HIV incidence peaked approximately 15 years earlier for females and later for
males. This potentially can become a problem as HIV transmission can happen across

birth cohorts, which can lead to persistence of the HIV epidemic in Zimbabwe.
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8.4 SPATIAL REGRESSION AND HIV HOT SPOT

ANALYSIS

Theme 3: Key Summary Points

1. Over the ten years considered in this analysis, Tsholotsho, a district
situated in the southern region of Zimbabwe in Matabeleland North
remained a constant hotspot area.

2. This study's findings also indicate the need to zoom in on districts like
Tsholotsho, which consistently have a high burden of HIV over time.

3. Proportions of females with partners five years older than them were
positively associated with an increase in HIV incidence in 2010-11 and
2015 especially in the rural areas.

4. This study also highlighted that the proportion of richer individuals was
positively associated with high HIV incidence rates for all three survey
years in 2010-11

In Chapter 7, we explored ways in which we could investigate the different hot spots and
cold spots of HIV incidence in Zimbabwe. This was achieved by doing a hot spot analysis
which has the capability to find clusters which influence the response variable greatly.
One of the interesting findings was how Tsholotsho district remained a hot spot area in
all the years under investigation in this thesis. One of the results from Chapter 7 was the
issue of age-mixing patterns or age-disparate relationships which was also confirmed by
results obtained in Chapter 6. Chapter 7 analysis and results uncovered that most of the
age-mixing patterns were frequent in rural districts than urban districts. The outcry on
age-mixing patterns is their influence in the fuelling the risk of HIV infection. This is
mainly as mentioned by other studies 2°% 27!, because of lack of education, employment

and financial stability, females tend to seek older partners for financial security.
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Therefore, one of the conclusions that can be made to reduce the incidence of age-mixing
patterns that fuel the risk of HIV infection is to advocate for programmes that educate the
girl child on financial emancipation as well as risks of HIV infection especially in rural
areas.

The study also highlighted how richer individuals based on the DHS wealth index, were
at an increased risk of HIV infection. It has been noted by Fox 27 that countries which
are wealthier will have the poorer individuals at risk of HIV infection, however for the
poorer countries, the flip side is true, as individuals who are wealthier are more at risk of
HIV infection. This theory holds true for Zimbabwe, since the economic situation in
Zimbabwe does not put it as one of the wealthier countries, hence you will notice, as
supported by our findings that richer/wealthier individuals are at an increased risk of HIV

infection.

8.5 STRENGTHS AND LIMITATIONS OF THE STUDY

The thesis had both strengths and limitations, which will be discussed in the following
section under these four subheadings:

1. Variable recall and selection bias

2. DHS data, representativeness, and generalisability

3. Missing data handling

4. Analysis and Computing

8.5.1 Variable Recall and Selection Bias

Having an accurate assessment of HIV risk behaviours is essential to be able to describe

and predict trends, identify population at risk, evaluate the effectiveness of interventions
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and advocate for support to develop policies and programs. However, the assessment of
the HIV risk behaviours is complex owing to the stigmatisation associated with the
disease and sometimes the illegal nature of some of the sexual behaviours. This
complexity, in turn, will influence the individual’s self-reports as well as recall bias.
Variables like time since last sex, age of last sexual partner, age at first sex, which were
used in some of the analyses in Chapters 3, 4 and 7 and many more, are subject to recall
bias. In general, virtually all information collected in the DHS surveys is subject to
reporting and recall biases. However, because some of our conclusions (Chapters 3, 4 and
7) were similar to what was already in literature, we considered that this bias did not have

that much of an effect on our results.

Regarding selection bias, it has been reported that the HIV biomarker response rate for
the Demographic Health Survey has been high as 30%. Therefore, when participants and
non-participants differ with respect to HIV status, naive use of the prevalence data from
the survey yields biased results. In most cases, individuals who decline to be tested are
those who might be aware of their HIV status and would want to avoid unnecessary re-
testing. Also, those who do not know their status but suspect they are positive might also
decline being tested, fearing disclosure or stigmatisation. This participation selection
might have caused overestimation or underestimation of the estimates (Chapters 5 and 6)
reported in this study, however, again, our results were not significantly different from

the UNAIDS estimates and the cohort estimates reported in Chapter 5.
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8.5.2 DHS Data, Representativeness, and Generalisability

One of the main strengths of this study was the ability of the dataset set used to be
representative of the general population. The way the DHS is carried out ensures that
regions, districts and even wards can be directly comparable without any issues, given
the standard sampling strategies. As a result, the DHS surveys provide a global,
comparative, high-quality database on a wide range of health indicators. Furthermore, the
period (2005-2015) covered in this study was very long, allowing us to evaluate changes
over time exhibited in the results obtained in Chapters 3, 5, 6 and 7. In addition, using
individual data enabled exploration and adjustment for individual-level covariates

associated with HIV, which is impossible with aggregated data.

One of the most significant limitations of this study is the failure to model the different
impacts associated with the introduction of ART and the changes in the guidelines on
ART over time. In addition, DHS surveys have yet to incorporate the use of ART in their

questionnaire, hence in all the analyses, the effect of ART was not included.

8.5.3 Missing Data Handling

Missing data was a major challenge in our analysis, and how we dealt with missing data
in our analysis differed depending on the objective. However, in Chapter 4, we used the
MICE imputation to impute any missing values. We assumed that the missingness was
Missing at Random. Before the imputation procedure, variables with more than 30%
missingness were excluded from the analysis. The way we handled missingness in
Chapter 4 might have influenced the results we obtained. For the other Chapters, we only

excluded those individuals with no HIV test results, which might have increased selection
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bias, as discussed above. However, since we established that our results were similar to
what was already in literature, we assumed that this bias had no significant repercussions

on our results and conclusions.

8.5.4 Analysis and Computing

One of the strengths of this thesis was the ability to explore different statistical techniques
which have not been used in HIV modelling. For example, in Chapter 3, interval
censoring has not been used to the best of our knowledge to compute the hazard risk of
HIV infection while using survey data. This thesis explored this modelling strategy,
producing results significantly similar to what was reported in literature. In Chapter 4, the
extensive coding required (from data pre-processing to evaluation) to estimate HIV
positivity using machine learning algorithms was time intensive. Chapter 5 explored
using the Farrington model to estimate HIV incidence. The Farrington model in literature
has been used to model the force-of-infection of other infectious diseases other than HIV,
and the results turned out to be similar to the Catalytic model, which has been used to
estimate HIV incidence. This is an advantage since not many models are available in
literature that estimates HIV incidence using survey data. Chapter 6 estimated the cohort-
specific force-of-infection which made use of generalised additive models (GAM).
Lastly, Chapter 7, explored the local/district spatial patterns of HIV incidence in
Zimbabwe over the 10-year period between 2005-2015 using Multiscale Geographically
Weighted Regression (MGWR) to account for nonstationarity between response (HIV
incidence) and predictor variables.

The statistical analysis techniques used in this thesis were very rigorous and helped

explore challenging statistical modelling fields beyond my comfort zone. The software

178



used in the thesis analysis included R software, STATA, Python, ArcGIS and WinBugs.
In general, the design of our study, that is, the cross-sectional nature of our dataset, limited
us to discuss associations without extending these to causality. In addition, we could only
use variables provided in DHS and faced the problem of not being able to include

important variables like ART initiation and usage to support our explanations.

8.6 CONCLUSION

Throughout the thesis, the most common conclusion in all the manuscripts was the issue
of age-mixing patterns and the risk of HIV infection being high among females. In
Chapters 5 and 6, we observed that HIV incidence peaks approximately 15 years earlier
in females than males, suggesting a possibility of age-mixing patterns. This strengthens
the need to explore these groups in-depth to establish causal effects that might better

inform policy.

In Chapter 2, the use of machine learning methods will help with the detection of socio-
behavioural HIV detection as well as improving screening procedures in limited resource
settings using low-cost data. Also, if programmes targeted at HIV testing could
incorporate machine learning approaches, high-risk individuals would be identified
adequately and promote the use of PrEP more effectively. However, further research is
required to integrate and implement the use of machine learning methods in a real-world

primary-care context.
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8.7 IMPLICATIONS FOR INTERVENTIONS AND

POLICY

When reporting the progress of the HIV epidemic in Zimbabwe, only the estimates
obtained from the UNAIDS EPP/SPECTRUM are used in the national report. However,
to improve programmatic and policy decisions in the national HIV response, we
recommend the triangulation of multiple methods for identifying groups and clusters at
high risk as well as reporting the HIV prevalence and incidence. Reporting results from
multiple estimation approaches in the national report should be considered to reduce
uncertainty in the general interpretation of results, resulting in giving policy conclusions
and recommendations that are generated from an extensive triangulation of different
methods obtained using different datasets and assumptions.

Policy recommendations for each manuscript include: 1) recommending interventions
targeted at females with less than primary level of education living in urban areas who
are unemployed and have a history of STI (Chapter 3); 2) integrating machine learning
approaches in primary health care will help in identifying at high-risk groups and
subsequently the effective implementation of PrEP (Chapter 4); 3) to improve
programmatic and policy decisions in the national HIV response, we recommend the
triangulation of multiple methods for incidence estimation and interpretation of results
(Chapter 5); 4) introduce effective interventions that would include programmes that
increase financial and female independence risk perception and engage men to change
sex norms that favour dialogue between partners (Chapter 6); and the findings of this
study also point to the need to focus on districts like Tsholotsho, which persistently had
a high HIV burden throughout time. Interventions that promote partner notification when

one has an STI especially with multiple sex partners, are encouraged to help reduce
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asymptomatic STIs in the districts in turn, this is expected to reduce HIV incidence rates.
This study also suggests that policymakers budget for more local/district-level analysis
than the province to inform policies and strategies for resource distribution in high-need

areas (Chapter 7).

In conclusion, this study was motivated by the need to attain zero HIV incidence by 2030
according to the UNAIDS 90-90-90 fast track targets. Therefore, the aim was to
understand how HIV risk factors influence the epidemic and track how the epidemic has
been improving over time by estimating the HIV incidence in different age groups.
Despite all the efforts that have been made to achieve the UNAIDS targets at the country
level, a comprehensive HIV response is still a requirement in the fight against HIV to

attain the global target of zero HIV incidence by 2030.

8.8 SCOPE FOR FUTURE RESEARCH

The main limitation of this study was the minimum variables available in the DHS data
to explain the risks and changes in HIV incidence. For example, this study did not
incorporate a variety of factors, including ART initiation dates for those infected, policy
changes on ART dose administration, ART adherence patterns, CD4 cell counts and viral
load of those infected, HIV interventions implemented in different parts of the country,
and so many other variables which could clearly explain the HIV epidemic over time.
Therefore, going forward, further studies incorporating many datasets from different
sources to estimate the HIV incidence will strengthen the evidence on the risks and trends
found in this study, as well as subsidising data not available in DHS to explain the

epidemic.
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Modelling approaches did not fully account for mortality associated with HIV, therefore,
further studies should include data with comprehensive mortality details specifically

associated with HIV to improve the estimation of HIV prevalence and incidence.
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Appendix 1: Papers Under Review-Reviewer Comments

PAPER 2

Dear Editor,

This is the response to reviewers addressing each reviewer’s comments. These are
presented in a tabular format. I have added more information to what has been submitted
now. | have included analysis of the best algorithm per survey year to get a picture of how

factors associated with HIV positivity change over time.
Yours sincerely,

Rutendo
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Review report 1

General review

The authors researched a very relevant and novel domain. The content reads logically and

it kept the reader’s attention very easily. One of the strong points of this paper is the

authors’ ability to critically analyse and consolidate arguments and viewpoints.

Objectivity towards all viewpoints was visible, but the perceptive insight with which

literature was discussed was quite noticeable. The paper is assembled and presented in an

outstanding structure, that exhibits an overall coherence and the rationale for the chosen

structure is articulated exceptionally well and is sustained throughout the remainder of

the work. The language register employed in the manuscript is excellent for this level of

study, and language usage is therefore on a high scientific standard.

Points of concern and suggestions are listed below:

Comment

Line number comment

effected

Keywords should be in alphabetic order

Keywords sorted

alphabetically 1.42-43

In the abstract, the authors state that “Furthermore, compared to
traditional regression approaches, machine learning uncovered patterns
in predicting HIV infection with comparatively reduced uncertainty and,
therefore, crucial for effective decisionmaking.” I suggest removing
the term regression approaches to statistical approaches.

Term replaced with statistical
approaches L39

(98]

Be consistent with the use of the term percentage or “%”.

This has been rectified

Authors need to specifically mention that this was a supervised
machine learning binary classification problem.

Please see L144

The methodology section should state that this was a
retrospective cross sectional study that employed secondary
data analysis. One suggestion would be to have sub sections
like study design, population, ML models etc. in the
methodology.

Study design L108
ML models L143
Variable Selection L162

Line 141, the authors stated that “Due to the unequal class
distribution of the classification variable...” I suggest that the
authors mention the class imbalance in ratio terms of majority:

Class imbalance ratio has
been included L156
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minority and explore the use of data balancing strategies to
address such, using strategies like SMOTE or ROSE. I will be
interested in getting the new results.

thus between 0 and 1 inclusively. They have to apply feature
scaling to avoid bias in the results.

7. Also if the authors used age as a predictor, how was it scaled | This is already specified in
to be within the same magnitude with the outcome variables, | L132 & L141-142

purposes. What percentage was for validation e.g. testing 10% | 140
and validation 10%?

8. The authors state that the 20% of the data was used for testing | This is also stated in L139-

0. The authors can include a summary table of the selected hyper | Table included
parameters for each model. supplementary data

n

NB: Additionally, authors can explore with geographical mapping to investigate if
certain areas are prone to HIV or not, obviously driven by the socio-economic status.

This might be an interesting investigation.

Review Report 2

Title: Predicting HIV infection in the decade (2005- 2015) pre-COVID-19 in Zimbabwe:

A supervised classification-based machine learning approach.

Submission ID: PDIG-D-22-00273

This manuscript presented a research study by utilizing data from three ZDHS HIV test
results and the datasets from adult interviews and claimed to determine common risk
factors of HIV positivity (to identify individuals with a higher likelihood of HIV
infection) in Zimbabwe between the decade 2005 to 2015 and found that the ML
algorithm XGBoost has the best classification performance. This manuscript is well
written and presented except few things. Following are my comments to consider and

address:
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Comment

Line number comment
effected

“Introduction” section should be increased and previous research
findings should be discussed in more detail, followed by mentioning
previous research limitations and then possible solution or
improvement proposed in this study.

This has been effected,
see L&7-104

Line 88-90: “Although a few studies have been conducted on future
HIV prediction....” and Line 252-254: “Although there have been a
few studies utilizing machine learning techniques”™— The cited
references [2], [15], [16], [17], [18], etc. have used machine
learning to predict HIV, so it is not clear that have the researchers
done something different or achieved some better results compared
to the results of the cited references? If they have achieved better
results, then this sentence should be modified accordingly. Also,
“routinely collected survey data” should be explained with respect
to the process, frequency, etc.

This has been added
and explained in L87-
104

Despite a number of other researchers also have published work
using machine learning methods to predict HIV using Demographic
Health Survey (DHS) data in Zimbabwe, why authors claim to be
first in this study, please justify the claim?

This has been added
and explained in L87-
104

Train, test and validation procedure: this section should include
about the basis of data split, training dataset, validation dataset and
testing dataset, how models were trained and other related
information. Also, how data (information) leakage was avoided
during training and validation phase?

Data split, training,
testing and validation

has been explained
under subsection:
Train, Test and

Validation Procedure.
See L134-1142.

Data information
leakage was avoided
by performing k-fold
cross-validation,
which  has  been
recommended as one
of the best ways to get
rid of data leakage.
L141

Line 137-138: “Each of the best three models by....”— It is not clear
what does the author mean by averaging the best 3 models?
Wouldn’t it compromise the best performing model?

The three models
mentioned are for each
survey year. The
sentenced has been
further clarified. See
L152

This work seems highly motivated from the references [2] and [38]
with respect to the methodology and their results also found
XGBoost algorithm performed better. Author must discuss about
the differences and compare the results.

This has been added,
see L306-312
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7. Authors should also discuss about other studies which have
concluded that child head families are at the more risk of HIV
infection. Did the authors also consider other causes of HIV
infections such as blood transfusion?

References to that
statement have been
inserted. See L267

8 However, the figures are exported with 300dpi, figures quality can
be further improved. Please use high resolution clear images and to
insert, follow the journal’s guidelines

I have ran the figures
using the journal
transformation
application (PACE). I
also noticed that if you
download the
manuscript the figures
inserted at the end are
blurry, therefore there
is need to download
the Figure on the
manuscript using the
download icon at the
top of the inserted
figure.

9. Line 283-288: Authors should clearly explain and discuss in more
detail about how patriarchal and hypermasculist culture, physical
violence, etc. attributed as a valid cause of HIV infection?

This statement was a
reference from a
previous study which
was cited in text.

Overall, this manuscript is well written and presented but still require some improvement

to clearly express the research findings and justify their claim.
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PAPER 3

Dear Editor,

Below in tabular form are the reviewer comments and how they were addressed. In

your email, you stated why we did not use the ZIMPHIA data. ZIMPHIA is also a cross-

sectional study just like the DHS and we felt that including a survey similar to what we

already had was redundant. The ZIMPHIA data available is for year 2015-16 and we

already have the 2015 DHS dataset, again, we felt this is more or less similar data obtained

from the same population. However, information regarding ZIMPHIA data has been

included in the introduction and discussion sections.

Reviewer #1: Reviewer’s Comments

How Reviewer’s Comment was
addressed.

Summary

I appreciate the opportunity I have to review for this HIV incidence
modeling article in Zimbabwe. Comparing different modelling
methods and comparing the variability is a good study which will
enhance the validity of the models used in estimations like this. The
authors’ results and conclusions are quite informative and good for
decision making by estimators and implementers of HIV intervention
in Zimbabwe

No address needed on this comment.

Cover page

* The title clearly depicts the research that was carried out

* Each author’s contribution was clearly stated, and corresponding
author’s contact is clear.

No address needed on this comment.

Abstract
* The abstract showed clearly the work done briefly and concisely.

No address needed on this comment.

Introduction

* The introduction was well written and introduced the readers to the
need to want to find out what the authors found out.

* The objectives are well stated at the end of the introduction

No address needed on this comment.

Methods and Materials

* This is a well-designed method and clearly written for others to
replicate

* Definitions of each of the 2 predictive models are well clearly stated

No address needed on this comment.
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Results
* Results are well written but Figure 4 is not clear: the sizes are small
and the picture is pixelating

Figure 4 was redone and run through
PACE.

Discussion
* The discussion is well written and provides the necessary reasoning
behind the results of the study

No address needed on this comment.

Conclusion

* Provides answers to the objectives

* The recommendations made by the authors is appropriate for the
study

No address needed on this comment.

References
* The references are complete and well cited

No address needed on this comment.

Recommendation
* Accept

Reviewer #2: Reviewer’s Comments

The authors have not taken into account the latest Literature on HIV
Incidence in Zimbabwe. There is lack of clarity around Prevalence and
Incidence- sweeping statements in introduction highlight this lack of
clarity. Lack of Reference to ZIMPHIA data and other work done in
Zimbabwe on estimation of HIV Incidence is particularly worrisome.

A paragraph was added to this effect.
Please see line 48-60. ZIMPHIA data
has been referenced in the paragraph.

The Discussion and conclusion present themselves as an academic
exercise rather than a publication presenting new and useful data

The Discussion section attended to so
as to incorporate reviewer comments. It
was presented in a way that, we firstly
discussed the validation procedure see
line, then moved on to some of the
limitations and strengths of our models,
thirdly, we discussed potential biases,
lastly, we contextualised the results.

The conclusion included
recommendations to policy makers
based on the models as well as
contextual.

If there is any other information the
reviewer wants us to remove or add to
strengthen the paper, may they please
advise and we will do as they
recommend.
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Appendix 2: Papers Analysis Scripts/Codes
PAPER 1

RCode

setwd("/Users/rutendozivai/Desktop/Frontiers Public health")
read.csv("/Users/rutendozivai/Desktop/fontiersdAta_intervall.csv")
library(icenReg)

library(foreach)

library(doParallel)
attach(fontiersdata_intervall)

Inspecting model fit

###### 1. Examining Baseline Distributior
quartz(width=10, height=10)
par(mfrow=c(2,2))

diag_baseline(cbind(left, right) ~ year, model = "po", data = fontiersdata_intervall, dists =
c("exponential”, "weibull", "loglogistic", "gamma"), lgdLocation = "topright")
diag_baseline(cbind(left, right) ~ year + sex + maritalstatus + sti + v@25 + education + v714 +
sexpartners, model = "ph", data = fontiersdata_intervall, dists = c("exponential”, "weibull",
"loglogistic", "gamma"), lgdLocation = "topright")

Fitting Models using icenReg

1. Non-parametric models
###t##non-parametric maximum likelihood estimator (NPMLE) can be fit using
ic_np

np_fit = ic_np(cbind(left, right) ~ year, data = fontiersdata_interval2_males)
plot(np_fit, col = c('blue', 'orange', 'red'), xlab = 'Time', ylab = 'Estimated Survival')

3. Parametric Models
####We can fit parametric models in icenReg using the ic_par function

fontiersdata<- read.csv("/Users/rutendozivai/Desktop/ /fontiersdata_intervall_2005.csv")
library(icenReg)

library(foreach)

library(doParallel)

attach(fontiersdata_intervall_2005)

mle_fit <- ic_par(cbind(left, right) ~ relevel(sex, ref="female") + relevel(maritalstatus, ref
="pever married") + relevel(sti, ref="no") + relevel(v@25, ref="urban") + relevel(education,

ref="no edu/primary"”) + relevel(sexpartners, ref="0") + relevel(v714, ref="no"), model = "ph",
dist = "weibull", data = fontiersdata_intervall_2005)

summary(mle_fit)

mle_fit

coef(mle_fit)
exp(confint(mle_fit))

quartz(width=10, height=10)
par(mfrow=c(2,3))

fontiersdata_intervall_2005$sex <-as.factor(fontiersdata_intervall_2005$%sex)

cols <- c("maritalstatus"”, "sti", "v@25" , "education" , "sex" , "sexpartners", "v714")
fontiersdata_intervall_2005[cols] <- lapply(fontiersdata_intervall_2005[cols], factor)
sapply(fontiersdata_intervall_2005, class)

newdata <- data.frame(sex=c("female", "male"))

rownames (newdata) <- c('female', 'male')

plot(mle_fit, newdata, lgdLocation = "topright")

3. Parametric Models 201
####We can fit parametric models in icenReg using the ic_par function
rm(list=1s(all=TRUE))

detach(fontiersdata_intervall)
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detach(fontiersdata_intervall_females)
detach(fontiersdata_intervall_males)
detach(fontiersdata_interval2)
detach(fontiersdata_interval2_females)
detach(fontiersdata_interval2_males)
detach(fontiersdata_intervall_2005)
detach(fontiersdata_intervall_2010)
detach(fontiersdata_intervall_2015)
rm(list=1s(all=TRUE))

fontiersdata_interval2_2010<- read.csv("/Users/rutendozivai/Desktop/Frontiers Public
health/fontiersdata_interval2_2010.csv")

library(icenReg)

library(foreach)

library(doParallel)

attach(fontiersdata_interval2_2010)

mle_fit <- ic_par(cbind(left, right) ~ relevel(sex, ref="female") + relevel(maritalstatus, ref
="pever married") + relevel(sti, ref="no") + relevel(v@25, ref="urban") + relevel(education,

ref="no edu/primary"”) + relevel(sexpartners, ref="0") + relevel(v714, ref="no"), model = "ph",
dist = "weibull", data = fontiersdata_interval2_2010)

summary(mle_fit)

mle_fit

coef(mle_fit)
exp(confint(mle_fit))
plot(mle_fit, newdata, lgdLocation = "topright")

3. Parametric Models 2015
####We can fit parametric models in icenReg using the ic_par function
rm(list=1s(all=TRUE))

detach(fontiersdata_intervall)

detach(fontiersdata_intervall_females)
detach(fontiersdata_intervall_males)

detach(fontiersdata_interval2)

detach(fontiersdata_interval2_females)
detach(fontiersdata_interval2_males)
detach(fontiersdata_intervall_2005)
detach(fontiersdata_intervall_2010)
detach(fontiersdata_intervall_2015)

rm(list=1s(all=TRUE))

fontiersdata_interval2_2015<- read.csv("/Users/rutendozivai/Desktop/Frontiers Public
health/fontiersdata_interval2_2015.csv")

library(icenReg)

library(foreach)

library(doParallel)

attach(fontiersdata_interval2_2015)

mle_fit <- ic_par(cbind(left, right) ~ relevel(sex, ref="female") + relevel(maritalstatus, ref
="pever married") + relevel(sti, ref="no") + relevel(v@25, ref="urban") + relevel(education,

ref="no edu/primary"”) + relevel(sexpartners, ref="0") + relevel(v714, ref="no"), model = "ph",
dist = "weibull", data = fontiersdata_interval2_2015)

summary(mle_fit)

mle_fit

coef(mle_fit)
exp(confint(mle_fit))
plot(mle_fit, newdata, lgdLocation = "topright")

#it#### CHANGING TO INFINITE

fontiersdata_intervall$right[is.na(fontiersdata_intervali$right)]<-Inf

H#iHHHHHHEHImod el inspection#itt#iiHE

rm(list=1s(all=TRUE))

detach(fontiersdata_interval2_2005)

library(icenReg)

library(foreach)

library(doParallel)

fontiersdata_interval2_2005 <- read.csv("/Users/rutendozivai/Desktop/
/fontiersdata_interval2_2005.csv")
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attach(fontiersdata_interval2_2005)
fontiersdata_interval2_2005$right[is.na(fontiersdata_interval2_2005%$right)]<-Inf
fontiersdata_interval2_2005$sex <-as.factor(fontiersdata_interval2_2005$%sex)

cols <- c("maritalstatus"”, "sti", "v@25" , "education" , "sex" , "sexpartners", "v714")
fontiersdata_interval2_2005[cols] <- lapply(fontiersdata_interval2_2005[cols], factor)
sapply(fontiersdata_interval2_2005, class)

newdata <- data.frame(sex=c("female", "male"))

rownames (newdata) <- c('female', 'male')

quartz(width=8, height=8)

par(mfrow=c(1,3))

ttt##model inspection##t#iiii

###### 1. Examining Baseline Distributior
#diag_baseline(cbind(left, right) ~ year, model = "ph", data = combinedHIVfinal, dists =
c("exponential”, "weibull", "loglogistic", "gamma"), lgdLocation = "topright")
diag_baseline(cbind(left, right) ~ sex + maritalstatus + sti + v@25 + education + v714 +
sexpartners, model = "ph", data = fontiersdata_interval2_2005, dists = c("exponential”,
"weibull", "loglogistic", "gamma"), lgdLocation = "topright")

##HH i #H##H#Survival Curves

library(survival)
library(ranger)
library(ggplot2)
library(dplyr)
library(ggfortify)

km_trt_fit <- survfit(Surv(time, status) ~ sex, data=fontiersdata_diagvisit_2005)
A=autoplot(km_trt_fit, x1im=c(14,50),ylim=c(0,1))
detach(fontiersdata_diagvisit_2005)

library(survival)

library(survminer)

library(SurvRegCensCov)

km_trt_fitl <- survfit(Surv(diagtime, status) ~ year, data=datal)

km_trt_fit2 <- survfit(Surv(midtime, status) ~ year, data=datal)
#datal$right[is.na(datal$right)]<-Inf

km_trt_fit3 <- survfit(Surv(left, right, type="interval2")~ year, data =datal)

# Combine on the same plot

fit <- list(SurveyVisit = km_trt_fitl, Midpoint = km_trt_fit2, Interval = km_trt_fit3)
quartz(width=15, height=15)

ggsurvplot_combine(fit, x1lim=c(14,50),ylim=c(0,1), datal)

library(survival)

library(SurvRegCensCov)
datal=read.csv("/Users/rutendozivai/Desktop/Frontiers Public health/fontiersdata_alltimes.csv")
datal$right[is.na(datal$right)]<-Inf

quartz(width=15, height=15)

par(mfrow=c(1,3))

a=WeibullDiag(Surv(diagtime, status) ~ year, data=datal)

b= WeibullDiag(Surv(midtime, status) ~ year, data=datal)
c=WeibullDiag(Surv(left, right, type="interval2") ~ year, data=datal)
quartz(width=15, height=15)

par(mfrow=c(1,3))

plot(a)

plot(b)

plot(c)

fontiersdata_interval2_2005$right[is.na(fontiersdata_interval2_2005%$right)]<-Inf
fontiersdata_interval2_2010$right[is.na(fontiersdata_interval2_2010$right)]<-Inf
fontiersdata_interval2_2015$right[is.na(fontiersdata_interval2_2015%$right)]<-Inf
quartz(width=15, height=15)

par(mfrow=c(3,3))

WeibullDiag <- function(formula, data = parent.frame(),
labels = names(m$strata))

{
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m <- survival::survfit(formula, data = data)
if(!"strata" %in% names(m)) stop("No strata detected. No plot will be produced.")
cp <- 1l:length(m$strata)
plot(m, fun = "cloglog",
col = cp, 1ty = cp, lwd = 2, mark.time = FALSE,
xlab = "Survival Time (log scale)", ylab = "Log Cumulative Hazard",
main = "Weibull Regression\nDiagnostic Plot", xlim = c(15,50), ylim = c(-10, 2)

legend("topleft", legend = labels, col = cp,
lwd = 2, 1ty = cp,
bty = "n")
pCH <- list(x = log(m$time), y = log(-log(m$surv)),
strata = rep(names(m$strata), m$strata))

WeibullDiag(Surv(time, status) ~ sex, data=fontiersdata_diagvisit_2005)
WeibullDiag(Surv(time, status) ~ sex, data=fontiersdata_diagvisit_2010)
WeibullDiag(Surv(time, status) ~ sex, data=fontiersdata_diagvisit_2015)

WeibullDiag(Surv(time, status) ~ sex, data=fontiersdata_midpoint_2005)
WeibullDiag(Surv(time, status) ~ sex, data=fontiersdata_midpoint_2010)
WeibullDiag(Surv(time, status) ~ sex, data=fontiersdata_midpoint_2015)

WeibullDiag(Surv(left, right, type="interval2") ~ sex, data=fontiersdata_interval2_2005)
WeibullDiag(Surv(left, right, type="interval2") ~ sex, data=fontiersdata_interval2_2010)
WeibullDiag(Surv(left, right, type="interval2") ~ sex, data=fontiersdata_interval2_2015)

library(survival)

library(MASS)

datal=read.csv("/Users/rutendozivai/Desktop/Frontiers Public health/fontiersdata_alltimes.csv")
plot(survfit(Surv(left, right, type="interval2")~ year, data =datal, fun="cloglog"))

fit.weib= survreg(Surv(midtime,status) ~ year, dist="weibull", data=datal)
qq.reg.resid.s(datal,datal$midtime,datal$status,fit.weib, "qweibull","standard extreme value
quantiles")

I0ODEL GOODNESS OF FIT

library(survival)

quartz(width=12, height=12)

par(mfrow=c(3,3))
fontiersdata_interval2_2005$right[is.na(fontiersdata_interval2_2005%$right)]<-Inf
fontiersdata_interval2_2010$right[is.na(fontiersdata_interval2_2010$right)]<-Inf
fontiersdata_interval2_2015$right[is.na(fontiersdata_interval2_2015%$right)]<-Inf
## Overplot estimation from Cox regression by Efron method

cox.null <- coxph(Surv(time, status) ~ 1, data=fontiersdata_diagvisit_2005)
plot(survfit(cox.null), x1lim=c(15,50), ylab="S(t)", xlab = "time")

## Parametric estimation with Weibull distribution
weibull.null <- survreg(Surv(time, status) ~ 1, data=fontiersdata_diagvisit_2005, dist =
"weibull")
lines(x = predict(weibull.null, type = "quantile", p = seq(©.01, 0.99, by=.01))[1,],

y = rev(seq(0.01, 0.99, by = 0.01)),

col = "red")
legend(x = "topright", legend = c("Semi-parametric"”, "weibull"),

col=c("black", "red"), lty=1:1)

fontiersdata_interval2_2005$right[is.na(fontiersdata_interval2_2005%$right)]<-Inf
fontiersdata_interval2_2010$right[is.na(fontiersdata_interval2_2010$right)]<-Inf
fontiersdata_interval2_2015$right[is.na(fontiersdata_interval2_2015%$right)]<-Inf

fitl=psm(Surv(time, status)~relevel(sex, ref="female") + relevel(maritalstatus, ref ="never
married") + relevel(sti, ref="no") + relevel(residence, ref="urban") + relevel(education,
ref="no edu/primary") + relevel(sexpartners, ref="0") + relevel(employed, ref="no"
dist="weibull", data = fontiersdata_diagvisit_2005)
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fit2=psm(Surv(time, status)~relevel(sex, ref="female") + relevel(maritalstatus, ref ="never
married") + relevel(sti, ref="no") + relevel(residence, ref="urban") + relevel(education,
ref="no edu/primary"”) + relevel(sexpartners, ref="0") + relevel(employed, ref="no"),
dist="weibull", data = fontiersdata_diagvisit_2010)

fit3=psm(Surv(time, status)~relevel(sex, ref="female") + relevel(maritalstatus, ref ="never
married") + relevel(sti, ref="no") + relevel(residence, ref="urban") + relevel(education,
ref="no edu/primary"”) + relevel(sexpartners, ref="0") + relevel(employed, ref="no"),
dist="weibull", data = fontiersdata_diagvisit_2015)

plot(anova(fitl), margin=c("chisq", "d.f.", "P"
plot(anova(fit2), margin=c("chisq", "d.f.",
plot(anova(fit3), margin=c("chisq", "d.f.", "P"))

fitl=survreg(Surv(time, status)~relevel(sex, ref="female") + relevel(maritalstatus, ref ="never
married") + relevel(sti, ref="no") + relevel(residence, ref="urban") + relevel(education,
ref="no edu/primary") + relevel(sexpartners, ref="0") + relevel(employed, ref="no"
dist="weibull", data = fontiersdata_diagvisit_2005)

fit2=survreg(Surv(time, status)~relevel(sex, ref="female") + relevel(maritalstatus, ref ="never
married") + relevel(sti, ref="no") + relevel(residence, ref="urban") + relevel(education,
ref="no edu/primary") + relevel(sexpartners, ref="0") + relevel(employed, ref="no"
dist="weibull", data = fontiersdata_diagvisit_2010)

fit3=survreg(Surv(time, status)~relevel(sex, ref="female") + relevel(maritalstatus, ref ="never
married") + relevel(sti, ref="no") + relevel(residence, ref="urban") + relevel(education,
ref="no edu/primary") + relevel(sexpartners, ref="0") + relevel(employed, ref="no"
dist="weibull", data = fontiersdata_diagvisit_2015)

P"))
"P"))

CSRplot(fit1)
CSRplot(fit2)
CSRplot(fit3)

STATA DO-FILE

*A*AXAKDIAGNOSTIC 2005%*****

3 3k 3k ok 3k sk ok 3k 3k 3k 3k 3k ok ok ok sk ok sk ok 3k ok 3k ok 3k ok %k k %k

clear

use "/Users/rutendozivai/Desktop/resubmission/dat2ee5.dta"
encode residence, gen(residencel)

encode employed , gen(employedl)

encode sex, gen(sexl)

encode maritalstatus , gen(maritalstatusl)

encode education, gen(educationl)

encode sexpartners, gen(sexpartnersl)

encode sti, gen(stil)

stset time, failure(status)

streg i.sex1l i.maritalstatusl i.stil i.residencel i.educationl i.employedl i.sexpartnersi,
distribution(weibull)

estat ic

predict double cs, csnell

stset cs, failure(status)

sts generate km=s

generate double H=-1n(km)

line H cs cs, sort

graph save "/Users/rutendozivai/Desktop/Frontiers Public health/resubmission/csdiagvisit_2005",
replace

*ExxkXXDIAGNOSTIC 2010%*****

3 3k 3k ok 3k ok sk 3k 3k 3k 3k 3k ok 3k ok ok ok sk ok 3k ok 3k ok 3k ok %k k %k

streg i.sex1l i.maritalstatusl i.stil i.residencel i.educationl i.employedl i.sexpartnersi,
distribution(weibull)

estat ic

predict double cs, csnell

stset cs, failure(status)

sts generate km=s

generate double H=-1n(km)

line H cs cs, sort

graph save "/Users/rutendozivai/Desktop/Frontiers Public health/resubmission/csdiagvisit_2e10",
replace

qui streg i.sex i.maritalstatus i.sti i.residence i.education i.employed i.sexpartners,
distribution(weibull)

predict dev, deviance

scatter dev time, yline(@) m(®)
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graph save "/Users/rutendozivai/Desktop/Frontiers Public health/resubmission/mgdiagvisit_2e10",
replace

*ExxAXXDIAGNOSTIC 2015%****x

3 3k 3k ok 3k 3k sk 3k 3k 3k 3k 3k ok 3k ok ok ok sk ok 3k ok 3k ok 3k ok %k k %k

qui stset time, failure(status) streg i.sexl i.maritalstatusl i.stil i.residencel i.educationl
i.employedl i.sexpartnersl, distribution(weibull)

estat ic

predict double cs, csnell

stset cs, failure(status)

sts generate km=s

generate double H=-1n(km)

line H cs cs, sort

graph save "/Users/rutendozivai/Desktop/Frontiers Public health/resubmission/csdiagvisit_2015",
replace

qui streg i.sex i.maritalstatus i.sti i.residence i.education i.employed i.sexpartners,
distribution(weibull)

predict dev, deviance

scatter dev time, yline(@) m(®)

graph save "/Users/rutendozivai/Desktop/Frontiers Public health/resubmission/mgdiagvisit_2015",
replace

*A*AXAKTNTERVALL 2005+ *+*

3 3k 3k ok 3k sk ok 3k 3k 3k 3k 3k ok 3k ok 3k ok 3k ok 3k ok 3k ok %k Kk %k

stintreg i.sex1 i.maritalstatusl i.stil i.residencel i.educationl i.employedl
i.sexpartnersl,interval(left right) distribution(weibull)

estat ic

**astat gofplot, outfile("/Users/rutendozivai/Desktop/Frontiers Public health/dat2005gof")
graph twoway (line cumhaz csresid) (function y = x, range(csresid))

graph save "/Users/rutendozivai/Desktop/Frontiers Public health/resubmission/csinterval_2005",
replace

*A*AXAKTNTERVALL 2010% %+ *+*

3 3k 3k 3k 3k sk ok 3k 3k 3k ok 3k ok 3k ok 3k ok 3k ok 3k ok 3k ok %k k %k

stintreg i.sex1 i.maritalstatusl i.stil i.residencel i.educationl i.employedl
i.sexpartnersl,interval(left right) distribution(weibull)

estat ic

**astat gofplot, outfile("/Users/rutendozivai/Desktop/Frontiers Public health/dat2e10gof")
graph twoway (line cumhaz csresid) (function y = x, range(csresid))

graph save "/Users/rutendozivai/Desktop/Frontiers Public health/resubmission/csinterval_2010",
replace

*A*AXAKTNTERVALL 2015%***4*

3 3k 3k ok 3k sk ok 3k 3k 3k ok 3k ok 3k ok 3k ok sk ok 3k ok ok ok %k k %k

stintreg i.sex1 i.maritalstatusl i.stil i.residencel i.educationl i.employedl
i.sexpartnersl,interval(left right) distribution(weibull)

estat ic

**astat gofplot, outfile("/Users/rutendozivai/Desktop/Frontiers Public health/dat2015gof")
graph twoway (line cumhaz csresid) (function y = x, range(csresid))

graph save "/Users/rutendozivai/Desktop/Frontiers Public health/resubmission/csinterval_2015",
replace

PAPER 2

XGBOOST Python code

# import libraries

import os

import pandas as pd
import numpy as np

import pickle

from joblib import dump, load

from sklearn.model selection import StratifiedKFold, RandomizedSearchCVv
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from sklearn.metrics import fl score, recall score, precision score

from xgboost import XGBClassifier

from matplotlib import pyplot

import shap

from sklearn.metrics import confusion matrix, fl score, recall score, precision score,
precision recall curve, auc

random seed = 5

# set working directory

working directory = '/Users/rutendozivai/Desktop/ML reanalysis'

os.chdir (working directory)

# code for uploading pickled data

M X train_ready =

pickle.load (open ("year original data/2005zw/Train samples/M X train ready.pkl", 'rb'))
M Y train_ready =

pickle.load (open ("year original data/2005zw/Train samples/M Y train ready.pkl", 'rb'))
M X train ready = pd.concat(M X train ready.values(), join='inner', ignore index=True)

M Y train ready = pd.concat(M Y train ready.values(), join='inner', ignore index=True)

F_X train _ready =
pickle.load (open ("year original data/2005zw/Train samples/F X train ready.pkl", 'rb'))
F_ Y train ready =
pickle.load (open ("year original data/2005zw/Train samples/F Y train ready.pkl", 'rb'))
F X train ready = pd.concat(F X train ready.values(), join='inner', ignore index=True)

F Y train ready = pd.concat(F Y train ready.values(), join='inner', ignore index=True)

M X test ready =
pickle.load (open ("year original data/2005zw/Test samples/M X test ready.pkl", 'rb'))
M Y test ready =
pickle.load (open ("year original data/2005zw/Test samples/M Y test ready.pkl", 'rb'))
M X test_ready = pd.concat (M _X_test ready.values(), join='inner', ignore_index=True)

M Y test ready = pd.concat (M Y test ready.values(), join='inner', ignore index=True)

F X test ready

pickle.load (open ("year original data/2005zw/Test samples/F X test ready.pkl", 'rb'))
F Y test ready =

pickle.load (open ("year original data/2005zw/Test samples/F Y test ready.pkl", 'rb'))
F_X test_ready = pd.concat (F_X_ test ready.values(), join='inner', ignore_index=True)

F Y test ready = pd.concat(F_Y test ready.values(), join='inner', ignore index=True)

CM test ready =

pickle.load (open ("year original data/2005zw/Left one out samples/CM test ready.pkl",
'rb'))

CM_Y test =

pickle.load (open ("year original data/2005zw/Left one out samples/CM Y test.pkl", 'rb'))
CM test ready = pd.concat (CM test ready.values(), join='inner', ignore index=True)

CM Y test = pd.concat(CM Y test.values(), join='inner', ignore index=True)

CF_test ready =

pickle.load (open ("year original data/2005zw/Left one out samples/CF test ready.pkl",
'rb'))

CF_Y test =

pickle.load (open ("year original data/2005zw/Left one out samples/CF Y test.pkl", 'rb'))
CF_test ready = pd.concat (CF_test ready.values(), join='inner', ignore index=True)

CF_Y test = pd.concat (CF_Y test.values(), join='inner', ignore index=True)
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M selected features = ['Type of place of residence',
'Highest educational level',
'Religion’',
'Number of household members',
'Age of household head’,
'Times away from home in last 12 months',
'Current contraceptive method',
'Number of injections in last 12 months',
'Respondent circumcised',
'Currently/formerly/never in union',
'Cohabitation duration (grouped)',
'Currently working',
'Beating justified',
'Reduce risk of getting HIV',
'Had any STI in last 12 months',
'Wife justified asking husband to use condom if he has
'Total lifetime number of sex partners']
F selected features = ['Type of place of residence',
'Religion’',
'Number of household members',
'Relationship to household head’,
'Sex of household head',
'Age of household head’,
'Times away from home in last 12 months',
'Wealth index',
'Current contraceptive method',
'Current contraceptive by method type',
'Currently/formerly/never in union',
'Number of unions',
'Cohabitation duration (grouped)',
'Time since last sex (in days)',
'Recent sexual activity',
'Beating justified',
'Ever heard of AIDS',
'Reduce risk of getting HIV',
'Had any STI in last 12 months',
'Ever been tested for HIV',
'Wife justified asking husband to use condom if he has
'Total lifetime number of sex partners',
'Can ask partner to use condom']
M X train ready selected = M X train ready[M selected features]
F X train ready selected = F X train ready[F selected features]
M X test ready selected = M X test ready[M selected features]
F X test ready selected = F X test ready[F selected features]
CM test ready selected = CM test ready[M selected features]
CF_test ready selected = CF _test ready[F selected features]
#

STI',

STI',

# parameters space, models definition and random grid search

#

# stratified k-fold and model initialization
kfold = StratifiedKFold(n splits=5, shuffle=True, random state=random seed)

scoring = ['fl', 'recall', 'precision']
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# XGBoost space

params_xgb = {'learning rate': np.linspace(0, 1, 11),
'min split loss': np.linspace(0, 1, 6),
'max_depth': np.linspace(2, 10, 5, dtype=int),
'min child weight': np.linspace(l, 20, 20, dtype=int),
'colsample bytree': np.linspace(0.5, 1, 6),
'reg_alpha': np.linspace(0, 1, 11),
'scale pos weight': np.linspace(4, 50, 24, dtype=int),
'n_estimators': np.linspace (10, 450, 12, dtype=int),
'reg lambda': np.linspace(0, 10, 11),

M xgb_sample = RandomizedSearchCV (estimator=XGBClassifier (booster='gbtree',
objective='binary:logistic"',

random_state=random_seed,

nthread=1,
verbosity=1),
param distributions=params_ xgb,
n_iter=50,
scoring=scoring,
cv=kfold,
n_jobs=-1,
random_state=random_seed,
verbose=2,
refit="£f1")

F_xgb_sample = RandomizedSearchCV (estimator=XGBClassifier (booster='gbtree',
objective='binary:logistic"',

random_state=random_seed,

nthread=1,
verbosity=1),

param distributions=params_ xgb,

n_iter=50,

scoring=scoring,

cv=kfold,

n_jobs=-1,

random_state=random_seed,

verbose=2,

refit="£f1")

M xgb sample.fit (M X train ready selected, M Y train ready)
dump (M_xgb sample, "scripts original 2005/M xgb_ sample data.joblib")

F xgb sample.fit (F_X train ready selected, F Y train ready)

dump (F_xgb sample, "scripts original 2005/F xgb_ sample data.joblib")

M xgb selected = load("scripts original 2005/M xgb sample data.joblib")
F xgb selected = load("scripts original 2005/F xgb sample data.joblib")
CM_xgb selected = load("scripts original 2005/M xgb sample data.joblib")
CF_xgb selected = load("scripts original 2005/F xgb sample data.joblib")

M best index = M xgb selected.best index
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F best index = F xgb selected.best index

M Y train selected pred = M xgb selected.predict (M X train ready selected)

# M Y train selected pred thresh =

(M _xgb selected.predict proba(M X train selected)[:,1] >= 0.3).astype (bool) # set
threshold as 0.3

F Y train selected pred = F xgb selected.predict (F_X train ready selected)

from sklearn.metrics import classification report

report = classification report(M Y test ready,

M xgb selected.best estimator .predict (M X test ready selected))

print (report)

report = classification report(F Y test ready,

F xgb selected.best estimator .predict(F_X test ready selected))

print (report)

print ('Confusion matrix on the M train dataset:', confusion matrix(M Y train ready,
M Y train selected pred))

print ('Average Fl score on the M train sample'’,

"{:.1%}".format (M xgb selected.cv results ['mean test fl1'][M best index]))

print ('CI F1 score on the M train sample',

"{:.1%}".format (2*M xgb selected.cv_results ['std test f1'][M best index]))

print ('Average Sensitivity on the M train sample',

"{:.1%}".format (M xgb selected.cv results ['mean test recall'][M best index]))
print ('CI Sensitivity on the M train sample',

"{:.1%}".format (2*M xgb selected.cv_results ['std test recall'][M best index]))
print ('Average Positive Predictive Value on the M train sample',

"{:.1%}".format (M xgb selected.cv results ['mean test precision'][M best index]))
print ('CI Positive Predictive Value on the M train sample',

"{:.1%}".format (2*M xgb selected.cv_results ['std test precision'][M best index]))
print ('Parameters', M xgb selected.best estimator )

print ('Confusion matrix on the F train dataset:', confusion matrix(F Y train ready,
F Y train selected pred))

print ('Average Fl score on the F train sample',

"{:.1%}".format (F_xgb selected.cv results ['mean test fl'][F best index]))

print ('CI F1l score on the F train sample',

"{:.1%}".format (2*¥F_xgb selected.cv_results ['std test fl1'][F best index]))

print ('Average Sensitivity on the F train sample',

"{:.1%}".format (F_xgb selected.cv results ['mean test recall'][F best index]))
print ('CI Sensitivity on the F train sample',

"{:.1%}".format (2*¥F xgb selected.cv_results ['std test recall'][F best index]))
print ('Average Positive Predictive Value on the F train sample',

"{:.1%}".format (F_xgb selected.cv results ['mean test precision'][F best index]))
print ('CI Positive Predictive Value on the F train sample',

"{:.1%}".format (2*¥F xgb selected.cv_results ['std test precision'][F best index]))
print ('Parameters', F xgb selected.best estimator )

from matplotlib import pyplot

M Y test selected pred = M xgb selected.predict (M X test ready selected)

F Y test selected pred = F xgb selected.predict (F X test ready selected)

CM Y test selected pred
CF_Y test selected pred

M xgb selected.predict (CM test ready selected)

F xgb selected.predict (CF_test ready selected)

print ('Confusion matrix on the M test dataset:', confusion matrix(M Y test ready,

M Y test selected pred))
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print ('Fl score on the M test dataset:', "{:.1%}".format (fl score(M Y test ready,
M Y test selected pred)))

print ('Sensitivity on the M test dataset:', "{:.1%}".format (recall score(M Y test ready,
M Y test selected pred)))
print ('Positive Predictive Value on the M test dataset:',

"{:.1%}".format (precision score(M Y test ready, M Y test selected pred)))

print ('Confusion matrix on the F test dataset:', confusion matrix(F Y test ready,

F Y test selected pred))

print ('Fl score on the F test dataset:', "{:.1%}".format (fl score(F Y test ready,

F Y test selected pred)))

print ('Sensitivity on the F test dataset:', "{:.1%}".format (recall score(F Y test ready,
F Y test selected pred)))

print ('Positive Predictive Value on the F test dataset:',

"{:.1%}".format (precision score(F Y test ready, F Y test selected pred)))

print ('Confusion matrix on the CF test dataset:', confusion matrix (CF_Y test,

CF_Y test_selected pred))

print ('Fl score on the CF test dataset:', "{:.1%}".format (fl score(CF Y test,

CF_Y test selected pred)))

print ('Sensitivity on the CF test dataset:', "{:.1%}".format (recall score(CF Y test,
CF_Y test selected pred)))

print ('Positive Predictive Value on the CF test dataset:',

"{:.1%}".format (precision score(CF Y test, CF Y test selected pred)))

print ('Confusion matrix on the CM test dataset:', confusion matrix(CM Y test,
CM Y test_selected pred))
print ('Fl score on the CM test dataset:', "{:.1%}".format (fl score(CM Y test,
CM Y test selected pred)))
print ('Sensitivity on the CM test dataset:', "{:.1%}".format (recall score(CM Y test,
CM Y test selected pred)))
print ('Positive Predictive Value on the CM test dataset:',
"{:.1%}".format (precision score(CM Y test, CM Y test selected pred)))
from matplotlib import pyplot
def pr fl curve (model, dx_test, dy_ test):
dy test predict proba = model.predict proba (dx test) [:,1]
dy test predict = model.predict (dx test)
ppv_curve, sensitivity curve, = precision recall curve(dy test,
dy test predict proba)
F1 score, AUC score = fl score(dy test, dy test predict), auc(sensitivity curve,
ppv_curve)
print(': Fl1 score = %.2f - Area under Curve = %.2f' % (Fl score, AUC score))

prevalence = np.sum(dy_ test)/len(dy_ test)

pyplot.plot ([0, 1], [prevalence, prevalence], linestyle='--', label='Random
Testing')
pyplot.plot (sensitivity curve, ppv_curve, marker='.',6 label='Algorithmic Testing')

pyplot.plot (sensitivity curve,
2* (sensitivity curve*ppv curve)/ (sensitivity curve+ppv curve), marker='', label='Fl')
pyplot.xlabel ('Sensitivity')
pyplot.ylabel ('Positive Predicted Value')
pyplot.legend (bbox to anchor=(0.45, 0.75))
pyplot.title ('Precision-Recall Curve - Males')
pyplot.text (0.1, 0, "F1 score = 0.86 - Area under Curve = 0.93")
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pyplot.show ()
pr_fl curve (M xgb selected, M X test ready selected, M Y test ready)
def pr_ fl curve (model, dx_test, dy_ test):
dy test predict proba = model.predict proba (dx test) [:,1]
dy test predict = model.predict (dx test)
ppv_curve, sensitivity curve, = precision recall curve(dy test,
dy test predict proba)
F1 score, AUC score = fl score(dy test, dy test predict), auc(sensitivity curve,
ppv_curve)
print (': Fl1 score = %.2f - Area under Curve = %.2f' % (Fl score, AUC score))

prevalence = np.sum(dy_ test)/len(dy_ test)

pyplot.plot ([0, 1], [prevalence, prevalence], linestyle='--', label='Random
Testing')
pyplot.plot (sensitivity curve, ppv_curve, marker='.',6 label='Algorithmic Testing')

pyplot.plot (sensitivity curve,
2* (sensitivity curve*ppv curve)/ (sensitivity curve+ppv curve), marker='', label='Fl')
pyplot.xlabel ('Sensitivity')
pyplot.ylabel ('Positive Predicted Value')
pyplot.legend (bbox to anchor=(0.45, 0.75))
pyplot.title('Precision-Recall Curve - Females')
pyplot.text (0.1, 0, "F1 score = 0.81 - Area under Curve = 0.90")
pyplot.show ()
pr_fl curve(F _xgb selected, F X test ready selected, F Y test ready)
# Explain model predictions using shapley value
M explainer = shap.TreeExplainer (M xgb selected.best estimator )
M shap values = M explainer.shap values (M X train ready selected)
F explainer = shap.TreeExplainer (F _xgb selected.best estimator )
F shap values = F explainer.shap values(F X train ready selected)
# Plot summary plot
M shap = shap.summary plot (M shap values, M X train ready selected, max display=32)
F shap = shap.summary plot (F_shap values, F X train ready selected, max display=32)

ROC and Precision-recall curves Python Code

# import libraries

import os

import pandas as pd

import numpy as np

import pickle

from joblib import dump, load

from sklearn.model selection import StratifiedKFold, RandomizedSearchCVv
from sklearn.metrics import fl score, recall score, precision score
from xgboost import XGBClassifier

from matplotlib import pyplot

import shap

from sklearn.metrics import confusion matrix, fl score, recall score, precision score,
precision recall curve, auc

random seed = 5

#load models males

M dt selected = load("scripts original 2005/M dt sample data.joblib")
M en selected = load("scripts original 2005/M en sample data.joblib")
M knn selected = load("scripts original 2005/M knn sample data.joblib")
M rfc selected = load("scripts original 2005/M rfc sample data.joblib")
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#M svm selected = load("scripts original 2005/M svm sample data.joblib")
M 1lgb selected = load("scripts original 2005/M lgb sample data.joblib")
M xgb selected = load("scripts original 2005/M xgb sample data.joblib")

#load models females

F dt selected = load("scripts original 2005/F dt sample data.joblib")

F en selected = load("scripts original 2005/F en sample data.joblib")

F _knn selected = load("scripts original 2005/F knn sample data.joblib")
F rfc selected = load("scripts original 2005/F rfc sample data.joblib")
#F _svm selected = load("scripts original 2005/F svm sample data.joblib")
F 1gb selected = load("scripts original 2005/F lgb sample data.joblib")
F xgb selected = load("scripts original 2005/F xgb sample data.joblib")

pred probl = M dt selected.predict proba(M X test ready selected)
pred prob2 = M en selected.predict proba(M X test ready selected)
pred prob3 = M knn selected.predict proba(M X test ready selected)

pred prob4 = M rfc selected.predict proba(M X test ready selected)
#pred prob5 = M svm selected.predict proba (M X test ready selected)

pred prob6 M 1lgb selected.predict proba (M X test ready selected)

pred prob7 M xgb selected.predict proba (M X test ready selected)

from sklearn.metrics import roc curve
# roc curve for models

fprl, tprl, threshl = roc curve(M Y test ready, pred probl[:,1], pos label=l)
fpr2, tpr2, thresh2 = roc curve(M Y test ready, pred prob2[:,1], pos label=1)
fpr3, tpr3, thresh3 = roc curve(M Y test ready, pred prob3[:,1], pos label=1)
fpr4, tpr4, thresh4 = roc curve(M Y test ready, pred prob4[:,1], pos label=l)
#fpr5, tpr5, threshb5 = roc curve (M Y test ready, pred prob5([:,1], pos label=1)
fpr6, tpr6, thresh6 = roc curve(M Y test ready, pred prob6[:,1], pos label=1)

fpr7, tpr7, thresh7 = roc curve(M Y test ready, pred prob7[:,1], pos label=l)

# roc curve for tpr = fpr
random probs = [0 for i in range(len(M Y test ready))]

p_fpr, p tpr, _ = roc curve(M Y test ready, random probs, pos_label=1l)

from sklearn.metrics import roc auc score

# auc scores

auc_scorel = roc_auc_score(M Y test ready, pred probl[:,1])
auc_score2 = roc_auc_score(M Y test ready, pred prob2[:,1])
auc_score3 = roc_auc_score(M Y test ready, pred prob3[:,1])
auc_scored4 = roc_auc_score(M Y test ready, pred prob4([:,1])

#auc scoreb = roc auc _score (M Y test ready, pred prob5[:,1])
auc_score6 = roc_auc_score(M Y test ready, pred prob6[:,1])

auc_score’/ = roc_auc_score(M Y test ready, pred prob7[:,1])

print (auc_scorel, auc_score2, auc_score3, auc_score4, auc scoreb6, auc_score7)

# matplotlib
import matplotlib.pyplot as plt
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plt.style.use ('seaborn')

# plot roc curves

plt.plot (fprl, tprl, linestyle='--',color='orange',K label='DT (area = %0.2f)' %
auc_scorel)

plt.plot (fpr2, tpr2, linestyle='--',color='green', label='EN (area = %0.2f)"' %
auc_score2)

plt.plot (fpr3, tpr3, linestyle='--',color='red', label='KNN (area = %0.2f)"' %
auc_score3)

plt.plot (fpr4, tpr4, linestyle='--',color='purple',K label='RFC (area = %0.2f)' %
auc_scored)

#plt.plot (fpr5, tpr5, linestyle='--',color='yellow', label='SVM (area = $%0.2f)' %
auc_scoreb)

plt.plot (fpr6, tpr6, linestyle='--',color='black', label='LIGHTGBM (area = %0.2f)"' %
auc_scoreb)

plt.plot (fpr7, tpr7, linestyle='--',color='blue', label='XGBOOST (area = %$0.2f)' %
auc_score’)

plt.plot(p fpr, p_tpr, linestyle='--', color='grey')

# title

plt.title('ROC curve Males - 2005-06 Original Data')

# x label

plt.xlabel ('False Positive Rate')
# v label

plt.ylabel ('True Positive rate')
plt.legend(loc="best')
#plt.savefig('ROC',dpi=300)
plt.show();

precisionl, recalll, thresholdsl = precision recall curve(M Y test ready,

pred probl[:,1], pos_label=1l)

precision2, recall2, thresholds2 = precision recall curve(M Y test ready,

pred prob2[:,1], pos label=l)

precision3, recall3, thresholds3 = precision recall curve(M Y test ready,

pred prob3[:,1], pos label=l)

precision4, recall4, thresholds4 = precision recall curve(M Y test ready,
pred prob4[:,1], pos_label=1l)
#precision5, recallb5, thresholds5 = precision recall curve (M Y test ready,

pred prob5[:,1], pos label=1)

precision6, recall6, thresholds6 = precision recall curve(M Y test ready,
pred prob6[:,1], pos label=l)
precision7, recall7, thresholds7 = precision recall curve(M Y test ready,

pred prob7[:,1], pos_label=1l)

aucl = auc(recalll, precisionl)
auc2 = auc(recall2, precision2)
auc3 = auc(recall3, precision3)
auc4 = auc(recall4d4, precisiond)

#auc5 = auc(recall5, precisionb5)
auc6t = auc(recall6, precisiono6)

auc7 = auc(recall7, precision7)

# matplotlib
import matplotlib.pyplot as plt
plt.style.use ('seaborn')

# plot p-r curves
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plt.plot (recalll, precisionl, linestyle='--',color='orange', label='DT (area = %0.2f)"'
aucl)

plt.plot (recall2, precision2, linestyle='--',color='green',K label='EN (area = %0.2f)' %
auc2)

plt.plot (recall3, precision3, linestyle='--',color='red', label='KNN (area = %0.2f)' %
auc3)

plt.plot (recalld, precision4, linestyle='--',color='purple', label='RFC (area = %0.2f)"'
% aucd)

#plt.plot (recalls5, precision5, linestyle='--',color='yellow', label='SVM (area = $%0.2f)
% auch)

plt.plot (recall6, precision6, linestyle='--',color='black', label='LIGHTGBM (area =
%0.2f)"' % auco)

plt.plot (recall7, precision7, linestyle='--',color='blue', label='XGBOOST (area =

%0.2f)" % auc?)

#plt.plot (p fpr, p tpr, linestyle='--', color='grey')

# title

plt.title('Precision-Recall curves Males - 2005-06 Original Data')
# x label

plt.xlabel ('Recall')

# v label

plt.ylabel ('Precision')
plt.legend(loc='"best')
#plt.savefig('ROC',dpi=300)
plt.show();

PAPER 3

Incidence Estimation

rm(list = 1s())

library(foreign)

library(stats4)

library(stats)

library(gplots)

library(deSolve)

library(lattice)
setwd("/Users/rutendozivai/Desktop/data™)

##READ DATA
dt<-read.csv("dt2.csv")

datalfemales<-read.csv("data20@5females.csv"”,header=T)

datalmales<-read.csv("data2@@5males.csv",header=T)

data2females<-read.csv("data2010females.csv",header=T)

data2males<-read.csv("data201@males.csv",header=T)

data3females<-read.csv("data2015females.csv",header=T)

data3males<-read.csv("data2@15males.csv",header=T)
#ATTACH DATA

attach(dt)

attach(datalfemales)

attach(data2females)

attach(data3females)

attach(datalmales)

attach(data2males)

attach(data3males)

tot2005females<-neg2005females+pos2005females
tot2010females<-neg2010females+pos2010females
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tot2015females<-neg2015females+pos2015females
tot2005males<-neg2005males+pos2005males
tot2010males<-neg2010males+pos2010males
tot2015males<-neg2015males+pos2015males

### Farrington's Model ###

a=15:49
farringtonlfemales=function(alpha,beta,gamma)
{
p=1-exp((alpha/beta)*a*exp(-beta*a)
+(1/beta)*((alpha/beta)-gamma)*(exp(-beta*a)-1)-gamma*a)
11=pos2005females*log(p)+(tot2005females-pos2005females)*log(1l-p)
#alternative definition of the log-likelihood
#11=sum(log(dbinom(Pos,Tot,prob=p)))
return(-sum(11l))
}
farringtonlmales=function(alpha,beta,gamma)
{
p=1-exp((alpha/beta)*a*exp(-beta*a)
+(1/beta)*((alpha/beta)-gamma)*(exp(-beta*a)-1)-gamma*a)
11=pos2005males*log(p)+(tot20@5males-pos2005males)*log(1-p)
#alternative definition of the log-likelihood
#11=sum(log(dbinom(Pos,Tot,prob=p)))
return(-sum(1l))

farrington2females=function(alpha,beta,gamma)
{
p=1-exp((alpha/beta)*a*exp(-beta*a)
+(1/beta)*((alpha/beta)-gamma)*(exp(-beta*a)-1)-gamma*a)
11=pos2010females*log(p)+(tot2010females-pos2010females)*log(1l-p)
#alternative definition of the log-likelihood
#11=sum(log(dbinom(Pos,Tot,prob=p)))
return(-sum(1l))
}
farrington2males=function(alpha,beta,gamma)
{
p=1-exp((alpha/beta)*a*exp(-beta*a)
+(1/beta)*((alpha/beta)-gamma)*(exp(-beta*a)-1)-gamma*a)
11=pos2010@males*log(p)+(tot2010males-pos201@males)*log(1-p)
#alternative definition of the log-likelihood
#11=sum(log(dbinom(Pos,Tot,prob=p)))
return(-sum(1l))

farrington3females=function(alpha,beta,gamma)
{
p=1-exp((alpha/beta)*a*exp(-beta*a)
+(1/beta)*((alpha/beta)-gamma)*(exp(-beta*a)-1)-gamma*a)
11=pos2015females*log(p)+(tot2015females-pos2015females)*log(1-p)
#alternative definition of the log-likelihood
#11=sum(log(dbinom(Pos,Tot,prob=p)))
return(-sum(1l))
}
farrington3males=function(alpha,beta,gamma)
{
p=1-exp((alpha/beta)*a*exp(-beta*a)
+(1/beta)*((alpha/beta)-gamma)*(exp(-beta*a)-1)-gamma*a)
11=pos2015males*log(p)+(tot2015males-pos2015males)*log(1-p)
#alternative definition of the log-likelihood
#11=sum(log(dbinom(Pos,Tot,prob=p)))
return(-sum(11l))

### Farrington's model assuming gamma=0 #i#

model6@females=mle(farringtonlfemales,fixed=1ist(gamma=0),
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start=1list(alpha=0.05,beta=0.1))
summary(model6@females)
AIC(modelé@females)
modelé@males=mle(farringtonlmales,fixed=1ist(gamma=0),
start=1ist(alpha=0.05,beta=0.1))
summary(model6@males)
AIC(model6é@males)

model6élfemales=mle(farrington2females,fixed=1ist(gamma=0),
start=1list(alpha=0.05,beta=0.11))

summary(model6lfemales)

AIC(model6élfemales)

modelélmales=mle(farrington2males,fixed=1ist(gamma=0),
start=1ist(alpha=0.1,beta=0.1))

summary(model6lmales)

AIC(model6élmales)

model62females=mle(farrington3females,fixed=1ist(gamma=0),
start=1list(alpha=0.05,beta=0.15))

summary(model62females)

AIC(model62females)

model62males=mle(farrington3males,fixed=1ist(gamma=0),
start=1ist(alpha=0.08,beta=0.2))

summary(model62males)

AIC(model62males)

# likelihood Based on Grenfell and Anderson, J Hyg Camb, 1985
# Differential Mortality on Gregson AIDS 1996

# Use lognormal functional form for force of infection lamda

lamda <- function(a, mu, sigma, theta)

{res=numeric(length(a))

for (i in 1:length(a))

{if (a[i]<=11) {res[i]=0} else {res[i]=theta*dlnorm(a[i]-12, meanlog
FALSE)}}

res}

mu, sdlog

sigma, log

# Integral Lamda of force of infection

Lamda<-function(a, mu, sigma, theta)

{res=numeric(length(a))

for (i in 1:length(a))

{if (a[i]«<=11) {res[i]=0} else {res[i]=theta*plnorm(a[i]-12, meanlog = mu, sdlog = sigma, log
FALSE)}}

res

}

# Calculate F(a) = proportion of susceptibles having experienced infection
# WITHOUT WEIBULL mortality

#F <- function(a, mu, sigma, theta)

#1-exp(-Lamda(a,mu,sigma,theta))

# Survival function. Note that Gregsons 1996 terminology lamda corresponds to our beta & theta
to our alpha
survival <- function(x, alpha, beta)

exp(-(x/beta)”~alpha)

death <- function(x, alpha,beta)
dweibull(x,shape=alpha,scale=beta)

sumint <- function(a,mu,sigma,theta,alpha,beta)

{res=numeric(a)

for (i in 1:a)
{res[i]=1amda(i,mu,sigma,theta)*exp(-Lamda(i,mu,sigma,theta))*survival(a-i,alpha,beta)
}

sum(res)

}

sumint_d <- function(a,mu,sigma,theta,alpha,beta)
{res=numeric(a)
for (i in 1:a)
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{res[i]=1amda(i,mu,sigma,theta)*exp(-Lamda(i,mu,sigma,theta))*death(a-1i,alpha,beta)

sum(res)

dead<- function(a,mu,sigma,theta,alpha,beta)
{res=numeric(length(a))

for (i in 1:length(a))

{res[i]=sumint_d(a[i], mu, sigma, theta, alpha, beta)}
res

}

infect<- function(a,mu,sigma,theta,alpha,beta)
{res=numeric(length(a))

for (i in 1:length(a))

{res[i]=sumint(a[i], mu, sigma, theta, alpha, beta)}
res

}

sus<-function(x,mu,sigma,theta)
exp(-Lamda(x,mu,sigma,theta))

# mortality at age a, mort(a)
mort <- function(x,mu,sigma,theta,alpha,beta)
dead(x,mu,sigma,theta,alpha,beta)/(infect(x,mu,sigma,theta,alpha,beta)+sus(x,mu,sigma,theta))

#Prevalence at age a F
F <- function(x,mu,sigma,theta,alpha,beta)

infect(x,mu,sigma,theta,alpha,beta)/(infect(x,mu,sigma,theta,alpha,beta)+sus(x,mu,sigma,theta))
# Tabulate number of negatives and positives by yearly age group

# Define the likelihood with lognormal foi WITH weibull mortality
mlogl <- function(mu,sigma,theta,alpha,beta) {
res=sum(-(log(F(a,mu,sigma,theta,alpha,beta))*Rjij+log(1-
F(a,mu,sigma,theta,alpha,beta))*(Njij-Rjij)))
res

}

a=15:49
Nj=table(dt$Age,dt$year,dt$Sex)
Rj=table(dt$Age[dt$hivpos==1],dt$year[dt$hivpos==1],dt$Sex[dt$hivpos==1])
p=Rj/Nj
results=vector("list",6)
resultsl=vector("list",6)
deviance=numeric(6)
for (j in 1:2){
for (i in 1:3){
Njij=Nj[,i,3]
Rjij=Rj[,i,3]
if (j==1) {alphao=8} else {alpha@=8}
fito@<-mle(mlogl,start=1ist(mu=3.2,sigma=0.55,theta=1.52,beta=10.6),fixed=1ist(alpha=alpha@))
results[(j-1)*3+i]=fite
resultsi[(j-1)*3+i]=AIC(fit0)
}
}

results
resultsil

mlmu=numeric(6)
mlsigma=numeric(6)
mltheta=numeric(6)
mlalpha=numeric(6)
mlbeta=numeric(6)
mlmu_se=numeric(6)
mlsigma_se=numeric(6)
mltheta_se=numeric(6)
mlalpha_se=numeric(6)
mlbeta_se=numeric(6)

# Now extract coefficients and their standard error from
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# fit objects
for (k in 1:2)

for (j in 1:3)

i=(k-1)*3+j
mlmu[i]=coef(results[[i]])[[1]]
mlsigma[i]=coef(results[[i]])[[2]]
mltheta[i]=coef(results[[i]])[[3]]
mlalpha[i]=coef(results[[i]])[[4]]
mlbeta[i]=coef(results[[i]])[[5]]

mlmu_se[i]=sqrt(vcov(results[[i]])[[1,1]])
mlsigma_se[i]=sqrt(vcov(results[[i]])[[2,2]])
mltheta_se[i]=sqrt(vcov(results[[i]])[[3,3]1])
mlbeta_se[i]=sqrt(vcov(results[[i]])[[4,4]])

}
}

quartz(width=8, height=8)
par(mfrow=c(2,3))

#age2=seq(1.5,18.5, by=0.5)
age2=seq(1.5,35.5, by=1)

age2

###INCIDENCE PER YEAR 2005

##FEMALES
alpha@females<-coef(model6é@females)[1]
beta@females<-coef(model6édfemales)[2]
gamma@females<-0
foi@females<-(alpha@females*age2-gamma@females)*exp(-betadfemales*age2)+gamma@females

plot(a,lamda(a,mlmu[1],mlsigma[1],mltheta[1]-0.3),ylab="Force of
Infection",x1im=c(15,50),ylim=c(0,0.04), type="1",1lty=1, xlab="")
lines(age,foi@females,1lty=2)

abline(h=0)

title(main="(FEMALES 2005-06 ZDHS)")
legend("topright", legend=c("Catalytic", "Farrington"),
1ty=1:3, cex=0.5, col = c("black","black"))

###INCIDENCE PER YEAR 2010

##FEMALES

alphalfemales<-coef(model6lfemales)[1]

betalfemales<-coef(model6élfemales)[2]

gammalfemales<-0
foilfemales<-(alphalfemales*age2-gammalfemales)*exp(-betalfemales*age2)+gammalfemales

plot(a,lamda(a,mlmu[2],mlsigma[2],mltheta[2]-0.3),ylab="Force of
Infection",x1im=c(15,50),ylim=c(0,0.04), type="1",1ty=1, xlab="")
lines(age,foilfemales,1lty=2)

abline(h=0)

title(main="(FEMALES 2010-11 ZDHS)")
legend("topright", legend=c("Catalytic", "Farrington"),
1ty=1:3, cex=0.5, col = c("black","black"))

###INCIDENCE PER YEAR 2015

##FEMALES

alpha2females<-coef(model62females)[1]

beta2females<-coef(model62females)[2]

gamma2females<-0
foi2females<-(alpha2females*age2-gamma2females)*exp(-beta2females*age2)+gamma2females

plot(a,lamda(a,mlmu[3],mlsigma[3],mltheta[3]-0.3),ylab="Force of
Infection",x1im=c(15,50),ylim=c(0,0.04), type="1",1lty=1, xlab="")
lines(age,foi2females, lty=2)

abline(h=0)

title(main="(FEMALES 2015 ZDHS)")

legend("topright", legend=c("Catalytic", "Farrington"),
1ty=1:3, cex=0.5, col = c("black","black"))
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age2=seq(1.5,18.5, by=0.5)

age2

##INCIDENCE PER YEAR 2005

##MALES

alpha@males<-coef(modelé@males)[1]

beta@males<-coef(model6@males)[2]

gamma@males<-0

foi@males<- (alpha@males*age2-gamma@males)*exp(-betad®males*age2)+gammadmales

plot(a,lamda(a,mlmu[4],mlsigma[4],mltheta[4]-1.5), ylim=c(0,0.04), x1lim=c(15,50), ylab="Force of
Infection", type="1", 1lty=1, xlab="")

lines(age,foi@males,lty=2)

abline(h=0)

title(main="(MALES 2005-06 ZDHS)")
legend("topright", legend=c("Catalytic", "Farrington"),
1ty=1:3, cex=0.5, col = c("black","black"))

###INCIDENCE PER YEAR 2010

##MALES

alphalmales<-coef(modelélmales)[1]

betalmales<-coef(model6lmales)[2]

gammalmales<-0
foilmales<-(alphalmales*age2-gammalmales)*exp(-betalmales*age2)+gammalmales

plot(a,lamda(a,mlmu[5],mlsigma[5],mltheta[5]-1.5),ylab="Force of
Infection",x1im=c(15,50),ylim=c(0,0.04), type="1",1ty=1, xlab="")
lines(age,foilmales,lty=2)

abline(h=0)

title(main="(MALES 2010-11 ZDHS)")
legend("topright", legend=c("Catalytic", "Farrington"),
1ty=1:3, cex=0.5, col = c("black","black"))

###INCIDENCE PER YEAR 2015

##MALES

alpha2males<-coef(model62males)[1]

beta2males<-coef(model62males)[2]

gamma2males<-0
foi2males<-(alpha2males*age2-gamma2males)*exp(-beta2males*age2)+gamma2females

plot(a,lamda(a,mlmu[6],mlsigma[6],mltheta[6]-1.5),ylab="Force of
Infection",x1im=c(15,50),ylim=c(0,0.04), type="1",1ty=1, xlab="")
lines(age,foi2males, 1lty=2)

abline(h=0)

title(main="(MALES 2015 ZDHS)")
legend("topright", legend=c("Catalytic", "Farrington"),
1ty=1:3, cex=0.5, col = c("black","black"))

Blandr Plots

library(blandr)

library(ggplot2)

setwd("/Users/rutendozivai/Desktop/FOI paper/DATA")

data<-read.csv("incidencedata.csv")

attach(data)

blandr.statistics (cohort20@5females , foi@females , sig.level=0.95 )

stats.datalfemales <- blandr.statistics (cohort20@5females , foi@females , sig.level=0.95 )
summary(stats.datalfemales)

stats.datalfemales

quartz(width=8, height=8)

par(mfrow=c(2,2))

blandr.output.text (cohort2005females , foi@females , sig.level=0.95 )
blandr.draw(cohort2005females , foi@females)

blandr.draw(cohort2005females , foi@females , ciDisplay = FALSE , ciShading = FALSE )
library(ggpubr)

stats.catofemales <- blandr.statistics (cohort2005females , cat@females , sig.level=0.95 )
stats.catlfemales <- blandr.statistics (cohort201@females , catlfemales , sig.level=0.95 )

241



stats.catOmales <- blandr.statistics (cohort20@5males , cat@males , sig.level=0.95 )
stats.catlmales <- blandr.statistics (cohort201@males , catlmales , sig.level=0.95 )
stats.foi@females <- blandr.statistics (cohort2005females , foi@females , sig.level=0.95 )
stats.foilfemales <- blandr.statistics (cohort201@females , foilfemales , sig.level=0.95 )
stats.foi@males <- blandr.statistics (cohort20@5males , foi@males , sig.level=0.95 )
stats.foilmales <- blandr.statistics (cohort201@males , foilmales , sig.level=0.95 )

a=blandr.plot.ggplot(stats.cat@females, plotTitle = "Catalytic 2005-06 females", ciShading
FALSE )

b=blandr.plot.ggplot(stats.catifemales, plotTitle = "Catalytic 2010-11 females", ciShading
FALSE )

c=blandr.plot.ggplot(stats.catOmales, plotTitle
d=blandr.plot.ggplot(stats.catimales, plotTitle

"Catalytic 2005-06 males", ciShading
"Catalytic 2010-11 males", ciShading

FALSE )
FALSE )

e=blandr.plot.ggplot(stats.foi@females, plotTitle = "Farrington 2005-06 females", ciShading
igtisngr.plot.ggplot(stats.foilfemales, plotTitle = "Farrington 2010-11 females", ciShading
;gtisngr.plot.ggplot(stats.foiemales, plotTitle = "Farrington 2005-06 males", ciShading = FALSE
a=b1andr.plot.ggplot(stats.foilmales, plotTitle = "Farrington 2010-11 males", ciShading = FALSE
)

quartz(width=15, height=15)
par(mfrow=c(2,4))

ggarrange(a,b,c,d,e,f,g,h, ncol = 4, nrow = 2)

PAPER 4

###Age-Time analysis
####FIGURE 1
setwd("/Users/rutendozivai/Desktop/paper 2 data")

##### DEFINE FUNCTIONS
library(mgcv)

pavit<- function(pos=pos,tot=rep(1,length(pos)))
{
gi<- pos/tot
pail <- pai2 <- gi
N <- length(pail)
ni<-tot
for(i in 1:(N - 1)) {
if(pai2[i] > pai2[i + 1]) {
pool <- (ni[i]*pail[i] + ni[i+1]*pail[i + 1])/(ni[i]+ni[i+1])
pai2[i:(i + 1)] <- pool
k<-1+1
for(j in (k - 1):1) {
if(pai2[j] > pai2[k]) {
pool.2 <- sum(ni[j:k]*pail[j:k])/(sum(ni[j:k]))
pai2[j:k] <- pool.2

}
}

return(list(pail=pail,pai2=pai2))
}

foi.num<-function(x,p)
{
grid<-sort(unique(x))
pgrid<-(p[order(x)])[duplicated(sort(x))==F]
dp<-diff(pgrid)/diff(grid)
foi<-approx((grid[-1]+grid[-length(grid)])/2,dp,grid[c(-1,-1length(grid))])$y/(1-pgrid[c(-1,-
length(grid))])
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return(list(grid=grid[c(-1,-1length(grid))],foi=foi))

data<-read.csv("/Users/rutendozivai/Desktop/paper 2 data/females.csv",header=T)

attach(data)

y<-status

a<-age

x<-birth_cohort

ts=year

# Seroprevalence plot

quartz(width=15, height=5)

par(mfrow=c(2,3),1lwd=3,las=1,cex.axis=1.1,cex.lab=1.1,1wd=3,mgp=c(2, 0.5,
0),mar=c(4.1,4.1,4.1,3))

respl<-y[ts==2005]

agel<-a[ts==2005]

posl<-table(agel,respl)[,2]

negl<-table(agel,respl)[,1]

totl<-negl+posl
plot(unique(agel),posl/totl,cex=0.002*totl,ylab="prevalence",xlab="age",x1lim=c(14,50))

resp2<-y[ts==2010]

age2<-a[ts==2010]

pos2<-table(age2,resp2)[,2]

neg2<-table(age2,resp2)[,1]

tot2<-neg2+pos2
plot(unique(age2),pos2/tot2,cex=0.002*tot2,ylab="prevalence",xlab="age",x1lim=c(14,50))

resp3<-y[ts==2015]

age3<-a[ts==2015]

pos3<-table(age2,resp2)[,2]

neg3<-table(age2,resp2)[,1]

tot3<-neg2+pos2
plot(unique(age2),pos2/tot2,cex=0.002*tot2,ylab="prevalence",xlab="age",x1lim=c(14,50))

#it### MODEL SELECTION FIGURE 2

# Analyses

data<-read.csv("/Users/rutendozivai/Desktop/paper 2 data/chapterl3datafemales.csv",header=T)
attach(data)

y<-status

a<-age

x<-birth_cohort

ts=year

x=Xx-min(x)
xf=as.factor(x)

#it###PARAMETRICS MODELS#####

gamfitl=gam(y~a+x,family=binomial(link="cloglog"))
c(sum(gamfitlg$edf),AIC(gamfitl),AIC(gamfitl, k = log(length(y))))

#i#t##H#SEMI-PARAMETRICS MODELS#H#####

gamfit2=gam(y~s(a)+x,family=binomial(link="cloglog"))
c(sum(gamfit2g$edf),AIC(gamfit2),AIC(gamfit2, k = log(length(y))))

gamfit3=gam(y~a+s(x),family=binomial(link="cloglog"))
c(sum(gamfit3g$edf),AIC(gamfit3),AIC(gamfit3, k = log(length(y))))

#####NON-PARAMETRICS MODELS#####
gamfit4=gam(y~s(a)+s(x),family=binomial(link="cloglog"))
c(sum(gamfit4g$edf),AIC(gamfita),AIC(gamfit4, k = log(length(y))))

#it###NON-PROPORTIONAL HAZARDS MODELS#H####
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gamfit5=gam(y~s(a,x),family=binomial(link="cloglog"))
c(sum(gamfit5%$edf),AIC(gamfit5),AIC(gamfit5, k = log(length(y))))

# best fitting model

gamfit4=gam(y~s(a)+s(x),family=binomial(link="cloglog"))
c(sum(gamfit4g$edf),AIC(gamfita),AIC(gamfit4, k = log(length(y))))

# Testing for the proportional hazards assumption
anova(gamfit4,gamfit5,test="Chisq")

#it####H## BEST MODEL - FUGURE 2
#it##### FIGURE 3 - COHORT SPECIFIC PREVALENCE

respl<-y[ts==2005]
agel<-a[ts==2005]
posl<-table(agel,respl)[,2]
negl<-table(agel,respl)[,1]
totl<-negl+posl

resp2<-y[ts==2010]
age2<-a[ts==2010]
pos2<-table(age2,resp2)[,2]
neg2<-table(age2,resp2)[,1]
tot2<-neg2+pos2

resp3<-y[ts==2015]
age3<-a[ts==2015]
pos3<-table(age2,resp2)[,2]
neg3<-table(age2,resp2)[,1]
tot3<-neg2+pos2

#####NON-PARAMETRICS MODELS#####
gamfit4=gam(y~s(a)+s(x),family=binomial(link="cloglog"))

quartz(width=10, height=5)

par(mfrow=c(1,2),1lwd=3,las=1,cex.axis=1.1,cex.lab=1.1,1wd=3,mgp=c(2, 0.5,
0),mar=c(4.1,4.1,4.1,3))

agrid=seq(range(unique(a))[1],range(unique(a))[2],1length.out=100)

x1<-agel

posl<-table(agel,respl)[,2]

negl<-table(agel,respl)[,1]

totl<-negl+posl
plot(unique(x1),posl/totl,cex=0.002*totl,ylab="prevalence",xlab="age",xlim=c(14,50),type="n")
points(unique(x1),posl/totl,cex=0.002*totl,ylab="prevalence",xlab="age",x1lim=c(14,50))

Xx2<-age2

pos2<-table(age2,resp2)[,2]

neg2<-table(age2,resp2)[,1]

tot2<-neg2+pos2
points(unique(x2),pos2/tot2,cex=0.002*tot2,ylab="prevalence",xlab="age",xlim=c(14,50),col="darkg
rey")

x3<-age3

pos3<-table(age3,resp3)[,2]

neg3<-table(age3,resp3)[,1]

tot3<-neg3+pos3
points(unique(x3),pos3/tot3,cex=0.002*tot3,ylab="prevalence",xlab="age",xlim=c(14,50),col="blue"
)

gamfitplot=gamfit4

for (xsel in c(10,20,30,40,50)){
agel=2005-1956-xsel
ager=2010-1956-xsel
agesel=(agrid>=agel)&(agrid<=ager)
newd <- data.frame(a=agrid,x=xsel)
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ypred=predict.gam(gamfitplot,newdata=newd, type="terms")
con=ypred[1,2]+attributes(ypred)$constant
sl=ypred[,1]+con

pi@=1-exp(-exp(sl))

pi@m=pavit(1-exp(-exp(sl)))$pail
lines(agrid[agesel],piom[agesel],lwd=2, col="red")
lines(agrid[!agesel],piom[!agesel],1lty=3)

}

for (xsel in c(10,20,30,40,50)){
agel=2010-1956-xsel
ager=2015-1956-xsel
agesel=(agrid>=agel)&(agrid<=ager)
newd <- data.frame(a=agrid,x=xsel)
ypred=predict.gam(gamfitplot,newdata=newd, type="terms")
con=ypred[1,2]+attributes(ypred)$constant
sl=ypred[,1]+con
pi@=1-exp(-exp(sl))
pi@m=pavit(1-exp(-exp(sl)))$pail
lines(agrid[agesel],piom[agesel],lwd=2, col="red")
lines(agrid[!agesel],piom[!agesel],1lty=3)

}

legend("topleft",legend=c("Prevalence from data","Prevalence extrapolated"),lty=c(1,3),
col=c("red","black"),cex=.5)

legend("bottomright"”,legend=c("Observed prevalence 2005-06", "Observed prevalence 2010-11",
"Observed prevalence 2015"), pch=c(1,1,1), col=c("black", "grey", "blue"),cex=.5)

#it####H# FIGURE 4 - COHORT SPECIFIC FOI

#####NON-PARAMETRICS MODELS#####
gamfit4=gam(y~s(a)+s(x), family=binomial(link="cloglog"))

agrid=seq(range(unique(a))[1],range(unique(a))[2],1length.out=85)

age_x=5:87
#age_x2=15:111
#age_x3=15:110

gamfitplot=gamfit4
quartz(width=10, height=5)
par(mfrow=c(1,2),1lwd=3,las=1,cex.axis=1.1,cex.lab=1.1,1wd=3,mgp=c(3, 0.5, 0))
plot(c(min(agrid),max(agrid),min(agrid),max(agrid)),c(0,0.1,0,0.1),type="n",xlab="age",ylab="for
ce of infection",ylim=c(0,0.04), xlim=c(15,49))
for (xsel in seq(0,50,by=10)){
agel=2005-1955-xsel
ager=2010-1955-xsel
agesel=(agrid>=agel)&(agrid<=ager)
newd <- data.frame(a=agrid,x=xsel)
ypred=predict.gam(gamfitplot,newdata=newd, type="terms")
con=ypred[1,2]+attributes(ypred)$constant
sl=ypred[,1]+con
pi@=1-exp(-exp(sl))
pi@m=pavit(1-exp(-exp(sl)))$pail
agridfoi=foi.num(agrid,piom)$grid
ypredfoi=foi.num(agrid,piom)$foi
if (xsel==14) lines(age_x,ypredfoi,col="grey",lwd=3)
if (xsell=14) {
lines(age_x[agesel],ypredfoi[agesel],lwd=2, col="red")
lines(age_x[!agesel],ypredfoi[ !agesel],lty=3)
}
}
for (xsel in seq(0,50,by=10)){
agel=2010-1955-xsel
ager=2015-1955-xsel
agesel=(agrid>=agel)&(agrid<=ager)
newd <- data.frame(a=agrid,x=xsel)
ypred=predict.gam(gamfitplot,newdata=newd, type="terms")
con=ypred[1,2]+attributes(ypred)$constant
sl=ypred[,1]+con
pi@=1-exp(-exp(sl))
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pi@m=pavit(1-exp(-exp(sl)))$pail

agridfoi=foi.num(agrid,piem)$grid

ypredfoi=foi.num(agrid,piom)$foi

if (xsel==@) lines(age_x,ypredfoi,col="grey",lwd=3)

if (xsell!=0) {
lines(age_x[agesel],ypredfoi[agesel],lwd=2, col="red")
lines(age_x[!agesel],ypredfoi[ !agesel],lty=3)

}

}

legend("topright",legend=c("FOI from data","FOI extrapolated"”, "FOI from baseline birth-
cohort"),1lty=c(1,3,1), col=c("red","black", "grey"),cex=.5)
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Study design: We performed secondary data analysis on cross-sectional data which
was collected from the Zimbabwe Demographic Health Survey (ZDHS) from 2005
to 2015.

Methods: Survey and cluster adjusted logistic regression was used to determine
variables for use in survival analysis with HIV status as the outcome variable. Covariates
found significant in the logistic regression were used in survival analysis to determine the
factors associated with HIV infection over the 10 years. The data for the survival analysis
were modeled assuming age at survey imputation (Model 1) and interval-censoring
(Model 2).

Results: Model goodness of fit test based on the Cox-Snell residuals against the
cumulative hazard indicated that Model 1 was the best model. On the contrary, the Akaike
Information Criterion (AIC) indicated that Model 2 was the best model. Factors associated
with a high risk of HIV infection were being female, number of sexual partners, and having
had an STl in the past year prior to the survey.

Conclusion: The difference between the results from the Cox-Snell residuals graphical
method and the model estimates and AIC value maybe due to the lack of adequate
methods to test the goodness-of -fit of interval-censored data. We concluded that Model
2 with interval-censoring gave better estimates due to its consistency with the published
results from literature. Even though we consider the interval-censoring model as the
superior model with regards to our specific data, the method had its own set of limitations.
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INTRODUCTION

The 90-90-90 targets was launched by the Joint United Nations
Programme on HIV/AIDS (UNAIDS) and partners with the
aim to diagnose 90% of all HIV positive persons, provide
antiretroviral therapy (ART) for 90% of those diagnosed, and
achieve viral suppression for 90% of those treated by 2020 (1).

In Zimbabwe, a population based survey carried out in
2016 reported that 74.2% of people living with HIV (PLHIV)
aged 15-64 years knew their HIV status. Amoung the PLHIV
who knew their status, 86.8% self-reported current use of
Antiretroviral treatment (ART), with 86.5% of those who
self-reported, are virally suppressed (2). In order for these
90-90-90 targets to be met, prevalence, and incidence rates
estimates are crucial in understanding the current status of
the HIV epidemic and determine whether the trends are
improving in a manner which can facilitate to achieve the
2020 target.

The gold standard for estimating the HIV incidence is to test
uninfected individuals for new infections periodically, however
this method is feasible though costly and time-consuming. In
addition, even if an HIV negative cohort is followed over-time,
the exact date of infection is rarely observed (3). In this scenario,
an interval can be determined between the latest negative and
the earliest positive test dates. Taking into consideration the
issue of cost and time, cohort analysis for estimating the HIV
incidence rate in a general epidemic will not produce estimates
which are representative of the whole population. Due to these
reasons, sentinel surveillance systems have been set up to monitor
the spread of the pandemic (4). In addition, population-based

surveys, in which HIV tests are performed, are carried after every
5-years in Zimbabwe. The advantage of the population-based
survey is that, data is more representative of the population than
a cohort. On the other hand, the same data does not provide
the exact date of the infection but rather provide what is called
“current status data.”

Current status data occurs when an individual is observed
at one single point, and the only information obtained is
whether the event of interest has occurred (5). An example
of current status data includes information collected during a
demographic health survey, in which an individual is tested
whether they are HIV positive or negative. If an individual
were found to be HIV positive, the individual was recorded as
left censored at the time the test was done. If an individual
were HIV negative, they were recorded to be right censored.
Sometimes current status data can be referred to as case interval-
censored data, with case II interval-censored data referred to
as the general case (6). Interval censoring takes into account
the range, that is, an interval inside of which one can say the
outcome of interest has occurred (7). Given that we would
want to determine the factors associated with the hazard of
infection using data from these surveys, then survival analysis can
be implemented.

In the setting of standard survival analysis, modeling
the hazard rate of HIV infection can be achieved by
imputing the time-to-onset of disease as the time at diagnostic
visit (3). Modeling current status data using the mentioned
two approaches may overestimate the hazard rate. However,
analyzing this type of data using interval censoring will be
a better approach. Although they are documented advantages

SEWUEE HIV negative

Survey Date

Age in years %

t; t*

|

HIV negative HIV positive

imputation:
Model 1

Interval censoring:

!

HIV infection

Model 2

FIGURE 1 | lllustration of different modeling strategies when investigating the factors associated with HIV infection.
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of interval censoring compared to the standard cause-speciic =~ MATERIALS AND METHODS

survival model, the superiority of the interval-censoring remains
unclear in estimating the effect of different exposures on
the risk of HIV infection. With this argument in mind, the
main objective of this study was to compare results from

Study Design and Area
This study used data from Zimbabwe, a landlocked country,
bordered by Mozambique on the East, South Africa on the

these different approaches for estimating the effect of different ~ South, Botswana on the West, and Zambia on the North and
factors on the risk of HIV infection and determine the best = Northwest. Zimbabwe is sub-divided into 10 Provinces which

fitting model.

are: Matabeleland South, Matabeleland North, Mashonaland

Total number of records Total number of records Total number of records
2005/06 2010/11 2015
42688 41946 43706
Age < 14 years Age < 14 years Age < 14 years
26616 22697 25355
7
Total number of adults Total number of adults Total number of adults
16082 19249 18351
Total not merged ‘ Total not merged Total not merged
with HIV data with HIV data > with HIV data
3013 2598 ‘ 1876
N
Total number of merged Total number of merged Total number of merged
records records records
13069 16651 16475

Number not
sexually active
3034

HIV test result
missing
14

Age at first sex
missing
4

Age > 49 years
249

Number not
sexually active
3311

‘ Number not

— sexually active

3473

HIV test result HIV test result

— missing :} missing
2104 1

Age at first sex
missing
3

Age at first sex
missing
25

Age > 49 years
337

Age > 49 years
313

Final data for survival
analysis
9768

Final data for survival Final data for survival
analysis analysis
10736 12823

FIGURE 2 | Flowchart of records in the 2005-06, 2010-11, and 2015 ZDHS.
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East, Mashonaland Central, Mashonaland West, Midlands,
Masvingo, Manicaland, Harare, and Bulawayo. Each province is
subdivided into districts, and each district is made up of wards.
The designs for the three 5 yearly surveys were cross-sectional.

Zimbabwe Demographic Health Survey

Data and Sampling

Demographic and Health Surveys (DHS) are nationally-
representative household surveys that have been implemented
in approximately 70 countries since 1984 (8-10). They provide
data for a wide range of monitoring and impact evaluation in

the areas of population, health and nutrition. Data used for the
analysis were obtained from 2005-06, 2010-11, and 2015 ZDHS
and were retrieved from the DHS programme website (https://
dhsprogram.com) (11). A representative probability sample of
10,800, 10,828, and 11,196 households were selected for the 2005-
06, 2010-11 and 2015 ZDHS, respectively. A two-stage cluster
sampling technique was used to select the households. The first
stage selected 400, 406, and 400 enumeration areas (EAs) for
2005-06, 2010-11, and 2015 ZDHS, respectively. At the second
stage, using a complete listing of households in the selected
EAs, a fixed number of households were randomly chosen. This

TABLE 1 | HIV prevalence in Zimbabwe and changes in HIV prevalence (weighted) from the Zimbabwe DHS surveys 2005-06, 2010-11, and 2015.

Survey year 2005/6 2010/11 2015 p-value
Characteristic Prevalence (Cl) Prevalence (CI) Prevalence (Cl)
National summary 22.4(21.6,23.2) 19.6 (18.8, 20.3) 17.7 (17.0, 18.4) <0.001
Sex
Male 18.2 (16.7, 19.4) 16.2 (156.1,17.3) 13.6 (12.7, 14.5) <0.001
Female 25.1(24.0, 26.2) 21.8(20.8, 22.8) 20.7 (19.8, 21.6) <0.001
Marital status
Never married 10.8 (9.36, 12.3) 9.66 (8.29, 11.0) 7.86 (6.78, 8.95) 0.001
Married/cohabiting 20.5 (19.5, 21.5) 17.8(16.9, 18.7) 16.8 (16.0, 17.6) <0.001
Separated/divorced/widowed 45.6 (43.0, 48.2) 42.2 (39.6, 44.8) 38.3(35.9, 40.8) <0.001
Place of residence
Urban 23.7 (22.2, 25.3) 22.0 (20.5, 23.4) 18.3(17.3, 19.3) <0.001
Rural 21.8(20.8, 22.8) 18.5(17.7,19.4) 17.3(16.4, 18.1) <0.001
Education level
No education/primary 22.6 (21.3,23.9) 21.1(19.7, 22.4) 20.7 (19.3, 22.1) 0.05
Secondary 22.6 (21.6, 23.7) 19.4 (18.5, 20.3) 17.4 (16.5, 18.2) <0.001
Higher 16.3 (12.6, 20.0) 12.6 (9.86, 15.4) 12.1(10.3, 13.9) 0.05
STI treatment in past 12 months
No 21.4(20.7, 22.2) 18.9 (18.2, 19.7) 17.2 (16.5, 17.8) <0.001
Yes 46.2 (41.2,51.2) 39.0 (34.0, 44.0) 37.2 (32.0, 42.3) 0.01
No. of sexual partners
0 31.3(28.9, 33.6) 28.2 (25.9, 30.5) 245 (22.2,26.9) <0.001
1 20.8(19.9, 21.7) 18.2(17.4,19.1) 17.0(16.2,17.7) <0.001
2+ 19.5 (16.1, 22.9) 17.7 (14.8, 20.7) 156.3(18.2,17.4) 0.03
Currently employed
No 22.7 (21.5,23.9) 18.9(17.9, 20.0) 17.9 (16.9, 19.0) <0.001
Yes 22.1(21.0,23.2) 20.2 (19.2, 21.3) 17.5(16.7, 18.4) <0.001
*p-values below 0.05 are considered statistically significant.
TABLE 2 | Akaike information criterion and bayesian information criterion values.
Year Model Obs. li(null) l(model) df AIC BIC
2005-06 1 9768 —2995.77 —2605.36 14 5238.7 5339.3
2 9768 —2177.37 —1912.55 14 3863.09 3963.71
2010-11 1 10734 —2767.33 —2516.62 14 5061.23 5163.17
2 10734 —2080.36 —1777.98 14 35683.95 3685.89
2015 1 12822 —2887.20 —2580.70 14 5189.41 5293.83
2 12822 —2141.63 —1759.41 14 3546.83 3651.25
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allowed the use of EAs specific weights to be assigned in the
design (8-10).

Measurement of the Outcome (HIV Status)
and Explanatory Variables

With consent from the respondent or parent/guardian (for
minors), blood samples were collected in all households for HIV
testing in the laboratory for females aged 0-49 and males aged
0-54. Blood spots were collected on filter paper from a finger
prick and transported to a laboratory for testing. An initial ELISA
test was performed, and then retesting of all positive and 5-
10 % of the negative tests with a second ELISA was done. If
they were discordant results on the two ELISA tests, a new
ELISA or a Western Blot was performed. The data used for this
study was obtained from the DHS Data Archives (11) and only
included individuals aged 15-49 years. The following explanatory
variables were extracted from the dataset: sex, marital status,

education level, religion, currently employed, place of residence,
STI treatment in the past 12 months and number of sexual
partners (8-10).

Ethical Considerations

The ZDHS HIV testing protocol for all the three surveys was
reviewed and approved by the ethical review boards Medical
Research Council of Zimbabwe (MRCZ) in Harare, Zimbabwe;
the ORC Macro Institutional Review Board in Calverton,
Maryland, USA; and the Centers for Diseases Control (CDC)
in Atlanta, Georgia, USA (8-10). This work was granted ethical
clearance by the University of Witwatersrand’s Human Research
Ethics Committee (Medical) (No. M151154). The dataset used in
this study was obtained through an application made to Measure
DHS program, which was approved on the 16th of May 2017. The
DHS Program is authorized to distribute, at no cost, unrestricted
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survey data files for legitimate academic research. Registration
was required for access to data.

Statistical Methodology

Application to Zimbabwe Demographic Health Survey
The socio-demographic datasets for men and women records
were appended to provide a single analysis dataset for all the
three surveys. The appended dataset was then merged using the
unique combination of the individual line number, household
line number, and cluster (EA) number to the HIV prevalence
dataset. All individuals without an HIV test result, never been
sexually active, and individuals who did not have an age at
first intercourse were excluded from the analysis. In the case
of individuals who were HIV positive when the survey was
conducted, the age at HIV infection was defined as age at
survey date and for individuals who were HIV negative, the age
at HIV infection was right-censored at the date of survey in
Models 1 (Figure 1). Accounting for interval-censoring, the age
at HIV infection was interval-censored between age at first sexual
intercourse and age at date of survey, but right-censored at the
age at survey, for individuals who were HIV negative for Model
2. All the models assumed a parametric Weibull distribution for
the baseline hazard A (t) which allowed estimation of 8 which is

the vector of regression coeflicient. Model Specification for all the
models, refer to Supplementary Data.

Statistical Analysis

In this study, the outcome or response variable was the
HIV status, a binary variable. The study investigated the
socio-cultural, socio-economic, behavioral, and demographic
factors, which are associated with HIV. Trends in HIV
prevalence were assessed using the non-parametric trend test
in STATA. A stepwise logistic regression approach was adopted
in STATA SE version 15.1 statistical software (12) using the
command svy: swaic (13) on some selected explanatory variables
highlighted earlier. Factors that were significantly associated
with HIV from the stepwise survey logistic regression were
then considered for the parametric survival analysis. The
most suitable baseline hazard function was investigated using
the package icenReg (14) in R software. The data were
modeled assuming age at survey imputation and interval-
censoring (Figure 1). The model goodness-of-fit (GOF) test was
assessed using the Akaike Information Criterion (AIC) and
two graphical methods which included the Cox-Snell residuals.
All analysis were performed in STATA SE version 15.1 and R
statistical software.
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RESULTS

The 2005-06 ZDHS database had 10,800 households in
which 42,698 records were retrieved. Of the 42,698 records,
16,082 records were for individuals aged 15-49 vyears
with 7,175 (44.6%) males and 8,097 (55.4%) females. The
2010-11 ZDHS database had 10,828 households in which
41,946 records were retrieved. Of the 41,946 records, 16,651
records were for individuals aged 15-49 years with 7,480
(44.9%) males, and 9,171 (55.1%) females. The 2015 ZDHS
database had 11,196 households in which 43,706 records were
retrieved. Of the 43,706 records, 18,351 records were for
individuals aged 15-49 years with 8,396 (45.8%) males and
9,955 (54.2%) females. The above information is represented
in Figure 2.

Nationally, the non-parametric trend test (p < 0.001) showed
a significant decline of HIV prevalence from 22.4 to 19.6 to
17.7% for 2005-06, 2010-11, and 2015 ZDHS, respectively (see
Table 1). A similar decline trend was observed for gender, marital
status, place of residence, education level, current employment
status, STT in the past year preceding the survey and number of
sexual partners.

The mean survival time for age at HIV infection for Model 1
was 41.1 years for females, 42.8 years for males in 2005/06 ZDHS;
41.9 years for females, 43.4 years for males in 2010/11 ZDHS and
42 years for females, 44 years for males in 2015 ZDHS. The mean
survival time for age at HIV infection for Model 2 was 24.9 years
for females, 28.3 years for males in 2005/06 ZDHS; 25.7 years for
females, 29.4 years for males in 2010/11 ZDHS and 26.5 years
for females, 30.5 years for males in 2015 ZDHS. According to the

survival times, Model 2 produced lower times of survival before
HIV infection.

The parametric Weibull distribution was used to investigate
the factors associated with HIV infection. The Weibull
parametric function was suitable to model the baseline hazard
distribution, as shown in Figure 4. Model goodness of fit test
indicated that Model 2 was the best model based on the Akaike
Information Criterion (AIC) presented in Table 2. A graphical
goodness of fit test was performed, where the semi-parametric
model was compared to the parametric model. According to the
results in Figure 3, Model 1 fits the data better than Model 1 and
Model 2. Based on Figure 3, Model 1 overestimates the survival
rates between 15 and 35 years and underestimates the survival
rates between 35 and 49 years. However, Figure 4 with the Cox-
Snell residuals shows that Model 1 is better than Model 2 as the
estimated cumulative hazards are close to the reference line which
is formed by the Cox-Snell residuals. Furthermore, dot charts
depicting the importance of variables in the three models were
plotted (Figure 5). Place of residence was the least important
variable for all the three models, while marital status and sex
where the most important variables for Model 1 and Model,
respectively (Figure 5).

The risk of HIV infection was lower in males than females,
as shown in Table3 for all the models. The risk for HIV
infection had a slight decrease from 2005-06 to 2010-11 to 2015
(HR=0.26, 95% CI: 0.23, 0.31), (HR=0.25, 95% CI:0.21,0.29),
(HR=0.22, 95% CI:0.19,0.26), respectively with reference to
Model 2. Individuals who were married or cohabiting had a lower
risk of HIV infection as compared to those who were single.
These results were consistent for all three models. However,

$ df P $ df P A df P
residence | ® 4.9 100273 residence | ® 8.4 1 0.0037 residence | ® 10.2 1 0.0014
employed |- ® 185 10,0000 employed | -® 155 1 0.0001 employed . 33.8 1 0.0000
sex . 52.6 1 0.0000 sex . 38.4 10,0000 sexpartners . 60.1 3 0.0000
sexpartners . 556 30,0000 sti . 50.5 2 0.0000 education . 67.4 2 0.0000
sti . 98.1 2 0.0000 sexpartners L] 87.5 3 0.0000 sex . 68.7 1 0.0000
maritalstatus . 277.6 2 0.0000 education . 126.8 2 0.0000 sti . 69.8 2 0.0000
education ®-381.2 2 0.0000 maritalstatus ® {2726 2 00000 maritalstatus {3029 2 0.0000
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education . 28.9 2 0.0000 education . 47.4 2 0.0000 maritalstatus . 47.7 2 0.0000
sexpartners . 84.7 3 0.0000 maritalstatus . 77.8 2 0.0000 education . 92.2 2 0.0000
maritalstatus . 84.2 2 0,000 sexpartners . 114.4 3 00000 sexpartners . 124.4 3 0.0000
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FIGURE 5 | Dot chart showing relative importance of covariates for the Zimbabwe DHS 2005-06 (left column), 2010-11 (middle column), and 2015 (right column).
Model 1 (top row) and Model 2 (bottom row).
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TABLE 3 | Estimated effects of covariates at baseline on the risk of HIV infection based on different survival models, Zimbabwe Demographic Health Survey (ZDHS)

2005/06, 2010/11, and 2015.

Model MODEL 1 MODEL 2
Year 2005/06 2010/11 2015 2005/06 2010/11 2015
Variable HR (CI) HR (CI) HR (CI) HR (CI) HR (CI) HR (CI)
Sex

Female 1 1 1 1 1 1

Male 0.68 (0.62-0.76) 0.73 (0.66-0.80) 0.66 (0.60-0.73) 0.26 (0.23-0.31) 0.25 (0.21-0.29) 0.22 (0.19-0.26)
Marital status

Single 1 1 1 1 1 1

Married/cohabiting 0.30 (0.25-0.35) 0.32 (0.27-0.38) 0.29 (0.25-0.34) 0.40 (0.33-0.50) 0.45 (0.37-0.55) 0.59 (0.48-0.71)

Separated/divorced/widowed 0.64 (0.54-0.76) 0.70 (0.59-0.84) 0.60 (0.50-0.71) 0.69 (0.55-0.87) 0.85 (0.67-1.08) 1.08 (0.84-1.38)
Place of residence

Urban 1 1 1 1 1 1

Rural 1.11(1.01-1.22) 0.87 (0.79-0.95) 0.86 (0.79-0.94) 1.10 (0.96-1.27) 1.03 (0.89-1.19) 1.06 (0.92-1.22)
Education level

No education/primary 1 1 1 1 1 1

Secondary 2.53 (2.29-2.79) 1.62 (1.47-1.79) 1.05 (0.95-1.15) 1.12(0.97-1.29) 0.91 (0.79-1.07) 0.63 (0.53-0.74)

Higher 1.32 (1.01-1.72) 0.75(0.58-0.97) 0.51(0.43-0.62) 0.43 (0.30-0.62) 0.30 (0.21-0.43) 0.25 (0.19-0.33)
STl in the last 12 months

No 1 1 1 1 1 1

Yes 2.19 (1.88-2.56) 1.87 (1.57-2.22) 2.15 (1.79-2.58) 1.73 (1.33-2.25) 2.09 (1.58-2.76) 1.80 (1.31-2.46)
No. of sexual partners

0 1 1 1 1 1 1

1 1.62 (1.42-1.86) 1.84 (1.61-2.12) 1.64 (1.43-1.89) 212 (1.71-2.64) 2.32 (1.86-2.89) 2.26 (1.77-2.88)

2+ 1.95 (1.54-2.47) 2.19(1.70-2.67) 2.06 (1.68-2.54) 4.91 (3.39-7.10) 5.58 (3.95-7.89) 6.88 (4.84-9.76)
Currently employed

No 1 1 1 1 1 1

Yes 0.82 (0.75-0.90) 0.83 (0.76-0.91) 0.77 (0.70-0.84) 0.84 (0.74-0.96) 0.92 (0.80-0.99) 0.66 (0.57-0.76)

HR, hazard ratio; Cl, confidence interval.

Model 1 was the weibull parametric survival model with survey age imputation as the time and Model 2 was a weibull interval censoring model.

the risk of HIV infection for all the survey years was lower in
individuals who were separated/divorced/widowed in reference
to Model 1, but Model 2 results indicated that the risk was higher
for that particular group of individuals as compared to those who
were single (Table 3). According to the results in Model 1, the
risk of HIV infection was almost the same for those who had one
or more than two sexual partners, as compared to those who did
not have any sexual partners in the past 12 months prior to the
survey. However, Model 2, the risk was more than four times for
those who had more than two sexual partners, as compared to
those who did not have any sexual partners in the past 12 months
prior to the survey. Of interest, the risk of HIV infection for those
who had more than two sexual partners increased over time for
Model 2, with Model 1 having a decreasing trend (Table 3).

DISCUSSION

Frequently, researchers are interested in using standard survival
models in determining the failure times, however interval
censoring has become increasingly common. The purpose of
this study was to identify risk factors for HIV infection using
three different models and determine the best fitting model. To

identify the best fitting model, we utilized the Akaike Information
Criterion (AIC), where the model with the least AIC value was the
best fitting model. We also used graphical methods to ascertain
the best fitting model, however graphical goodness-of-fit test for
interval-censored data is rare with the available methods are
still lacking in implementation (15-18). We managed to check
the goodness-of-fit for all the models by overlaying the semi-
parametric model with the fitted parametric model of the survival
function and also plotting the Cox-Snell residuals against the
cumulative hazard.

The model with interval censored data resulted in better
estimates of the risk of HIV infection as compared to the
standard survival model i.e., Models 1 based on the AIC value
and Figure 3. The superiority of Model 2 was due to the
ability to precisely mimic some of the results in literature
from previous studies which also used population-based HIV
surveys or specific cohorts in Zimbabwe. For example, a study
in Zimbabwe conducted between 1999 and 2001 reported that
they observed an increasing trend of HIV incidence among the
educated individuals, which was rather unexpected; however, this
might have been due to a higher socio-economic status, a factor
reported to be associated with HIV infection in the region of
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Africa (19, 20). However, a systematic review which explored
time trends in the association between educational attainment
and risk of HIV infection in sub-Saharan Africa, reported a
shift in the HIV epidemic from educated to the uneducated
(21). According to a study in which they used the 2005/06
Zimbabwe Demographic Health Survey (ZDHS) to determine
the relationship between HIV status and the demographic and
socio-economic characteristics among adults in Zimbabwe by
construction the risk profile of the average adult, they concluded
that there was a significant negative association between HIV
infection and education (22). They further clarified that an
extra year of schooling to an average of 8 years (i.e., secondary
education and above) was associated with a 0.5 percent point
decrease in the probability of HIV infection for Zimbabwe (22).
Another study which used the 2010/11 ZDHS also reported
a lower risk of HIV infection of individuals with secondary
level education and above (23). Based on these findings from
literature, and the trend observed, the model with interval-
censoring was consistent with the reported results, however, the
other two models reported a higher risk of HIV infection for
individuals with secondary level education, which was contrary
to the findings from literature. according to an in-depth analysis
of the 2005/06 ZDHS on the risk factors associated with HIV
infection, it was reported that individuals who never had any
sexually transmitted infection 12 months prior the survey were
significantly associated with a 0.437 times lower risk of HIV
infection compared with their counterparts who had a sexually
transmitted infection during the same period (24). This result was
close to the results obtained for the hazard of HIV infection in the
model with interval-censoring. Another example was a study of
the analysis of 2005/06 ZDHS, which reported that the likelihood
of being HIV infected increased with the number of sexual
partners and decreased with the level of faithfulness to a spousal
partner. In the same study, it was reported that the odds of being
HIV infected were 3 to 4 times greater among those who had
two more sexual partner (25). These results were again consistent
with results from the model with interval-censoring rather than
the other two models for the 2005/06 ZDHS. On a general note,
a 2013 study noted that having a large number of life partners
increased HIV infection in a cohort from Manicaland (26).
Comparisons of the three models used in this study reveal a
consistent match on the factors associated with HIV infection
estimated from ZDHS data and the results obtained from
previous studies using population-based HIV surveys or specific
cohorts in Zimbabwe. For example, in all the three models, and
based on all the three surveys, i.e., ZDHS 2005/06, 2010/11 and
2015, females were more at risk of HIV infection than men.
Similarly, studies which determined the factors associated with
HIV infection using the 2005/06 and 2010/11 ZDHS reported
the same findings (22-24). However, though the surveys were
the same, they did not use the same analytical methods to
reach the same conclusions. Results suggest that marriage was
associated with a lower risk of infection based on all the
models. This is further supported by a study which analyzed
the 2005/06 and 2010/11 ZDHS data (23). The study reported
that marital union was positively associated with the decline of
HIV infection for both men and women (23). Another study to
determine the baseline predictions of HIV-1 acquisition among

women reported that being unmarried was the strongest risk
factor for HIV-1 acquisition (27). Results from these studies
are again consistent with what all the models in our studies.
Even though the models reported results similar to what had
already been reported in literature, the precision of the model
with interval-censoring in explaining some of the covariates is
what stood out the most. However, the Cox-Snell residuals clearly
showed that Model 1 was the best fitting model. The difference
between the Cox-Snell residuals graphical method and the model
estimates maybe due to the lack of adequate methods to test
the goodness-of -fit of interval-censored data as cited by other
authors (15-18).

The main strength of this study dependent on the quality of
the data obtained from the surveys. These data were derived
from population-based surveys, which in reality provides more
reliable and robust data. Another strength of this study was
due to the fact that we did not restrict our analysis to one
method, however, we had the opportunity to determine the best
model to fit the hazard of infection by comparing two different
scenarios. For instance, if the median survival time for HIV
infection was 5 years given the type of data we had, and the
intervals were about 3 to 6 months wide, then we would have
no reason to complicate the analysis by considering interval
censoring. On the other hand, if the intervals were about 1 year
or longer, then accounting for uncertainty in the analysis was
necessary, which we did when we implemented the interval-
censoring approach. Another reason for concluding that interval-
censoring gave better estimates was due to its consistency with the
published results from literature. Even though we consider the
interval-censoring model as the superior model with regards to
our specific data, the method had its own set of limitations. These
limitations included the wide range of intervals used, which
could have underestimated or overestimated the effect of other
factors on the risk of HIV infection. Inclusion of competing risks
factors in the model would have greatly improved the modeling
approach. Further studies can be done on imputation models,
which imputes an estimated time of HIV infection based on
the data.
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Abstract

The burden of HIV and related diseases have been areas of great concern pre and post the
emergence of COVID-19 in Zimbabwe. Machine learning models have been used to predict
the risk of diseases, including HIV accurately. Therefore, this paper aimed to determine
common risk factors of HIV positivity in Zimbabwe between the decade 2005 to 2015. The
data were from three two staged population five-yearly surveys conducted between 2005
and 2015. The outcome variable was HIV status. The prediction model was fit by adopting
80% of the data for learning/training and 20% for testing/prediction. Resampling was done
using the stratified 5-fold cross-validation procedure repeatedly. Feature selection was
done using Lasso regression, and the best combination of selected features was deter-
mined using Sequential Forward Floating Selection. We compared six algorithms in both
sexes based on the F1 score, which is the harmonic mean of precision and recall. The over-
all HIV prevalence for the combined dataset was 22.5% and 15.3% for females and males,
respectively. The best-performing algorithm to identify individuals with a higher likelihood of
HIV infection was XGBoost, with a high F1 score of 91.4% for males and 90.1% for females
based on the combined surveys. The results from the prediction model identified six com-
mon features associated with HIV, with total number of lifetime sexual partners and cohab-
itation duration being the most influential variables for females and males, respectively. In
addition to other risk reduction techniques, machine learning may aid in identifying those
who might require Pre-exposure prophylaxis, particularly women who experience intimate
partner violence. Furthermore, compared to traditional statistical approaches, machine
learning uncovered patterns in predicting HIV infection with comparatively reduced uncer-
tainty and, therefore, crucial for effective decision-making.

Author summary

The Joint United Nations Programme (UNAIDS) set up fast-track targets to reach HIV
epidemic control by 2030, where it is expected that 95% of people living with HIV know
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Objective: Age structured sexual mixing patterns have been noted to be
associated with HIV prevalence and force of infection. Therefore, this study
aimed to estimate the age dependent HIV force of infection using survey
cross-sectional data from Zimbabwe.

Methods: We fit generalized additive models namely; linear, semi-parametric,
non-parametric and non-proportional hazards models. Using the 2005-06,
2010-11 and 2015 Zimbabwe Demographic Health Surveys data. The Akaike
Information Criteria was used to select the best model. The best model
was then used to estimate the age dependent HIV prevalence and force-of-
infection.

Results: Based on birth year cohort-specific prevalence, the female HIV
prevalence reaches the highest peak at around 29 years of age, then declines
thereafter. Males have a lower cohort specific prevalence between 15 and
30 years than females. Male cohort-specific prevalence slightly decreases
between the ages of 33 and 39, then peaks around the age of 40. The cohort-
specific FOI is greater in females than in males throughout all age categories.
In addition, the cohort-specific HIV FOI peaked at ages 22 and 40 for females
and males, respectively. The observed 18-year age difference between the HIV
FOI peaks of males and females.

Conclusion: Our model was appealing because we did not assume that
the FOI is stationary over time; however, we used serological survey data to
distinguish the FOI's age-and-time effect. The cohort-specific FOI peaked
18 years earlier in females than males, indicative of age-mixing patterns. We
recommend interventions that target younger females so as to reduce HIV
transmission rates.

force of infection, prevalence, Demographic Health Survey (DHS), generalized additive
models (GAMs), hazards models

01 frontiersin.org


https://www.frontiersin.org/journals/epidemiology
https://www.frontiersin.org/journals/epidemiology#editorial-board
https://www.frontiersin.org/journals/epidemiology#editorial-board
https://www.frontiersin.org/journals/epidemiology#editorial-board
https://www.frontiersin.org/journals/epidemiology#editorial-board
https://doi.org/10.3389/fepid.2022.1029583
http://crossmark.crossref.org/dialog/?doi=10.3389/fepid.2022.1029583&domain=pdf&date_stamp=2022-12-06
mailto:rutendobbirri@gmail.com
https://doi.org/10.3389/fepid.2022.1029583
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/articles/10.3389/fepid.2022.1029583/full
https://www.frontiersin.org/journals/epidemiology
https://www.frontiersin.org

Birri Makota and Musenge

Introduction

There has been a decline in HIV incidence in adults in
sub-Saharan (SSA) (1). The prevalence of HIV has increased in
those aged 25 and older despite a decrease in HIV incidence
due to increasing life expectancy brought on by the advent
of antiretroviral treatment (ART) (2-5). A cohort study in
Manicaland has highlighted that the cohort of individuals living
with HIV in Zimbabwe is aging such that the HIV prevalence is
increasing among individuals aged 45 and older and decreasing
among younger age groups (3). Due to the high survival rates of
those who are HIV infected earlier in life, a shift in the relative
share of infections to older individuals has been observed (1).
Age-structured sexual mixing patterns have been noted to have
an association with HIV force-of-infection (FOI) (6). Force-
of-infection (FOI) is defined as the rate at which susceptible
individuals acquire an infectious disease, a key parameter that
specifies the current state of an epidemic (7). Even though the
overall HIV incidence has declined in the era of ART, older
cohorts (40-49 years) still account for a growing proportion
of HIV incidence (1). Over time, understanding how the HIV
FOI rates have shifted across age groups is needed to realign
prevention targets.

Given the information about FOI in a population,
interventions can be targeted to those at the most significant
risk of infection. Subsequently, information on trends in the FOI
over time can be used to evaluate the impact of programmes
on the rate of new infections so that resources can be directed
to the most effective interventions and plan future health
care needs. Additionally, understanding the HIV incidence
disparities across ages can help prioritize groups where more
effort is needed to lower infection rates.

The most direct method of estimating the FOI is
using cohort studies. However, these studies are costly; in
most cases, representative samples are not attained (8). By
contrast, cross-sectional surveys are less expensive, more
straightforward, quicker to organize and can be carried out
on a mass scale. In addition, serological testing has been
more prevalent recently and is now a part of household
surveys like the Demographic and Health Survey (DHS),
which estimates the prevalence of HIV in the general adult
population (9, 10). Given the ease of getting HIV prevalence
data from household surveys, mathematical models can help
untangle the complicated relationship between HIV FOI and
prevalence (11, 12).

One of the modeling approaches to estimating FOI from
prevalence data has come from Demography (13, 14). Here,
serial cross-sectional population survey estimates of prevalence
are used to generate an estimate of the FOI based on the
principle that a sample of individuals of age a at time ¢ is under
some conditions representative of a group of individuals aged
a - 7 at time t — 7, where 7 is the interval between these
cross-sectional population surveys (15).
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Understanding age-specific differences in the infection
rates are essential in predicting the magnitude of the FOI,
thus, targeting age-groups for different intervention programs.
However, temporal trends and estimates of age-specific FOI
have to be recovered from age and time-specific prevalence data
(16). In cross-sectional surveys, the information obtained when
an individual has been tested is whether that individual has
already experienced an infection before the age () of testing or
not. This is commonly known as “current status” data. If the
FOI does not change with time, then a single cross-sectional
survey of individuals at different ages is sufficient to estimate
age-specific infection rates. While this assumption is reasonable
for some infections, this assumption is untenable in the case of
HIV infection.

This study aimed to estimate the age- and time-dependent
prevalence and HIV FOI using current status data from the
Zimbabwe Demographic Health Survey (ZDHS) collected in
2005-06, 2010-11 and 2015. This was achieved by developing
parametric, semi-parametric and non-parametric models; and
determining which models best fit the data.

Methods

Zimbabwe survey cross-sectional data

Data from 2005-06, 2010-11, and 2015 ZDHS were used in
this analysis and random samples of 10,800, 10,828 and 11,196
households were chosen, respectively. The households were
selected using a two-stage cluster sampling method. At the first
stage, random samples of 400, 406, and 400 enumeration areas
(EAs), were selected for the 2005-06, 2010-11, and 2015 ZDHS,
respectively. At the second stage, households were randomly
picked using a comprehensive list of all the households in the
specified EAs. This made it possible to apply specific weights to
EAs in the design (17-19).

Outcome variable measurement: HIV
testing procedure

Blood samples from all households were taken with the
respondent’s consent, or that of the respondents parent or
guardian in the case of minors, for HIV testing in the laboratory
on females aged 0-49 years and males aged 0-54 years. Finger-
prick blood samples were collected on filter paper and taken
to a laboratory for analysis. All HIV-positive and 5-10% of the
negative tests were retested with a second ELISA after an initial
ELISA (enzyme-linked immunosorbent assay) test. A second
ELISA or a Western Blot was conducted if the two ELISA
tests yielded inconsistent findings. The DHS Data Archive (20)
provided the data for this study, which only included people
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between the ages of 15 and 49. We took into account the
sampling design by including survey weights in the analysis.

Statistical model

Over the years, methods have been proposed that estimate
the age-specific force-of-infection using seroprevalence data (9,
13-16, 21-28). However, these methods are primarily based on
an infection acting on a set of susceptible individuals. Given
that A4 (a) is the force-of-infection at age a, if we assume
time homogeneity (stationarity) and lifelong immunity, then the
proportion susceptible, p (a) is:

PA(a)==eXP[—lA AA(z)dz} )

In reality, time homogeneity assumed in Equation 1 is not
feasible as over the years, the introduction of ART, the evolution
of cohorts and mutation of the pathogen has resulted in the
change of the force-of-infection over time (15). Therefore, the
time-specific force of infection A7 (¢) can be estimated instead.
By integrating exposure experience between the date of birth,
t — a, and the survey date t results in the proportion susceptible

pr(a) (15):

pr (a) = exp [—/ Ar(t—a—+2) dz] 2)
0

Considering that in this analysis, we deal with three-time
points, estimating the force of infection A7 (¢), will not be
ideal (21). Therefore, while estimating the force-of-infection,
especially when working with many time points, it is crucial to
model the impacts of age and time effects. The relation between
age- and time-specific seroprevalence data and age-time force-
of-infection (15), A (a, t), in an individual of age a at time ¢,
results in the proportion susceptible p (a,t) (29):

p(a,t):exp[—/ak(z,t—a+z) dz] (3)
0

This paper proposed five models to model the relation
between age- and time-specific seroprevalence data and A (4, t)
in Equation 3. These models are model 1, representing
a parametric model, models 2 and 3, representing semi-
parametric models, model 4, representing a non-parametric
model, and model 5, representing the non-proportional hazards
model. The first is a flexible semi-parametric method suitable for
simple exploratory analysis. Then, these methods are applied to
age- and time-specific ZDHS HIV seroprevalence data.

The parametric model can capture reasonably complex
patterns of age- and time-dependence to determine the
degree of curvature required by the data (15). Model 1
constrained the force-of-infection to be positive and is part
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of the Exponential polynomial (EP) functions which have the
following properties (29):

A(a,t) = exp <u0+zmu"+20jﬂ'>, ii=1,2,... (4)

where i represents the time spent by an individual in age band
i, and j represents the time spent by an individual in time
band j. We can estimate the age-time dependence of the FOI
in Equation 4 by setting all 11; and 6} to zero, thus resulting in
Equation 5 (15):

) (a,1) = exp (a) )

Equation 5 represents model 1 and will be referred to
in terms of their time/age parameterisation which is model
EP1/EP1 being an exponential polynomial of degree 1 in time
and degree 1 in age.

Assuming that the FOI changes exponentially with time
represented by the following identity (for two calendar times t;
and t) (29) in Equation 6:

Ala,ty) = exp (B (t2 — t1)) A (a,11) (6)

We applied the methods of Nagelkerke et al. (12) to estimate
age- and time-specific FOI without any assumption about age
dependency (16). To be able to assess the cohort experience, a
cohort born at calendar time b and has age a at calendar time
a + b, then the age-specific FOI for that particular cohort is
defined by Aj(a) in Equation 7 (29):

Ap (@) = A (a,a+b) (7)

The proportional hazards assumption in Equation (6) then
translates into Equation 8, which leads to models 2 and 3 in
this study, which are proportional hazards, semi-parametric
models (29).

Ap (@) = exp (B(b — bg)) Apo (a) (8)

where the hazard at baseline year of birth by, is defined by
Apo (a) , which can also be expressed as A (a, a-+ bo) (29).

The semi-parametric model in Equation (8) can be
reformulated as a fully non-parametric proportional hazards
model by:

A(a ) = exp (g (t2 — t1)) A (a, 1) )

where g(t) is a smooth function with the constraint that g(0)
=0.

Substituting Equation (9) in the expression given in
Equation (3) leads to:

py (@) =p(a,b+a) =explexp(g(b—bo))logpy (a)} (10)
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where; with Ayg () = A (a, by +a ) R

Pbo (@) = exp {—/0 hpo (1) d }

Equation (10) which is Model 4, may be expressed as a
Generalized Additive Model (GAM) for binary data with
complementary log-log link function (29) (Equation 11), with
mp(a) = 1 — p(a) representing the proportion of persons
infected at age a or before from the cohort with year of birth
b (29):

log (—log (1 — 7 @)) = fi (@) + f2 (b)), (11)

where

f2(b) =g (b—bo),

and

f1(a) =log (—log (xbo (a))) .

The corresponding FOI for this cohort then equals to (29):

7, (@)
Ap (@) I b

—r 12
m— (12)

= exp (fz (h)) Apo (@) 5
with

T 1/70 (@)

d
20 (@) @ = 4P (i (@) (13)

~ TTbo

The proportional hazards model translates into an additive
cloglog model for the seroprevalence status (29), as shown by
Equation (11), represented in this study as Model 4. In addition
to the year of birth, this GAM technique may be generalized
to include additional subject-specific characteristics, such as
gender (29).

A non-proportional hazards model (Model 5) was obtained
by modeling the interaction of age a with year of birth b. Taking
the GLM model with a two-dimensional smoother (29):

log (—log (1 — 7, (@)) = f (a, b), (14)
some straightforward calculus shows that:
f(a, b)
Ay (a) )
o @) (exp (f (3, 0) = (@, 0)) 3f(;tu, 5| @
a

The right-hand side of Equation (15) is no longer independent
of age a. Note that it reduces to (12) in case f (u , b) =f1 (a) +
f2 (b). The proportional hazards model was tested by comparing
a model with a (parametric or non-parametric) (age x year of
birth) interaction term with the corresponding model with main
effects only (29).
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Statistical analysis

This study estimated age- and time-dependent prevalence
and FOI from serial cross-sectional population survey
prevalence data. Our analysis was based on comparing a
generalized linear additive model (model 1), generalized semi-
parametric additive models (models 2 and 3) and generalized
non-parametric additive models (models 4 and 5). All the
models were proportional hazards, except for model 5, a non-
proportional hazard model. Model 1 adapted Ades and Nokes’
(15) exponential polynomial model (EP) of type EP1/EP;.

Models 2 and 3 were modified from the semi-parametric
model of Nagarkerke et al. (16) by employing a spline smoother
instead of the isotonic step function for the baseline hazard
function Ay (a). The age-specific FOI, A4, (a), for that particular
cohort, was estimated in a semi-parametric way using an
iterative MM algorithm with a parametric proportionality
factor exp[B (b — bp)] and a non-parametric isotonic
stepwise estimate for the baseline hazard Ajg (a) as shown in
Equation (6).

Model 4 was reformulated to a fully non-parametric model
using the semi-parametric model of Nagarkerke et al. (16) as
shown in section Outcome variable measurement: HIV testing
procedure. Model 5 was obtained by an interaction of age
(a) with the year of birth (b), resulting in a non-proportional
hazards model. Models 1-5 are fully explained in section
Outcome variable measurement: HIV testing procedure.

Model 1-5 specification and goodness-of-fit

We were interested in modeling some response variable
y (force-of-infection) which follows an exponential family
distribution using predictor variables a which is age and b being
the year of birth. Let © = E (y), then models 1-5 are:

Model 1 ( linear additive model) th(w)

= fo+ Bra+ pab (16)
Model 2 (semi — parametric additive model) th(w)
=po+ P1b+fia (17)
Model 3 ( semi — parametric additive model) th(w)
= fo+ Pra+fib (18)
Model 4 ( non — parametric additive model) th(w)
=fo+fia+hob (19)

Model 5 (non — proportional hazards additive model) th(w)
= Po + /i (a.b) (20)

where h is a smooth monotonic “link” function of mean p and
f1 and f, are smooth functions of the covariates considered.
In order for these models to be distinguishable, the smooth
functions were restricted to have a mean of zero using the
gam function. Model specifications for models 1-5 and link
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function were done using the family argument to generalized
additive model (GAM) framework (26) in the R software
package mgcv (30) with the gam function. The Pool-Adjacent-
Violators Algorithm (PAVA) application ensured monotonicity
in the age dimension. The mgcv package’s estimation of GAMs
used a penalized likelihood method. Finally, we used the Akaike
Information Criteria (AIC) to choose the best model for the
model comparison.

_|_

AIC = —2logp(a) \2?-/

goodness of fit model complexity

where 7 is the effective degrees of freedom (edf). Therefore,
if AIC,;1 < AICp choose model 1. The effective degrees
of freedom (edf) showed the complexity of the model. The
95% confidence interval of the best model was obtained
using the R confit.gam package which calculates the point-
wise confidence intervals for the smooth terms of a fitted
gam model.

Results

The dataset was stratified by gender, and all subsequent
analysis was done according to the stratification. Generalized
non-parametric additive model (model 4) was selected as the
best model according to the AIC criteria for females and
males (Table 1 and Figure 1). Furthermore, since model 4 was
a proportional hazards model, using analysis-of-deviation, the
proportionality assumption was determined to be valid for
both the female and male models, with p-values of 0.71 and
0.50, respectively.

Figure 2 shows the age-specific fitted and observed HIV
prevalence estimates for the three calendar periods 2005-06,
2010-11, and 2015, for both females and males. Model 4
showed a good model fit for the observed data. Comparing
the fitted HIV prevalence model, we detect a change of high
HIV prevalence among 33-year-old females in 2005-06, 36-year-
old females in 2010-11, and 40-year-old females in 2015. In

10.3389/fepid.2022.1029583

2005-06, the prevalence of HIV was highest among 42-year-
old males; however, in 2010-11, the prevalence declined in
the same age group. In 2015, the prevalence of HIV steadily
rose with age among males. In general, the prevalence of
HIV was greater among females than males over all three
time periods.

Figure 3 illustrates the fitted cohort-specific prevalence
curves for females and males as a function of age, according
to the best model (model 4). Prevalence was estimated for
each birth cohort for all survey years combined. The solid
red component of each prevalence curve corresponds to the
proportion of the age range (birth cohort) for which data
were available, while the dotted portion of each curve was
extrapolated using the model. Figure 3 demonstrates that data
for both models were available for the age range considered in
this study. Based on cohort-specific prevalence, the female HIV
prevalence reaches the highest peak at around 29 years of age,
then declines up to the age of 49 years (these values can be
observed by examining the red lines/curves). Males, have a lower
cohort-specific prevalence between 15 and 30 years than females.
Male cohort-specific prevalence slightly decreases between the
ages of 33 and 39. The highest peak of HIV prevalence for males
is around the age of 40.

Figure 4 depicts the fitted cohort-specific FOI curves as a
function of age for females and males, as predicted by Model 4.
The FOI was estimated for every birth cohort over the combined
survey years. The gray FOI curve displays the baseline FOI \bg
(a) for an assumed by = 1,955, 1,955 being the minimum time
(birth year) in the cohort. The black dotted curves are generated
from the proportionality factor exp(g(b - bp)) in Equation 11
resulting in the red curves. Figure 4 indicates that, where data
is available, the cohort-specific FOI is greater in females than
males throughout all age categories, as indicated by the red
curve. The cohort-specific HIV FOI peaked at ages 22 and 40,
respectively, for females and males, demonstrating more than
15-year age difference between the HIV FOI peaks of males and
females. Nevertheless, based on the extrapolated cohort-specific
FOI, males tend to have a greater FOI than females in older
age groups.

TABLE 1 The Akaike Information Criterion (AIC), Schwarz's Bayesian Criterion (BIC), and effective degrees of freedom (edf) for completely
parametric (model 1), semi-parametric (models 2 and 3), and non-parametric (models 4 and 5) models.

Model components Females

edf AIC Rank BIC
Model 1:a + b 3 22,571.69 5 22,596.00
Model 2: f(a) + b 6.99 21,841.76 3 21,897.11
Model 3: a + f(b) 6.61 21,945.97 4 21,999.54
Model 4: f(a) + f(b) 9.93 21,779.61 1 21,860.10
Model 5: f(a, b) 15.7 21,785.40 2 21,912.22
a, age; b, year of birth; f, smooth function.
Frontiersin Epidemiology
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Males
Rank edf AIC Rank BIC Rank
5 3 12,196.91 5 12,220.32 5
2 8.25 11,968.76 3 12,033.11 1
4 8.03 12,003.26 4 12,065.93 4
1 1255 11,938.44 1 12,035.99 2
3 155 11,939.81 2 12,060.90 3
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FIGURE 1
Observed (dotted curve) and fitted prevalence (five solid curves) as a function of age according to females (top) and males (bottom).

Discussion

This study estimated the age- and time-dependent HIV
prevalence and FOI. Our model was appealing because we did
not assume that the FOI is stationary over time; however, we
used serological survey data to distinguish the FOT’s age-and-
time effect. It has been reported that the estimation of HIV FOI
might lead to over-interpretation of results because of selection
bias, partially due to lower consent rates (27, 31). However,
recent work has confirmed that non-participation in surveys
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does not result in significant biases in estimating cross-sectional
HIV prevalence (2, 27).

Generally, HIV prevalence decreased for both males and
females over the years, with HIV prevalence higher in females
than males. Of interest, we observed the peak HIV prevalence
for each successive survey year was lower but shifted with an
increase in age, which can be explained by either that people
are now being infected at older ages or that these are people
who were diagnosed with HIV many years after being infected.
Unfortunately, data on HIV testing patterns in different age
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FIGURE 2
Observed (circles) and fitted (solid curve with 95% Confidence Interval, dotted curve) HIV prevalence as a function of age according to females
and males. Circles represent the estimated prevalence by age. Their size is proportional to the number of individuals.

groups are unavailable, and the observed age increase may
have resulted from increased testing in cohorts born earlier. In
another school of thought, it is believed that due to the scale-
up of antiretroviral treatment, there has been an increase in
life expectancy; therefore, the prevalence in the population for
the cohorts born earlier will increase (32). However, the shift
toward increased HIV prevalence in older birth cohorts is typical
of populations of people living with HIV (PLHIV) across the
world (33). Our model, especially for males, projects similar age
profiles (Figure 1).
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A sharp increase in cohort-specific HIV prevalence is
observed in our results to occur approximately a decade
apart in females (at 29 years) than males (at 40 years).
Cohort-specific FOI peaks ~15 years earlier in females (at
22 years) than males (at 40 years). These findings confirm
the issue of age-mixing patterns which can be corroborated
by other studies (6, 31, 34). A study in Zimbabwe found
that age-disparate sexual relationships are associated with
increased HIV incidence among young women, mainly when
partners are ten or more years older (35). In a 2005 national
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household survey done in South Africa, it was determined
that younger females had partners who were at least 5
years older than them, and it was hypothesized that these
connections were linked to an increased HIV risk (36). Gregson
et al. offered empirical evidence that age-disparate sexual
interactions were responsible for the observed variations in the
epidemiological patterns of young women and men in rural
Zimbabwe (37). Therefore, age-disparate sexual relationships
expose individuals to an increased risk of HIV infection. It
has also been noted that age-mixing in sexual relationships is
likely to reduce the younger person’s ability to negotiate safe
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sex successfully (38). Increasing female education regarding
factors that increase HIV transmission rates might reduce
age-disparate relationships, thereby decreasing infection rates
in this age group. Pettifor et al. observed that education
might lower young women’s susceptibility to HIV infection,
suggesting that interventions that target structural and partner-
level risk factors, such as keeping young women in school,
are necessary to lessen this vulnerability (39). This notion is
supported by a study that found that higher female education
was associated with a lower occurrence of age-disparate
relationships (40).
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A significant limitation of our study was that we did
not address the issue of differential selection. This is when
disease-related mortality affects the interpretation of observed
serological profiles. Instead, we assumed that the excess
mortality of individuals testing positive was negligible. For
obvious reasons, this is a crude assumption, and other authors
have proposed models which address this issue (13, 21, 26).
However, our main advantage was combining three cross-
sectional surveys from different time points, thereby jointly
modeling age and epidemic effects. Since these surveys are
conducted after every 5 years, the next one was scheduled for
2020 but because of COVID, no recent DHS survey has been
conducted for Zimbabwe.

Combined cross-sectional surveys should be used to evaluate
control measures and monitor the trends in HIV FOI. The same
age groups should also be adopted for each successive survey,
assuming that the temporal trend in the FOI can be monitored
from the changes in prevalence. Future work would significantly
be important to include differential selection and refine model
estimates within a Bayesian framework by integrating other
data sources.
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their status, and of those, 95% should be on treatment and of those on treatment 95%
should have reached viral suppression. In Zimbabwe, by 2020, it was found that 86.8% of
adults living with HIV were aware of their status and of those aware of their status, 97.0%
were on antiretroviral treatment. Furthermore, among those on treatment, 90.3%
achieved viral load suppression. In order to achieve these targets, modern predictive algo-
rithms using machine learning have the power to enhance HIV prevention and prediction
capability. Furthermore, studies have reported that machine learning could accurately
predict future HIV infection. This paper, therefore, aims to use these machine learning
tools to predict key HIV populations based on socio-behavioural characteristics obtained
from survey data.

Introduction

In the era before and after COVID-19, HIV ranks amongst the most serious infectious diseases
globally. Despite the tremendous advancements in diagnosis and access to antiretroviral therapy
(ART), Zimbabwe Population-based HIV Impact Assessment survey (ZIMPHIA 2020) predic-
tions suggest that 1.23 million adults are living with HIV and that the incidence rate is about
0.21% annually [1]. HIV/AIDS as a threat to the public’s health was to be eradicated by 2030,
according to the Joint United Nations Programme (UNAIDS) [2,3]. The COVID-19 pandemic,
however, is already reversing the gains obtained, and it may have a negative impact by increas-
ing the number of AIDS-related fatalities in sub-Saharan Africa [4,5]. Furthermore, the HIV
epidemic is unevenly spread throughout several geographic locations, with higher prevalence in
some areas and among particular populations. Focused interventions are necessary for this situ-
ation to manage the HIV pandemic effectively since they have been found to maximise the pro-
phylactic benefit at the lowest possible cost [6]. Therefore, it is essential to understand where
and among which groups new infections develop to inform targeted interventions.

Monitoring and surveillance techniques, such as behavioural risk assessments, interviews,
and laboratory test results, should form the basis of a nation’s HIV response [7]. Unfortu-
nately, most nations’ surveillance systems, including structured government surveillance and
ad hoc surveys, are insufficient to accurately monitor epidemic and risk patterns [7]. In addi-
tion, there is frequently a reporting lag before data are made public, and data collecting and
aggregation techniques are time- and resource-intensive [8].

Non-requirement of statistical inferences or assumptions is one advantage of machine
learning algorithms for developing predictive models. Since machine learning algorithms are
data-driven, their greatest benefit is their ability to automatically learn from data that identifies
complex nonlinear patterns and exploits complex interactions between risk factors. Machine
learning models have been used to predict the future risk of other conditions [9-14], including
HIV. Studies have reported that machine learning could accurately predict future HIV infec-
tion [2,15-18].

Three primary studies have been published that used machine learning methods to predict
HIV status in Zimbabwe [2,19,20]. First, Mutai et al. [2] predicted HIV status using Demo-
graphic Health Survey data from Sub-Saharan Africa. The results obtained from the study by
Mutai et al. [2] were not specific to Zimbabwe but sub-Saharan Africa. Second, using data from
the Zimbabwe Ministry of Health and Child Care, Chingombe et al. [19] predicted HIV status
among men who had sex with men in Zimbabwe’s two major cities, Bulawayo and Harare. The
findings of this study were limited to men who had sex with men in Bulawayo and Harare and
could not be generalised to other cities in Zimbabwe or the general population. Third, using
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nationally representative data from a cross-sectional survey from the Zimbabwe Population-
Based HIV Impact Assessment (ZIMPHIA15-16), again, Chingombe et. [20] predicted the HIV
status using machine learning techniques. Based on the three primary studies that employed
machine learning techniques to estimate the HIV status in Zimbabwe, our study and findings
will add to the existing body of knowledge. In contrast to Mutai et al.’s [2] research, the findings
of our study will be more applicable to Zimbabwe. In addition, unlike the two studies by Chin-
gombe et al. [19,20], we have access to a vast quantity of data from 2005-2015, i.e., ten years of
DHS data. Therefore, the primary aim of this paper was to determine common risk factors of
HIV positivity in Zimbabwe. Secondarily with the aid of machine learning algorithms, these
risk factors were used to formulate a model that predicts HIV positivity.

Methodology
Data and study design

Situated in the southern parts of Africa, Zimbabwe is a landlocked nation with a population of
5.1 million people based on the 2022 census [21]. Three nationally representative surveys were
held in 2005-06, 2010-11, and 2015 and all named Zimbabwe Demographic Health Survey
(ZDHS). The data utilised for analysis in this paper can be obtained from the Demographic
Health Survey (DHS) programme website (https://dhsprogram.com) [22]. Since 1984, around
70 nations have conducted DHS, which are nationally representative household surveys [23-
25]. In the fields of population, health, and nutrition, they offer data for various monitoring
and impact evaluation. Accordingly, blood samples were taken in all households with the con-
sent of the respondent or parent/guardian (for minors) for HIV testing in the lab for females
aged 0-49 and males aged 0-54. This was a retrospective cross-sectional study design that
employed secondary data analysis.

Data pre-processing

The datasets from the three ZDHS HIV test results and the datasets from adult interviews were
merged, and records without an HIV test result were excluded from the analysis. The outcome
variable, HIV status, was divided into two categories (0 for HIV negative and 1 for HIV posi-
tive). To account for non-response, non-coverage, and population total adjustment weights,
data were resampled utilising sample weights of HIV test results for each survey year. Variables
with a correlation coefficient of 80% or higher, non-unique columns, arbitrary features, more
than 30% missing values, and uninformative features were all eliminated. The label-code and
one-hot encoding methods were used to encode nominal and ordinal variables derived from
survey data. As part of step 1, represented in Fig 1, missing values were imputed using Multiple
Imputations with Chained Equations (MICE), and in each of these categories, we assumed
that missing was at random. The data were further normalised and scaled.

Train, test and validation procedure

The data were stratified by sex, and subsequent data training, testing and validation were done fol-
lowing the stratification. Following step 1 from Fig 1, one survey year was left out, with all the sur-
vey years being rotated and left out to produce three distinct datasets for each sex, each with only
two surveys. The primary goal of the rotation was to evaluate the generalisation of the models sep-
arately for males and females in later testing and validation. Of the three newly constructed data-
sets for each sex as shown in Fig 1 step 1, 80% were selected for training, and 20% were utilised as
test and validation samples. To prevent the test dataset from being contaminated, MICE imputa-
tion and data standardisation were carried out independently for the training and test datasets.

PLOS Digital Health | https://doi.org/10.1371/journal.pdig.0000260 June 7, 2023 3/20



PLOS DIGITAL HEALTH

Predicting HIV infection in Zimbabwe using machine learning techniques

\ STEP 1> Cawvs

/ 4 /
3 Surveys/

| stratified
. bysex \

%
X \
\ A 50 Set o
/ STEP 2 ) Qperparamelers
/
y /

Left One Survey Out Stratified. MICE Imputation
Fokett Aot 80% Training %
e 20% Test Standardisation

1 80%
4 4 / 4 20% / 20%
/ / 5 times / / /
[ per sex — / ——
281 > 2| 2|
\ 1 \ \ 2

| N\ 1
Stratified 5-fold
Cross-validation
on

\.
2 2 2 )| 2 2 T

Model VZIIdaUOn Best Model
g Selection
2 )(2)(2)(2)2 Maximum 1 mean across ) a
2 - 50 set of parameters \_

mean of the 5 ‘
| |

Train 5 times on
1 scores computed on
Algorithm Selection

Compute f1 score
Select Best Algorithm
with maximum f1

over § Test Samples
Fig 1. Flowchart of the methods and steps used.
https://doi.org/10.1371/journal.pdig.0000260.9001

AN

Data Pre-Processing

Best set of hyperparameters
for each of the 5 samples
per sex

1 scores computed

Model Training
and Validation

Generalisation Test
Left-Out Survey

20%

1 [ 2005-06 ZDHS

Training

Validation
1 ( 2010-11 ZDHS

Test

1
e
s
3
s
g
5
3
S
=
3
) )
— & 4

Model Testing and
Algorithm Selection

Mean f1 score on the
5 Test Samples for
each algorithm

1 2015 ZDHS

A

(N

Feature selection

Feature selection was done in two stages. We first used LASSO (Least Absolute Shrinkage and
Selection Operator) regression to select features important in determining HIV status using
combined dataset from the three surveys. Features selected through LASSO regression where
then used to fit the algorithms under investigation. On variables selected through LASSO
regression, subsequent analysis utilised the method with the algorithm with the highest F1
score and analysis was done separately for each survey year stratified by sex. We utilised the
sequential forward floating selection (SFES) approach with 80% of the training samples to
select the final features to use in best algorithm among the six algorithms. Feature selection
using the SFFS was implemented by considering features whose F1 score plateaued from the
saturation point. Using SHapley Additive exPlanations (SHAP) [26], the contribution of each
feature selected through SFFS to the probability of being HIV-positive was then examined.

Data balancing

Considering that the proportion of those HIV negative and positive was imbalance with a ratio
of 4.2:1, we applied resampling methods to handle the class imbalance. We performed the Syn-
thetic Minority Over-sampling Technique (SMOTE) to balance the classes. This was achieved

by generating synthetic data using the nearest neighbour’s algorithm to balance out the classes.
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Original dataset without implementing the SMOTE procedure was also analysed to compare
results.

Machine learning models

A supervised machine learning binary classification was implemented. The following machine
learning algorithms were compared: a penalised logistic regression (Elastic Net), k-nearest
neighbour algorithm (KNN), Random Forest Classifier (RFC), Decision Tree approach (DT),
Light Gradient Boosting Model (LightGBM) and the XGBoost model. To achieve step 2, train-
ing datasets were used, and hyperparameter tuning from a grid of 50 sets was performed using
a randomised grid search. Then, using the stratified five-fold cross-validation technique over
the validated samples, the average F1 scores for each of these 50 sets was calculated, and the
most powerful set of hyperparameters was chosen.

Each of the best three models (for each survey year) by sex and algorithm was then run on
the corresponding test dataset described in Step 3, Fig 1, and the resulting metric scores were
averaged. Next, the algorithm with the best average F1 score was selected from the three test
datasets. Finally, each selected model was applied to the survey left-out dataset.

Algorithm evaluation

Due to the unequal class distribution of the classification variable with a ratio of 4.2:1 in the
original dataset, the Precision-Recall curve is recommended over the Receiver Operating
Characteristic (ROC) curve [27] due to its insensitivity to imbalanced datasets. Other metrics
were also considered to evaluate the algorithm’s performance: accuracy, F1, precision and
recall scores. To determine the ratio of correct classification, accuracy score was used. To
determine the prediction of true positive cases, precision was used. To determine the propor-
tion of positive cases that are correctly predicted, recall score was used. Lastly, the F1 score
which is the weighted harmonic mean of recall and precision was used to determine the pre-
dictive power of the algorithm. An algorithm with the highest F1 score was considered to have
the best predictive power. Finally, each evaluation used the same segmentation and repetition
of data to ensure a fair comparison of models.

Statistical analysis

The features that were chosen using the SFFS XGBoost procedure were subjected to a logistic
regression analysis. This step was added to confirm the outcomes that the SHAP plots yielded.
In addition to the results of the SHAP plots, the logistic regression also provided the magni-
tude and direction of the risk of contracting HIV.

Results
Summary statistics

The overall HIV prevalence for the combined dataset, as shown in Table 1, was 22.5% and
15.3% for females and males, respectively. Those who were not currently employed had a
higher prevalence (54.1%) than those who were currently employed (45.9%) for females. How-
ever, the opposite relationship is seen in males, where those currently employed had a higher
HIV prevalence (74.2%) than those not currently employed (25.8%). Adults had a higher HIV
prevalence than youths for both sexes. Of interest was a higher HIV prevalence noticed in
those who had the highest level of education as secondary for both sexes.
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Table 1. Background characteristics of ZDHS data.

FEMALES MALES
Characteristic HIV Positive n(%) HIV Positive n(%)
Overall summary 4457(22.5) 2215(15.3)
Survey year: 2005-06 1604(36.0) 760(34.3)
2010-11 1332(29.9) 733(33.1)
2015 1521(34.1) 722(32.6)
Current age: youths (15-24 years) 730(16.4) 179(8.1)
Adults (25-54 years) 3727(83.6) 2036(91.9)
Marital Status: single 302(6.8) 183(8.3)
cohabiting/married 2595(58.2) 1723(77.8)
Divorced/separated/widowed 1560(35.0) 309(14.0)
Place of Residence: urban 1625(36.5) 877(39.6)
rural 2832(63.5) 1338(60.4)
Education level: no education 123(2.8) 23(1.0)
primary 1510(33.9) 612(27.6)
secondary 2674(60.0) 1431(64.6)
higher 150(3.4) 149(6.7)
STI treatment in past 12 months: no 4127(92.7) 2102(94.9)
yes 325(7.3) 113(5.1)
Number of unions: once 2942(70.9) 1059(52.2)
more than once 1210(29.1) 970(47.8)
Currently employed: no 2410(54.1) 571(25.8)
yes 2047(45.9) 1644(74.2)
Wealth index: poorest 781(17.5) 366(16.5)
poorer 727(16.3) 411(18.6)
middle 929(20.8) 350(15.8)
richer 1198(26.9) 603(27.2)
richest 822(18.4) 485(21.9)

https://doi.org/10.1371/journal.pdig.0000260.t001

Feature selection

LASSO regression was performed to determine the possible predictors of HIV infection. A
total of 32 predictors were considered for both males and females (see S1 Table). Out of the 32
predictors, type of place of residence, religion, number of household members, relationship to
household head, sex of household head, age of household head, times away from home in last
12 months, wealth index, current contraceptive method, current contraceptive by method
type, currently/formerly/never in union, number of unions, cohabitation duration (grouped),
time since last sex (in days), recent sexual activity, beating justified, ever heard of AIDS, reduce
risk of getting HIV, had any STT in last 12 months, ever been tested for HIV, wife justified ask-
ing husband to use condom if he has STI, total lifetime number of sex partners, can ask partner
to use condom, were selected as predictors of HIV acquisition for females. While, type of place
of residence, highest educational level, religion, number of household members, age of house-
hold head, times away from home in last 12 months, current contraceptive method, number of
injections in last 12 months, respondent circumcised, currently/formerly/never in union,
cohabitation duration (grouped), currently working, beating justified, reduce risk of getting
HIV, had any ST in last 12 months, wife justified asking husband to use condom if he has

STI, total lifetime number of sex partners, were selected as predictors of HIV acquisition for
males.

PLOS Digital Health | https://doi.org/10.1371/journal.pdig.0000260 June 7, 2023 6/20



PLOS DIGITAL HEALTH

Predicting HIV infection in Zimbabwe using machine learning techniques

Algorithm comparison

Model/algorithm’s performance comparison was made based on the LASSO selected features.
The comparison was done in two-phases, 1) using the original data and 2) using the SMOTE

processed data. Table 2 describes the original and SMOTE data samples for the training, test-
ing and validation sets for the three survey years stratified by sex.

Six algorithms were trained and tested using year-specific datasets on the original and
SMOTE processed data. Table 3 gives results of the performance of the prediction capabilities
of the algorithms. The SMOTE processed data performed better in all metrics than the original
data. The precision and the F1 score were extremely low for most of the algorithms in the orig-
inal data. This means that the original data had many false positives from the low precision
and low accuracy based on the low F1 score. Overall, the XGBoost was best performing algo-
rithm in both the original data and SMOTE processed data for all the survey year for each sex.

ROC curves and Precision-Recall curves of the six algorithms for all survey years per sex
were shown in Figs 2 and 3. The results showed that the XGBoost model had better perfor-
mance compared to the other 5 models for both the original data and SMOTE processed data.
The Elastic Net model performed poorly compared to the other models. Additional ROC and
Precision-Recall curves for the six algorithms based on combined survey years can be found in
S1 Fig and S2 Fig.

Subsequent results were obtained utilising the best algorithm model which was the
XGBoost. From the features obtained through LASSO, SFFS procedure was implemented on
XGBoost to further determine features associated with HIV positivity. Fig 4 shows the satura-
tion limit obtained by the SFES procedure for selecting variables based on F1 scoring, with 17,
17 and 14 most influential features selected for females, in the 2005-06, 2010-11 and 2015
ZDHS respectively. Whereas, 13, 13, 11 most influential features were selected for males, in the
2005-06, 2010-11 and 2015 ZDHS respectively. The F1 score plateaued at 99.9% for both
males and females for all survey years.

Table 2. Description of original data and SMOTE-processed data.

Dataset Survey Year
Training 2005-06
2010-11
2015
Training-smote 2005-06
2010-11
2015
Testing 2005-06
2010-11
2015
Testing-smote 2005-06
2010-11
2015
Validation 2005-06
2010-11
2015
Validation-smote | 2005-06
2010-11
2015

https://doi.org/10.1371/journal.pdig.0000260.t002

MALES DATA FEMALES DATA
Majority class | Minority Class | Total Samples |Ratio |Majority class | Minority Class |Total Samples | Ratio
7124 1164 8288 | 6:1 8809 2282 11091 4:1
6684 1186 7870 | 5:1 8176 2500 10676 3:1
5739 1194 6933 | 5:1 7583 2349 9932 3:1
7124 7124 14248 | 1:1 8809 8809 17618 1:1
6684 6684 13368 | 1:1 8176 8176 16352 1:1
5739 5739 11478 | 1:1 7583 7583 15166 1:1
1782 291 2073 | 6:1 2202 571 2773 4:1
1672 296 1968 | 5:1 2045 625 2670 3:1
1435 299 1734 | 5:1 1897 587 2484 3:1
1782 1782 3564 | 1:1 2202 2202 4404 1:1
1672 1672 3344 | 1:1 2045 2045 4090 1:1
1435 1435 2870 | 1:1 1897 1897 3794 1:1
3312 760 4072 | 4:1 4345 1604 5949 3:1
3862 733 4595 | 5:1 5135 1332 6467 4:1
5044 722 5766 | 7:1 5876 1521 7397 4:1
3312 3312 6624 | 1:1 4345 4345 8690 1:1
3862 3862 7724 | 1:1 5135 5135 10270 1:1
5044 5044 10088 | 1:1 5876 5876 11752 1:1
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Table 3. Results of classification models in original imbalanced and SMOTE-processed data.

SMOTE-processed data Original unbalanced data
MALES
Survey Year Models Accuracy Precision Recall F-Score Accuracy Precision Recall F-Score

% % % % % % % %

2005-06 DT 83 87% 78 83 65 25 77 38
2010-11 82 88 75 81 67 29 80 42
2015 81 83 77 80 68 32 74 44
2005-06 EN 64 59 98 71 63 22 65 33
2010-11 64 59 95 72 60 23 69 34
2015 63 59 80 68 57 25 73 37
2005-06 KNN 86 92 78 84 93 79 65 72
2010-11 86 91 80 85 93 81 69 75
2015 82 88 75 81 90 77 63 77
2005-06 REC 83 79 90 84 70 29 78 42
2010-11 81 78 87 82 66 28 80 42
2015 83 80 86 83 69 32 71 44
2005-06 LIGHTGBM 94 98 90 93 84 45 77 57
2010-11 94 98 89 94 82 45 75 56
2015 92 98 86 91 81 46 71 56
2005-06 XGBOOST 95 95 96 95 93 75 74 74
2010-11 94 95 94 94 92 71 76 73
2015 94 93 94 94 90 72 71 71

FEMALES

2005-06 DT 83 86 79 82 72 40 74 52
2010-11 81 84 76 80 70 42 72 53
2015 81 83 79 81 72 45 70 54
2005-06 EN 63 58 88 70 72 39 62 48
2010-11 61 58 80 67 67 38 60 46
2015 59 55 90 69 67 38 63 47
2005-06 KNN 83 90 74 81 89 79 66 72
2010-11 83 89 75 81 89 80 68 74
2015 81 88 72 80 89 81 68 74
2005-06 RFC 84 84 84 84 75 44 70 54
2010-11 81 81 81 81 73 45 68 54
2015 83 83 83 83 75 47 70 56
2005-06 LIGHTGBM 91 96 86 91 82 55 73 63
2010-11 90 94 84 89 79 54 72 62
2015 90 95 85 89 79 54 72 61
2005-06 XGBOOST 93 93 93 93 90 74 76 75
2010-11 92 92 93 92 88 73 77 75
2015 92 92 92 92 88 75 76 76

https://doi.org/10.1371/journal.pdig.0000260.t003

Figs 5 and 6 displays the subset of features most important to predicting an individual’s
HIV status following the SFFS procedure. As seen in Figs 5 and 6, the variables are ordered
from most important to least important (from highest to lowest Shapley value). According to
Fig 5, features for predicting HIV status which appeared throughout for the three survey years
for females were: total lifetime number of sex partners, cohabitation duration (grouped), num-
ber of household members, age of household head, time since last sex (in days), times away
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Fig 2. ROC curves (1* and 2" row) and Precision-Recall curves (3" and 4™row) of the six algorithms for 2005-06 (1** column), 2010-11 (2™
column) and 2015 (3" column) ZDHS survey for females.

https://doi.org/10.1371/journal.pdig.0000260.g002

from home in last 12 months, beating justified, can ask partner to use condom, wealth index,
reduce risk of getting HIV, wife justified asking husband to use condom if he has STT and

religion.

Features for predicting HIV status which appeared throughout for the three survey years
for males were: cohabitation duration (grouped), total lifetime number of sex partners, num-
ber of household members, age of household head, times away from home in last 12 months,
type of place of residence, beating justified, currently working and religion. Identical variables
for both sexes throughout the three survey years for predicting HIV status were: total lifetime
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Fig 3. ROC curves (1*' and 2" row) and Precision-Recall curves (3" and 4™row) of the six algorithms for 2005-06 (1** column), 2010-11 (2™
column) and 2015 (3" column) ZDHS survey for males.

https://doi.org/10.1371/journal.pdig.0000260.9003

number of sex partners, cohabitation duration (grouped), number of household members, age
of household head, times away from home in last 12 months, beating justified and religion.
The two most influential variable for both males and females were total lifetime number of sex
partners and cohabitation duration (grouped).
A higher number of total lifetime number of sex partners, more years cohabitating, fewer
household members, older age of household head, higher number of days since last sex, fewer
times away from home, weather beating was justified or not, living in the rural areas, wearing a

condom as current contraceptive method, having a female household head, many unions, can
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Fig 4. Sequential floating forward selection (SFFS) for males and females.
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ask partner to use condom, higher wealth index, whether knowing the risk of getting HIV or
not, ever been tested, wife justified asking husband to use condom if he has STT and being affil-
iated to a religion were factors associated with HIV positivity for females in the 2005-06
ZDHS survey. A higher number of total lifetime number of sex partners, more years cohabitat-
ing, fewer household members, higher number of days since last sex, younger age of household
head, fewer times away from home, never been tested, weather beating was justified or not, liv-
ing in the rural areas, not knowing the risk of getting HIV, having a female household head,
can ask partner to use condom, wearing a condom as current contraceptive method, relation-
ship to household head, higher wealth index, not affiliated to a religion and wife justified ask-
ing husband to use condom if he has STI were factors associated with HIV positivity for
females in the 2010-11 ZDHS survey. A higher number of total lifetime number of sex
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Fig 5. Shapley values for 2005-06, 2010-11 and 2015 Females ZDHS data.

https://doi.org/10.1371/journal.pdig.0000260.9005
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Fig 6. Shapley values for 2005-06, 2010-11 and 2015 Males ZDHS data.
https://doi.org/10.1371/journal.pdig.0000260.g006

partners, more years cohabitating, fewer household members, younger age of household head,
fewer number of days since last sex, fewer times away from home, living in the rural areas,
beating was justified, never been tested, can ask partner to use condom, not knowing the risk
of getting HIV, higher wealth index and wife justified asking husband to use condom if he has
STI were factors associated with HIV positivity for females in the 2015 ZDHS survey.

Based on Fig 6, a higher number of years cohabitating, fewer number of total lifetime num-
ber of sex partners, fewer household members, younger age of household head, fewer times
away from home, not wearing a condom as current contraceptive method, living in the urban
areas, beating was justified, currently working, being affiliated to a religion, less number of
injections in the last 12 months, respondent not circumcised and wife justified asking husband
to use condom if he has STT and were factors associated with HIV positivity for males in the
2005-06 ZDHS survey. A higher number of years cohabitating, fewer number of total lifetime
number of sex partners, fewer household members, older age of household head, fewer times
away from home, not wearing a condom as current contraceptive method, living in the urban
areas, beating was justified, being affiliated to a religion, respondent not circumcised and had
an STI in the last 12 months were factors associated with HIV positivity for males in the 2010-
11 ZDHS survey. A higher number of years cohabitating, fewer number of total lifetime num-
ber of sex partners, fewer household members, older age of household head, fewer times away
from home, living in the urban areas, fewer number of injections in the last 12 months, beating
not justified, being affiliated to a religion, currently working and wife justified asking husband
to use condom if he has STT were factors associated with HIV positivity for males in the 2015
ZDHS survey.

Table 4 shows the odds ratio of HIV infection performed on the selected features obtained
through SFFS for females. The results in Table 4 agree with the results shown in Fig 5. For
instance, each additional increase in the number of sex partners is associated with a 32% (OR:
1.32, p<0.001), 11% (OR: 1.11, p = 0.04) and 41% (OR: 1.11, p<0.001) increase in the odds of
one being HIV infected for 2005-06, 2010-11 and 2015 ZDHS females data, which is corrobo-
rated by Fig 5 were total lifetime number of sex partners is associated with HIV positivity as
the number of total lifetime sex partners increases for females in all survey years data. Table 4
also shows a protective effect of HIV infection in individuals who live in rural areas than those
who reside in urban areas. This, again, is corroborated by Fig 5, were living in urban areas is
associated with HIV positivity.

Interestingly, for the 2005-06 and 2010-11 survey data for females, individuals who have
been cohabiting for 5-19 years were at higher risk of HIV infection than those who never
cohabited. On the other hand, individuals who have more than 19 years of cohabitation have a
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Table 4. Odds Ratio of female features selected in XGBoost using SFFS procedure.

Survey 2005-06 2010-11 2015
Variable Odds ratio p-value Odds ratio p-value Odds ratio p-value
Total lifetime number of sex partners 1.315912 <0.001 1.109939 0.037 1.410084 <0.001
Cohabitation duration (grouped)
Never Married ref ref ref
5-9 1.340407 0.011 1.287969 0.034 1.474305 0.002
10-14 1.390041 0.012 1.459357 0.004 1.673866 <0.001
15-19 1.333851 0.032 1.425452 0.018 2.222664 <0.001
20-24 0.8778976 0.046 0.8974349 0.471 1.840237 <0.001
25-29 0.5542526 0.003 0.718883 0.011 1.408705 0.041
30+ 0.4943325 0.031 0.5959646 0.048 1.368872 0.031
Number of household members 0.9596885 0.02 0.880098 <0.001 0.8523343 <0.001
Age of household head 1.105237 0.012 1.126954 <0.001 1.225387 <0.001
Time since last sex (in days) 1.002203 <0.001 1.000348 0.287 1.00133 0.001
Intimate Partner Violence (IPV)
no ref ref ref
yes 1.5837278 0.153 1.614516 0.0466 1.9680338 0.0298
Type of place of residence
urban ref ref ref
rural 0.8375157 0.251 0.6298531 <0.001 0.6740229 0.013
Current contraceptive method
condom use ref ref
No condom use 2.021359 0.011 5.635275 <0.001
Sex of household head
male ref ref
female 0.9317121 0.466 0.9885284 0.955
Number of unions
once ref
more than once 2.259846 <0.001
Can ask partner to use condom
no ref ref ref
yes 1.042492 0.671 1.294777 0.007 2.029347 <0.001
Wealth index
poor ref ref ref
poorer 1.315844 0.032 0.8705808 0.285 0.9036212 0.441
middle 1.171341 0.245 0.94288 0.652 1.054575 0.685
richer 1.432668 0.022 0.8276257 0.201 0.7554493 0.092
richest 0.9685689 0.878 0.5113931 <0.001 0.5450553 0.002
Reduce risk of getting HIV
no ref ref ref
yes 0.917144 0.33 0.8602807 0.018 0.8791833 0.025
Ever been tested for HIV
no ref ref ref
yes 1.060744 0.509 1.112168 0.273 1.498843 0.045
Wife justified asking husband to use condom if he has STI
no ref ref ref
yes 0.8672589 0.275 1.159646 0.22 1.029157 0.843
Religion

(Continued)
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Table 4. (Continued)

Survey 2005-06 2010-11 2015
Variable Odds ratio p-value Odds ratio p-value Odds ratio p-value
No religion
Christian 0.995277 0.974 1.033 0.844 0.7605706 0.101
Apostolic 0.8597532 0.313 0.9342901 0.681 0.7902854 0.156
Other 0.5309193 0.025 0.6997551 0.378 0.5492018 0.162
Times away from home in last 12 months 0.999514 0.916 0.9919302 0.06
Relationship to household head
head ref
wife 0.7331381 0.166
daughter 0.7313408 0.283
daughter-in-law 0.4126077 0.001
grand-daughter 1.098993 0.864
sister 1.388966 0.453
other relative 1.032241 0.904
not related 1.122641 0.893

https://doi.org/10.1371/journal.pdig.0000260.t004

protective effect of HIV infection than those who have not cohabited. However, this phenome-
non changes in the 2015 survey data for females as all individuals who are cohabiting are more
at risk of HIV infection than those who are not. HIV positivity was associated with whether
one had the knowledge of reducing the risk of HIV transmission or not, according to Fig 5,
2005-6 survey data for females. However, for the 2010-11 and 2015 surveys, HIV positivity
was associated with not having any knowledge of reducing the risk of getting HIV. This is sim-
ilar to the logistic regression in Table 4 results, where having knowledge of reducing the risk of
HIV transmission was a protective effect against HIV infection.

Table 5 shows the odds ratio of HIV infection performed on the selected features obtained
through SFFS for males. Males who are currently working are less likely to be HIV infected
compared to those not working with an odds ratio (OR): 0.75 (p = 0.01) and (OR): 0.71
(p<0.001) for the 2005-06 and 2015 survey years, respectively. If there was intimate partner
violence (IPV), the risk of HIV infection was two times more than when there was no intimate
partner violence for both males and females, as shown in Tables 4 and 5. As the age of house-
hold head increases, the risk of infection within the household increases by 11-20% between
2005-2015 for males and females, as shown in Tables 4 and 5. Males cohabiting are more than
3-9 times at risk of HIV infection than those not cohabiting. This is true for all survey years; as
shown in Table 5, the risk increases over the years. The risk of HIV transmission being higher
in males is also exhibited in Fig 6, which shows that cohabitation is the most influential feature
for males in all survey years associated with HIV positivity.

Discussion

Although there have been a few studies utilising machine learning techniques to predict HIV
in the generalised HIV pandemic, this is, to our knowledge, the first one in Zimbabwe using
routinely collected survey data. This study’s primary goal was to determine the most prevalent
risk factors for HIV infection and the predicted accuracy of machine learning models based on
these risk factors.

By using socio-demographic factors obtained from three ZDHS, this study was able to pre-
dict the HIV status of individuals. After comparison of different algorithms, XGBoost was the
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Table 5. Odds Ratio of male features selected in XGBoost using SFFS procedure.

Survey 2005-06 2010-11 2015
Variable Odds ratio p-value Odds ratio p-value Odds ratio p-value
Cohabitation duration (grouped)
Never Married ref
0-4 3.347549 <0.001 4.232994 <0.001 4.377312 <0.001
5-9 5.874514 <0.001 7.047588 <0.001 6.530351 <0.001
10-14 7.124908 <0.001 7.865179 <0.001 7.520853 <0.001
15-19 6.792356 <0.001 9.919705 <0.001 8.423026 <0.001
20-24 7.735013 <0.001 9.479581 <0.001 9.519249 <0.001
25-29 3.733829 <0.001 7.960904 <0.001 7.066936 <0.001
30+ 6.441015 <0.001 5.548076 <0.001 6.918233 <0.001
Total lifetime number of sex partners 1.012441 0.002 1.013705 <0.001 1.014312 <0.001
Number of household members 0.9135443 <0.001 0.9221065 <0.001 0.9093683 <0.001
Age of household head 1.114831 <0.001 1.117423 <0.001 1.200836 <0.001
Times away from home in last 12 months 1.002773 0.425 1.000984 0.747 0.9966006 0.234
Current contraceptive method
condom use ref ref
no condom use 1.237349 0.155 2.370684 <0.001
Type of place of residence
urban ref ref ref
rural 0.9331089 0.484 0.9045717 0.324 0.871984 0.119
Intimate Partner Violence (IPV)
no ref ref ref
yes 1.613896 0.288 1.882546 0.0236 1.780742 0.01
Currently working
no ref ref ref
yes 0.7523402 0.006 0.959925 0.678 0.7097387 <0.001
Religion
No religion ref ref ref
Christian 0.7597485 0.01 0.8094892 0.055 0.7136371 0.002
Apostolic 0.710367 0.008 0.8097574 0.081 0.8003416 0.048
Other 0.9252984 0.592 0.9331523 0.703 1.322868 0.126
Number of injections in last 12 months 1.170525 <0.001 1.007539 0.252
Respondent circumcised
no ref ref
yes 1.156246 0.258 0.9399439 0.663
Wife justified asking husband to use condom if he has STI
no ref ref
yes 1.564861 0.003 1.424217 0.017
Had any STI in last 12 months
no ref
yes 2.305245 <0.001
Reduce risk of getting HIV
no ref
yes 0.8435852 0.167

https://doi.org/10.1371/journal.pdig.0000260.t005
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best algorithm to predict HIV status. The algorithm was able to determine the most predictive
features/variables of HIV infection common to both sexes. Using SHAP plots, this study addi-
tionally evaluated the direction of the relationship between HIV infection and the predictive
variables.

The total number of sexual lifetime partners was the main influential feature for females,
and cohabitation duration for males in all survey years. Previous studies have shown that the
total number of sexual partners is a risk factor for HIV infection [28-31]. This was in agree-
ment with our results which indicated that the higher the total number of sexual partners an
individual has, the more at risk of HIV infection. To add to the same evidence, a study by Arm-
strong et al. [32] indicated that sexual partner number was an important HIV risk measure.
Our findings also showed that cohabitation was a risk factor of HIV positivity. This finding
can be corroborated by other studies which reported that most heterosexual rates of HIV
transmission take place within cohabiting or married couples [33-37].

Numerous studies have shown that child-head families are more at risk of HIV infection
[38-41]. This is contrary to our findings, as our results indicated that households headed by
older individuals are more at risk of HIV infection. This may be attributed to the fact that the
older the household head is, the less financially stable they are, hence their only source of
income for that family might be from their pension fund, which might not be adequate, result-
ing in the other household members seeking financial assistance from risky behaviours
[42,43].

In addition, living in urban areas was found to increase the probability of HIV positivity.
This was corroborated by other studies [44-46], which reported that people in urban settings
had a greater chance of contracting HIV than people in rural areas.

Our results indicated a higher risk of HIV infection if there was pro-intimate partner vio-
lence. To support this evidence, research done among ever-married and cohabiting women in
Zimbabwe by Henderson et.al [47] studied the relationship between intimate partner violence
and HIV status, and they found out that women who had been victims of any kind of intimate
partner violence were more likely to be HIV positive. The study also commented that the patri-
archal and hypermasculist culture in Zimbabwe contributed to the likelihood of HIV infection.
Further research utilising the ZDHS 2005-06 indicated that approximately six out of every ten
women who reported experiencing some form of violence in their lifetimes had a much higher
risk of being HIV-positive than women who had not suffered any physical or sexual abuse
[48].

To ensure that a substantial percentage of persons tested are HIV positive, a high yield is
necessary when targeted HIV case-finding procedures are used to boost testing’s cost-effective-
ness. The potential for further behavioural-based case-finding techniques to improve or sup-
plement current focused case-finding techniques like index testing is still unknown. For some
limited resource conditions and the planned test coverage, it may be necessary to modify the
acceptable cut-offs for sensitivity and PPV thresholds.

By better identifying those at high risk of contracting HIV, machine learning algorithms
have the potential to enhance the implementation of pre-exposure prophylaxis (PrEP). As part
of an inclusive approach to PrEP, which has gone from development to implementation, pro-
grams can utilise these algorithms to spark discussions about PrEP. However, the limited num-
ber of variables accessible to us for this study constituted one of its drawbacks. We were unable
to determine the impact of variables, including viral load, health care spending, HIV-risk
groups, and other HIV-related interventions. The data also contained missing values, which
necessitated making assumptions about their unpredictable nature and applying intrinsically
flawed imputation techniques. Finally, several variables were self-reported and, as a result,
were vulnerable to recall bias and social desirability.
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Our technique for predictor identification primarily adapts from Orel’s [49] and Mutai’s
[2] methodology, which also chose the XGBoost algorithm as the best. Contrarily, our findings
demonstrate distinct predictors from those discovered in Orel’s and Mutai’s study. Consider-
ing that our study was more specific to Zimbabwe, this might have been the reason why results
from Mutai’s study were not similar to our findings. Additionally, Orel’s population was based
on Eastern Africa, which might have different epidemiological factors from the sub-Saharan
Africa, therefore making the results statistically incomparable.

Conclusion

Our findings may help with social-behavioural HIV detection and improve screening proce-
dures in limited resource settings. In addition, the amount of information needed to identify
key populations in Zimbabwe will be significantly reduced by features/variables which have
been identified in this study through machine learning. Adaptation of HIV screening methods
that more effectively target the adult population, those with multiple partners, those who are
frequently away from home, those who reside in urban areas, those who are not currently
working and other risk factors associated with HIV positivity are needed. Programmes tar-
geted at HIV testing could incorporate machine learning approaches to adequately and effec-
tively identify high-risk individuals. However, to improve the machine learning approach,
further research is required to integrate and implement them in a real-world primary care con-
text. In addition to other risk reduction techniques, machine learning may aid in identifying
those who might require PrEP.
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