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ABSTRACT

Background: The current overall HIV prevalence in Kenya is 4.8%, yet research on effectiveness
of non-occupational Post-Exposure Prophylaxis (PEP) for HIV prevention is still patchy and
consequent risks poorly understood.

Objective: To characterize the PEP real-world effectiveness and prospective sexual health risks
among .

Methods: Data from sex workers aged >18 years prescribed PEP as from 2016 to 15" October
2018 were analyzed. A comparison group of non-PEP/non-Pre-Exposure Prophylaxis (PrEP)
enrolled as from 2016 was used and random sample of 503 taken for comparative analysis in a
ratio of 1:1. Sociodemographic comparison of profiles was done at baseline using a Chi-squared
test. Kaplan-Meier cumulative event and hazard functions and Cox proportional hazards models
were fitted, in analyses that included PrEP, for time-to-ARV initiation.

Results: There were 42.9% of 196 PEP users and 57.1% (comparison group) whose data were
linked with baseline data. Chi-square test for differences resulted in statistical significance in age
categories (p=0.0027) and in sex work duration (p<0.001) between the PEP and the Comparison
group. There were 8 (0.64%) total HIV infections (ARV initiations), 6 (1.3%) from the Control
group and 2 (0.64%) from Pre-Exposure Prophylaxis (PrEP) group. Five (3.1%) incident HIV-
infection/ARV initiation among MSMW and 3 (0.28%) among FSW found. Men who have sex
with men (MSMW) were at higher risk of HIV compared to female sex workers (FSW) with
hazard ratio of 17.2 (p<0.00001). In total 52 (9.35%) sex workers had repeat PEP prescriptions
with 90.3%, 8.4%, 1.1% and 0.2% having had 1,2,3 and 4 PEP episodes respectively. PEP
recurrence rate was 8.6 per 100 person-months of follow up. There was HIV event-free survival
in the PEP group. Univariable and multivariable Cox models yielded same results. Multiple
pairwise log-rank test indicated presence of significant survival difference between PEP and
Controls (p-value=0.046), insignificant differences between PEP and PrEP (p=0.025) and PrEP
and Control group (p=0.631) and evidence of clinically significant results. Survival among PEP
users was comparative better hence effective but not statistically significant at alpha 0.05.
Conclusions: There is evidence that PEP is effective when adherently taken and associated with
event-free survival but this is not statistically significant. The underpin the potential need to scale
up condom counseling and in formulating personalized risk scores for treatment as HIV prevention

among the sex workers for behavioural risk change and more focus on MSM.
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CHAPTER ONE
1. INTRODUCTION
This chapter gives an overview including motivation of the study as well as the current
knowledge gaps. In Section 1.1, the background to the study is presented. The statement of the
problem is presented in Section 1.1 and study justification and significance described in Section
1.2. Section 1.3 states the study objectives while Section 1.4 describes the assumptions of the
study and Section 1.5 study limitations. Section 1.6 describes the organization of the subsequent

chapters of the thesis.

1.0 Background
HIV/AIDS remains a key public health problem in Kenya. Post-exposure prophylaxis (PEP) is an
emergency antiretroviral therapy (ART) to abort acquisition of HIV following occupational
(Panlilio et al., 2005), intravenous drug use, or sexual high-risk exposures (Smith et al., 2005).
However, the public health benefits of PEP will be determined by effectively targeting the most
at-risk populations (MARPS) such as sex workers. PEP is therefore advised following sexual

contact with a partner of unknown positive or known HIV status from a high-risk group.

Previous studies have shown that prompt initiation of ART following occupational (healthcare
providers) and perinatal (immediately before and after birth) exposures to HIV can significantly
decrease the risk of acquiring the virus (Cardo et al., 1997; Connor et al., 1994; Guay et al.,
1999; Lindegren et al., 1999; Mitchell, Furegato, Hughes, Field, & Nardone, 2017; Shaffer et al.,
1999; Wade et al., 1998; Wiktor et al., 1999). These evidence in occupational exposures are
numerous and underscore its significance (Collaborators CDSCa, 1999; Gerberding, 2003,
Tetteh et al., 2015) and have encouraged the use of PEP after sexual and/or non-occupational
exposures (M. E. Roland et al., 2005) and consequently the importance in public health.

Since sexual contact is the most frequent route for new HIV infections (UNAIDS, 2018b) and
accounts for at least three fourths of infections (UNAIDS/WHO, 1998; UNAIDS, 2010),
prescription of PEP for non-occupational exposures becomes appropriate (Kahn et al., 2001), as
viral acquisition across mucosal surfaces is the same for occupational and no-occupational
exposures (Katz & Gerberding, 1997; Royce, Sefia, Cates, & Cohen, 1997) but not without

challenges.



The problem could possibly be an imprecise evaluation of HIV risk by sex workers/PWIDs
arising from the unclear knowledge of HIV serostatus of the sources, hence delay in seeking PEP
compared with perinatal or at healthcare providers level where the serostatus of the source is
certain. Other concerns are on adherence, adverse PEP events (Sonder et al., 2010; Tetteh et al.,
2015), refusal to have follow-up HIV test and the risk compensatory behaviours (Kahn et al.,
2001).

All these underpins the fact that the effectiveness of PEP against HIV after sexual exposure is
still indefinite and the potential clinical outcomes or risks of STIs not well known, especially at
MARRPs level and prevention strategies articulated. Besides, WHO approximates that more than a
million new STIs are contracted every day or 357 million annually with either gonorrhoea,
syphilis, chlamydia, and trichomoniasis (WHO, 2016) and that STIs such as syphilis can
intensify the HIV risk of acquisition at least 3 times. STIs are thus pernicious contributors to the
disease burden (Low & Broutet, 2017).

This limited evidence on the PEP effectiveness for sexual exposures has motivated this study to
evaluate the PEP effectiveness, the future clinical outcomes related to the sexual risk-taking
behaviours and assess whether adherence is related to these sexual risk-taking behaviours among
a cohort of sex workers enrolled in the Sex Worker Outreach Project (SWOP)—Kenya.

Importantly, the care for individuals exposed to HIV involves four pathways: baseline
assessment with testing, counseling and support, prescription of a full 28 days course of ART for
PEP for maximum benefit and prevention of seroconversion, and follow-up with testing three
months following exposure (WHO, 2014a). Essentially, studies on PEP use are therefore
classically both observational and longitudinal by design. This makes SWOP-City useful in the
study of the effectiveness of PEP while concurrently exploring population-based cohort facility-
level design on PEP effectiveness for HIV prevention and the future risks related to its use.

SWOP- City, in itself is a dynamic cohort, and, more than 1,800 sex workers have accessed PEP
at least once and reported condom failure in the past year (Personal communication 6/4/2018
with Joshua Kimani. MBChB, MPH, Dip(Int. Health), Clinical Research Director, UoM/UoN
PHDA). A previous SWOP—-City study on uptake reported about 4% had accessed PEP “more
than once” (lzulla et al., 2016).



In longitudinal cohort studies (in-care) as the SWOP-City cohort, patients are often
longitudinally evaluated and outcomes measured. The clinical and scientific interest lies in the
prediction of the risk of such clinical events, for instance quantifying disease incidence, using
either time-independent, time-dependent data or both, or determining the effectiveness of
(bio)medical intervention. For the cohort, the incidence of these events is related to risk sets’
differences (individuals with and without the event). The study focus is on analyses applied to

incident HIV/STIs diagnoses.

The time-to-event analysis is suitable in determining the effectiveness of a particular treatment
and in understanding the effect of biobehavioral factors (e.g., medication adherence) in health
and diseases. In this study, the Kaplan—Meier method and Cox's Proportional Hazards (PH)
model are fitted to study the probabilities of the events. The longitudinal follow-ups make time-
to-event analysis method potent for analysis of PEP effectiveness due to the pervasive
applicability of Cox PH of making full use of data in the real-time estimation of discrete incident

HIV diagnosis and associated STIs.

In a Cox model framework, hazard ratios and pairwise survival differences were computed and a
method of simple grouping and time zero for follow up being time after completion of PEP first
course. The variable representing PEP exposure taken as dummy variable of (users=1 and
nonusers=0) as described by (Zhou, Rahme, Abrahamowicz, & Pilote, 2005) and used to
determine the PEP effectiveness from comparison groups as single time dependent variable. The

event was time to ARV initiation.

1.1 Problem Statement
The HIV/AIDS has a devastating impact in Kenya which is one of the most affected countries in
sub-Saharan Africa (AVERT, 2018). Current prevalence is 4.8 (UNAIDS, 2018a) and of the 1.6
million PLHIV in Kenya, more than half (53%) are unaware of their HIV status (Ng’ang’a et al.,
2014). In Africa and more so in Kenya, HIV is mostly sexually transmitted and therefore affects
all sections of the population i.e. children, teenagers, adult men and women, either through direct
transmission or from a HIV-infected mother to a child during delivery or the nursing period
(Keats et al., 2018; Kimani-Murage et al., 2014; Maina et al., 2014; Ng’ang’a et al., 2014).



MARPs such as sex workers, PWID, MSM are the most affected. Kenya’s strategic direction is
in the prevention of new infections (MoH/NACC, 2016). However, there is a lack of reliable
epidemiological data on which to base the effectiveness of PEP that can enhance understanding
of its utility and in turn lead to effective HIV prevention while developing sustainable strategies.
Use of condom at last high-risk sex is just 43.9% among Kenyan adults aged 15-49 (UNAIDS,
2018a) and the repeat PEP use is a pointer of potential future risks of STIs, even so, inadequate

research data to quantify the STIs associated with it.

There are factors that contribute to the incidence of new HIV infection and therefore the
prevalence of disease. These include unawareness of ones” HIV status (Cherutich et al., 2012),
not taking measures to prevent infection either before or after exposure to the disease especially
using antiretroviral therapy, an infected mother not taking measures to prevent transmission of
the virus to her child especially by not taking the antiretroviral therapy so as to lower the viral
load (Inungu & Karl, 2006; Kembo, 2012; Sing & Patra, 2015; Todd et al., 2006).

New infections will have a burden on the economy as there will be a need for the government to
invest more in providing free ART to those affected. For those who are not on treatment, there’s
a risk of spread of the same and increased burden to the healthcare system when they present
with AIDS-related complications. Economically, the workforce is also reduced either due to
morbidity or mortality due to the same (Dixon, McDonald, & Roberts, 2002; Inungu & Karl,
2006).

For those individuals that take preventive measures after exposure to HIV especially with use of
antiretroviral therapy, whether for Post-Exposure Prophylaxis (PEP), Pre-Exposure Prophylaxis
(PrEP) or Prevention of Mother-To-Child Transmission (PMTCT), the effectiveness of this is
important so as to determine whether it is cost-effective to continue with the same or to devise

new strategies.

While HIV risk exposures are preventable, it remains to impose severe impacts on individual and
public health. However, PEP if ideally initiated very early (within 72 hours), for all individuals
exposed and at high risk of acquiring HIV, and ideally within 72 hours and can be a useful tool
in TasP (WHO, 2014b). Assessment of the relationship between adherence and sexual risk-

taking needs to be done and is quite vital to the effectiveness of PEP intervention, trends of
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uptake and quantification of prospective risks of STIs and comparative analysis of non-PEP

users.

Previous research too has presented mixed results on the effectiveness of PEP against HIV after
non-occupational exposure (M. E. Roland et al., 2005) and others available have mixed
methodological quality. Hence, this study seeks to, using time-to-event methods, characterize
and determine the effectiveness of post-exposure prophylaxis (PEP) and related clinical
outcomes in SWOP-City cohort. Analysis of data arising from the cohort requires special
methods as some observations may be censored when the event of interest hasn’t occurred for all

sex workers.

1.2 Study Justification and Significance
Pre-exposure prophylaxis may reduce an individual's risk of acquiring HIV (Tumarkin et al.,
2018), on the other hand, it is still not entirely clear, given few studies, whether people at high
risk of exposure to HIV are conferred sufficient protection if they use PEP. Since SWOP-City
also rolled out PrEP, this study does comparative analysis with the non-PEP sex worker group,

including the PrEP prescriptions.

It is also not definite whether current strategies for PEP after sexual exposures are satisfactorily
specific. Utility of this study is found on the need to characterize PEP trends of usability and
related risks among the sex workers and infer programmatic (cohort effects) and public health
implications and the potential need to scale up PrEP given likely recurrent risks related to PEP
and condom use information uptake or in formulating personalized risk scores for PrEP use for
HIV.

PEP comprises of a 28-day course of ART provided within 72 hours prophylactically for a high-
risk exposure (Smith et al., 2005). Conversely, a high proportion of exposed individuals stop
both their prescribed 28-day PEP course for HIV before 15 days and follow-up testing for HIV
before month 3 (Bentz et al., 2010) and its tolerability if often poor (Milinkovic et al., 2017).
These worries associated with users’ adherence have limited PEP prescription for the MARPS

(Landovitz et al., 2012; Oldenburg, Barnighausen, Harling, Mimiaga, & Mayer, 2014).



Assessment of whether PEP adherence is related to sexual risk-taking is important for the
effectiveness of SWOP-City programme and in the identification of potential hotspots in the

MARPs for HIV transmission that may diminish PEP potential protective benefits.

Few randomized controlled trials exist (e.g., Fatkenheuer et al., 2016; Milinkovic et al., 2017;
Michelle E. Roland et al., 2011) have been conducted largely on tolerability, although additional
evidence presented the benefits of PEP for HIV (Irvine et al., 2015) in nonhuman primate
studies. But in humans few efficacy studies exist, and, while nested case-control studies have
been done on health care providers following exposures from needle sticks (Cardo et al., 1997;
Jain & Mayer, 2014) hardly any expressly on PEP following sexual exposure. This study fills the
gaps in PEP for HIV literature and therefore could be a reference in the formulation of TasP

policies in Kenya and elsewhere.

Although sex workers and/or MARPs (FSW, MSW, MSM, PWID/PWUD) may benefit from
PEP, there may also be other clinical outcomes related with the high-risk behaviours such as
STIls and HBV/HCV more common in MSM (Falade-Nwulia et al., 2015). This is the case since
the rates of STIs are rising in some MARPs (Marrazzo, Dombrowski, & Mayer, 2018). This
study quantifies the high-risks related with PEP usage and present the empirical evidence using
both an observational and longitudinal cohort designs given the characteristic feature of SWOP-
City of simultaneously being population-based cohort which can provide a thorough
understanding of PEP protective benefits and related recurrent risks or otherwise and a further
research to attempt to decrease the frequency of STIs in MARPs.

Apart from MARPs, this study, as aforesaid, seeks to characterize the PEP effectiveness and
therefore useful for the general population’s consumption and countering the “where is the data
(evidence)” narratives on potential protective benefits of PEP — if found. It can also be a source
of information for basic research (biomedical science) in improving efficacy of the prophylaxis if
need be. Similarly, this study can sufficiently provide information to future research agenda
especially to clinical trialists in the design of randomized clinical trials in HIV TasP studies
related to PrEP/PEP among others on considerations of inclusion of STI clinical outcomes as co-

endpoints where it’s fitting.



More so, data on PEP utility are rare. This study uses the SWOP-Kenya data to provide
knowledge for utility/uptake that is still weak in Kenya (Olsthoorn et al., 2015) and thus enabling
PEP to become a critical tool for prevention of HIVV among sex workers — and the general
population. Similarly, analysis of risk-taking behaviours can further provide evidence for more
interventions and psychosocial support linkage by SWOP-City and enhancement of operations

with regard to the MARPSs at policy levels.

SWOP-City is a unique longstanding observational cohort and analysis of its data may present
statistical challenges and opportunities. The main challenge is different times of observations.
However, opportunities abound in time-to-event analysis and estimation of proportion at-risk
(free of event) at any time is feasible using Kaplan—Meier method combined with significance
testing between the different sex worker groups via log-rank test as well as estimation of survival
differences between them through hazard ratios. Covariate effects can be estimated too using

Cox Proportional Hazards models.

An additional statistical challenge is in the repeat PEPs and/or recurrent STIs due to internal
clustering of survival data—unobserved heterogeneity (Liu, 2014) from repeated events (Lin,
Wei, Yang, & Ying, 2000) hence the potential use of frailty models and random coefficients

models. However, this was not done given the nonoccurenece of STIs in the group.

1.3 Study Objectives

1.3.1 General Objective
To characterize and determine the effectiveness of non-occupational post-exposure prophylaxis
(PEP) in SWOP-City cohort using time-to-event analysis.

1.3.2 Specific Objectives

i) To assess the demographic characteristics, baseline sexual practices and risk behaviours

for HIV
i) To compare the survival of the key populations specifically MSMW and FSW
iii) To characterize the incidence of, and trends (patterns) for PEP episodes

iv) To determine the effectiveness of PEP and compare with that of PrEP



1.4 Assumptions of the Study
Data was assumed missing completely at random (MCAR). Mechanisms of data missingness are
categorized into three: MCAR, missing at random (MAR), and missing not at random (MNAR)
(Little & Rubin, 2002). MCAR occurs when the missing data are unrelated to the unobserved
and observed variables of the study, this means that the observed data is statistically
representative of all sex workers’ PEP experiences. In the Kaplan—-Meier (KM) analyses, non-
informative censoring is assumed, that is, sex workers who dropped out of the PEP ART did so
because of reasons not associated to the programme (Campigotto & Weller, 2014; Ranganathan

& Pramesh, 2012). Sex workers with missing data are not be modelled.

As aresult of MCAR, it is assumed that the sex workers are comparable, and additional follow-
up time in the earlier years adds no value to comparisons in the entire period. Sex workers are a
risk set, only if they were at the time under observation and at risk for the event and that any
censoring or drop-out is not related to the primary outcome or co-primary outcomes. This is
useful since in KM estimator (Kaplan & Meier, 1958) and Cox proportional hazards model (Cox,
1992) for estimation of time-to-event regression models, where the risk set at a specific event
time has all sex workers being observed and have not yet experienced the event of interest

(Betensky & Mandel, 2015) when there are no delayed entries to the study.

This study also assumes that in the Cox Regression model, the proportional hazards assumption
is valid across all the categories of age groups. Equally, it is assumed that sex workers with at
least one STI diagnoses in the study period could be correlated due to some “unmeasured”
biological changes attributable to these recurrent STIs, demonstrating the accumulating effects

on the hazard of transition not measured or hard to quantify.

1.5 Organization of the thesis
This thesis is divided into 6 chapters, the first is this chapter, Introduction. This chapter presented
an essential overview of PEP for HIV prevention and motivation for this study to enable the
readers of this thesis to have sufficient knowledge to understand and follow the successive
chapters. Chapter 2 reviews the existing literature of PEP and statistical methods for survival
analysis. In Chapter 3, the SWOP-City data are explored and survival models applied in its
analysis. In Chapter 4, results from the exploratory data analysis and survival models are

presented. Chapter 5 presents the discussion of the results and how it compares with existing



empirical literature, directions for future research and provide conclusions of the thesis, public

health implications and directions for future work.



CHAPTER TWO
2. LITERATURE REVIEW
2.0 Introduction

This chapter provides a literature review on HIV epidemiology in Kenya, PEP—uptake,
adherence, and adherence counseling in relation to seroconversion and STI risks. The chapter is
also concerned with the concepts and models, mostly Cox PH, for the analysis of time-to-event
data, relevant to the analysis of SWOP—City data. In the programme, some sex workers
repeatedly accessed PEP, there is a possibility of recurrence of STIs besides repeat PEP courses.
In view of this, models for recurrent data are reviewed in this chapter for subsequent application

in chapter 3.

2.1 Epidemiology of HIV in Kenya
By the end of 2017, a total of 36.9 million people were infected with HIV globally. The region
most affected by this epidemic in Africa with Kenya, Mozambique and Uganda having the
fourth-largest joint epidemic worldwide as at the year 2016 (UNAIDS, 2018b). In 2016, there
were a total of 1.6 million PLHIV (AVERT, 2018; UNAIDS, 2018b).

HIV was first detected in Kenya in 1984 and the incidence increased through the years, whereby
in the mid-90s, HIV was one of the major causes of morbidity and mortality in Kenya having a
huge impact on the Kenyan economy and healthcare system (NACC, 2014a). The prevalence at
1996 was 10.5% of the general population but with improvement in the healthcare system and
improved management of HIV, by 2015 the prevalence had reduced to 5.9% (AVERT, 2018).

The prevalence of HIV in 2016 was 5.4% which is a decline from 2015 (UNAIDS, 2017)
estimates. In the same year, 36,000 deaths were reported to have been due to AIDS-related
complications which is a decline from a previously reported 64,000 deaths due to the same in
2010. Of the infected, 64% of the adults, 65% of the children were on anti-retroviral treatment
(AVERT, 2018; UNAIDS, 2017, 2018b). There were 62,000 reported new HIV infections.

Geographical location is a major factor in the prevalence of HIV with a range of 0.1% in Wajir
county to 25.4% in Homa Bay county in Kenya (PEPFAR [U.S. President’s Emergency Plan for
AIDS Relief], 2017).
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There are certain groups that are also most affected by HIV in Kenya. These key populations are
sex workers (both male and female), MSM, people who inject drugs (PWID) (IBBS, 2012; IOM,
2011; Musyoki et al., 2015).

About 3 years ago, studies reported that about 29% FSWs are living with HIV (MoH/NACC,
2016; Musyoki et al., 2015) although a pooled prevalence of 45.1% in FSW in comparison with
7.7% in female general population (Baral et al., 2012) was a little earlier reported. Among MSM
about 18% (IOM, 2011; MoH/NACC, 2016; IBBS, 2012) was reported in both the year 2010 and
2011 and majority were in Mombasa and Nairobi (NACC, 2014a). MSM, mostly those in
transactional sex, significantly contribute to the HIV epidemic in Kenya (McKinnon et al., 2014;
Muraguri et al., 2015).

2.2 Post-Exposure Prophylaxis (PEP)
2.2.1 PEP Uptake

The uptake of post-exposure prophylaxis has been risen since its introduced and recommended for
occupational and non-occupational exposures of HIV infection. Scientific publications exist on the
uptake and effectiveness of PEP. A ten-year retrospective study done by Tissot et al. (2010) on
non-occupational HIV exposures, found that there was a significant increase of PEP intake
between 1998 and 2007.

Poynten et al. (2009)’s prospective analysis of nPEP use in relation to HIV infection and future
HIV risk behaviours among homosexual men in Australia, found that above 70% of participants
had previous information on nPEP and reported significant increase PEP uptake. However,
Poynten et al. did not find a significant relationship between nPEP use and HIV risk behaviours.
In a similar study done in Amsterdam, a modest increase of PEP uptake was observed after
potential HIV exposure (Sonder et al., 2007), interestingly, about 75% of PEP requests were from
MSM.

In Nairobi, Kenya, lzulla et al. (2016) reported 20 % of sex workers (n = 1119) asked for PEP at
least once with close to 4% having accessed PEP more than once. The recurrent users were
younger, with higher numbers of casual partners but had regular partners and highly likely to use
condoms. In the lzulla et al.’s study, side effects, stigma, and lack of knowledge were the barriers
to uptake of PEP.
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2.2.2 Adherence to PEP, Adherence Counselling and HIV Seroconversion
WHO (2003) defined adherence as “the extent to which a person’s behaviour — taking medication,
following a diet, and/or executing lifestyle changes, corresponds with agreed recommendations
from a health care provider”. Within the context of PEP, incomplete adherence to the ART might

raise the risk of seroconversion.

In a sample of 877 of HIVV-negative people potentially exposed through sexual/injection drug
use, Roland et al. (2005) reported seroconversion in 7 individuals and the possibility of
“chemoprophylactic failure”. Roland et al. established that it is challenging to attribute the
causes of seroconversion in non-occupational exposure due to increased likelihoods of

subsequent exposures and that the effectiveness of PEP was somewhat indeterminate.

Malinverni et al. (2017)’s multivariate analysis for predictors of PEP adherence reported 66.4%
completion rate of a 28-day treatment by participants. Malinverni et al. found that the use of PEP
in previous occasions was associated with increased odds of PEP adherence. Also, MSM were
more likely to adhere to PEP treatment as compared to the other groups with an odd of 1.4. In a
similar study conducted by Thomas et al. (2015), 11 patients seroconverted within the follow-up
time, and it was concluded that only a small proportion was as a result of PEP failure because of
the continued high-risk behaviours already reported elsewhere (Gulholm, Jamani, Poynten, &
Templeton, 2013; M. E. Roland et al., 2005; Tissot et al., 2010).

In a systematic review and meta-analytic study conducted by Oldenburg et al. (2014) on adherence
of PEP, the overall adherence was found to be 78%. Among the 17 studies included, 3 were
randomized, 9 prospective and 5 were retrospective. A high variance in pooled PEP adherence
between the three categories was observed. Retrospective studies had the highest pooled adherence
levels followed by randomized trials and then the prospective studies. According to Poynten et al.
(2009) and Malinverni et al. (2017), men requesting for PEP had higher chances of seroconversion
in their later days. This occurrence could be attributed to subsequent risky behaviours increases
the likelihood of HIV exposure (Donnell et al., 2010).

Promising strategies for improving adherence to PEP are available. Supportive psychotherapy or
counseling is an important component of PEP therapy (Grodesky, 1996). This may involve PEP
adherence counseling tailored to address mental health stressors and/or psycho-social factors that

may have negative impacts on the PEP adherence (Blashill, Ehlinger, Mayer, & Safren, 2015) and
12



in turn affect medication effectiveness. Likewise, in the SWOP-City, linkage to psychosocial

support may influence PEP adherence positively and therefore act as an effect modifier.

2.2.3 Association with Sexually Transmitted Infections
Exposure to STIs will frequently co-exist with exposure to HIV by sexual routes (WHO, 2014a)
hence provisions of PEP may also promote testing for other STIs (Kahn et al., 2001). Cohort
studies have previously demonstrated that STIs are more likely to be diagnosed in MARPs
(Mayer et al., 2014) including incident HBV (Falade-Nwulia et al., 2015) hence promoting HIV
epidemics due to risky sexual practices. PEP prescriptions are associated with elevated risk of

subsequently acquiring HIV/STIs (Mehta, Erbelding, Zenilman, & Rompalo, 2003).

Risky sexual behaviours are associated with increased STI counts (Fletcher, Rusow, Le,
Landovitz, & Reback, 2013). Among sex workers, the high prevalence of STIs has been reported
with trichomoniasis reaching prevalence above 20% and gonorrhoea above 5% (Grigoryan et al.,
2013) with reinfection playing a huge role (Mehta et al., 2003). However, consistent and
appropriate use of condoms can considerably decrease the risk of HIV/STIs (NACC, 2014b).

Among determinants, STIs reinfection are age and sexual orientation (Hughes et al., 2001),

In Kenya, lzulla et al. (2013) associated PEP use with gonorrhoea (6.9%), taking alcohol
(84.3%), increased condom use (85.1%) and previous HIV testing (89.2%). Motives for
accessing PEP were on client mistrust. PEP use is an indicator of future risks of HIV/STI. lzulla
et al.’s results are quite consistent with Hladik et al. (2017)’s Kampala, Uganda study among
FSW not accessing PEP but equally most-at-risk, in which case HIV infection was linked to low
levels of education, lack of other jobs, gonorrhoea, genital ulcers, or any STI, gender-based

violence, physical abuse and rape.

2.3 Methods for Time-to-event Analysis
2.3.1 Basic Concepts of Time-to-Event Analysis
The time-to-event analysis is an area of statistics is widely used in medical research and other
fields as economics, social sciences and reliability studies in engineering to analyze and model
time-to-event data. The time-to-event analysis considers the time between a fixed starting point
(Bradburn, Clark, Love, & Altman, 2003), examples in medical research include duration between

treatment administration and recovery, time to cancer diagnosis, cancer remission to relapse, time
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to a terminating event — death etc. Time-to-event data are rarely normally distributed, however,
are skewed and include typically several early events and comparatively few late events, hence

special analysis methods are employable (Clark, Bradburn, Love, & Altman, 2003).

Censoring occurs when some information about individual survival time are available, but the
survival time is not known exactly. occurs due to loss to follow-up in the study period, and
withdrawal from the study for death or some other reason like adverse drug events.

Survival function S(t) is the probability that an individual survives longer than some specified
time t. If T is a non-negative random variable signifying the waiting time until the event of
interest occurs, S(t) provides the probability that the random variable T is beyond the specified
time t. S(t) is essential to time-event analysis and often expressed as a KM curve where the

vertical drops in a specify an event.

Hazard function (h(t)) gives the instantaneous potential per unit time for the occurrence of the
event of interest, conditional on the individual has survived up to time t. h(t) is fairly a measure
of risk. While the Hazard Ratio (HR) is the ratio of incidence rates—the HR is an estimate of
the ratio of the hazard rate in one group to another. It’s analogous to relative risk.
Generally, two regression models exist for the time-to-event data: semi-parametric model (Cox
PH model) and parametric models accelerated failure time (AFT) models (Montaseri, Charati, &
Espahbodi, 2016).

2.3.2 Parametric modeling
Typical parametric models include Weibull, exponential, and log-normal (Therneau &
Grambsch, 2000). They are useful only if the parametric assumption exists and therefore a more
powerful analysis may be done. Parametric AFT models are alternatives to the PH model (Wei,
1992). Different from the PH model described in section 2.3.4, the AFT method models survival
times directly and produces a summary measure interpreted in respect of the survival curve
(Hutton & Monaghan, 2002). The focus of this thesis is on Cox PH.

2.3.3 Nonparametric modeling

2.3.3.1 Kaplan-Meier Method
The probability of survival can be estimated from the survival times that were observed, for the
censored and uncensored, by Kaplan and Meier (1958) — KM (product-limit) approach.
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Suppose that the sex workers have k distinct events during the follow-up at distinctive times
t1<tj<---<ty, then at each event time t; then there n;j sex workers at risk, that is, those that do not
have the event of interest and uncensored before t;. djis the number having the event at t;. And
since the events are assumed to occur independently of one another, the cumulative probability
of survival is obtained by multiplying the probabilities from one interval to the next. That is, the
probability of surviving at time tjis got from S(tj-1) and in terms of notation, the cumulative

probability calculated as:

d;

2.1) 3(t) = M < (1 - —)

n;
Where: S = the estimated survival probability at time t: P(>t). The risk set n; at time tj consists of
the original sample minus all those who have been censored or had the event before t;. dj/n; =
gives the proportion that experienced the event at the event time tj; 1- dj/n; is the proportion
surviving the event time. Usually, dj= 1 person, in cases where data are grouped in time intervals

(e.g., everyone who had the event in the 2" month). Hj;t,-st = multiplication of the survival

probability of event time t with the probabilities of surviving all the prior event times.

The KM assumptions are that the survival probabilities are similar for all the individuals enrolled
early and late, censoring is not related to prognosis and that the events occurred at the times
indicated (Bland & Altman, 2004).

2.1.1.1 Comparing survival curves—Log-rank test and Wilcoxon test
In medical and epidemiological research, the survival experience of two or more groups of
individuals is usually compared. Wilcoxon test proposed by Gehan (1965) and Breslow (1970)
and the log-rank test suggested by Mantel (1966) and Cox (1972) are usually used in the

comparison of survival curves.

The log-rank test is a version of chi-square (x?), considerably computed in a similar manner as
the »2 statistic (Stevenson, 2009) and p-value obtained from the »?table. It is used in the
calculation of a test statistic for a null hypothesis that there is no difference between the groups
in the probability of an event at any time point. And approximately »? with one degree of
freedom. It’s based on the similar assumptions as the KM survival curve (Bland & Altman,
2004).
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For KM curves, statistical significance may be the p-value obtained from the log-rank test or
Wilcoxon test. However, as the log-rank test is purely a significance test, cannot give an estimate
of the size of the (overall) difference between groups and a related confidence interval. Secondly,
the KM method and the log-rank test cannot study many factors simultaneously, and therefore

not used in the multivariable analysis.

Wilcoxon is a form of the log-rank test weighting strata by their sizes and gives more weight to
earlier time points, hence more sensitive to differences at earlier time points. The log-rank test

has most power for testing differences and frequently applied after checking for PH assumption
validity—so is effective as a set-up for later Cox PH models, with Wilcoxon being the fallback

approach if the PH assumption is unmet (Martinez & Naranjo, 2010).

2.3.4 Semi-Parametric modeling
2.3.4.1 Cox proportional hazards model

Cox PH relates several covariates or risk factors considered simultaneously, to survival time. The
measure of effect is HR. It also allows for both continuous and categorical prognostic factors to
be modelled. It models the shape of the h(t) with an empirical part that is dependent on time and
an exponential part dependent on the covariates (Laura Lee Johnson & Joanna H. Shih, 2012).
Suppose a sex worker i at risk of an event after being followed for time t. The proportional
hazard is shown as:
(2.2) hi(t) = ho(t)e Pt B

or
(2.3) log hi(t) = ho(t) + Byxip + Baxz + -+ BrXik

And compared with another j in a different group

_ k(e ho(t)eP1¥intBrxik
BT i) ho(£)eP1¥i1t Bk

= ePir—xi)+B(Xi—Xik)

(2.4) HR

It has a baseline ho(t) that is left unspecified however must be positive i.e the hazard when all the
covariates are zero, a linear function of a set of k fixed covariates that is exponentiated and is
equivalent to the relative risk. The h(t) must be strictly parallel; this implies that the change in a

prognostic factor/predictor leads to a proportional change of the hazard on a logarithmic scale.
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This produces covariate-adjusted HRs independent of time. £ is the logarithm of the HR between

the two corresponding data subgroups for one binary predictor.

The Cox model is extendable to time-dependent covariates (Y. Xue & Schifano, 2017) such as
adherence to PEP self-reported over time have a proportional effect on h(t) over time. For this,

the HR for two individuals with covariates xi(t) and x;(t) is:

C_h® _ he®eF RO priyx))
(2.5) HR;; = hi© ho(t)eﬁ,xf(t) =€

2.3.4.2 Model Diagnostics for the Cox PH
The purpose of diagnostics is to ensure the PH assumption is met, checking for influential
observations (outliers) and checking for suitability of the variables’ functional forms (i.e., which
variable to include in the model). Xue and Schifano (2017) discuss goodness-of-fit for the Cox
model diagnostics largely based on residuals and earlier research by Hess (1995) on graphical

techniques. Full details of these are found on Xue and Schifano (2017)’s article.

This study has categorical predictors and explores the utility of residual, deviance residuals for
linearity testing and outliers, graphical methods to test PH assumption. PH assumption violation
is solvable by stratification and adding time*covariate interactions (Borucka, 2014; Fox &
Weisberg, 2002) as implemented by Tolosie and Sharma (2014).

2.3.4.3 Tests for Significance of Effect for the Cox Model and Interpretation
Often statistical task in the time-to-event analysis is modeling the covariate effect. The
prognostic index is the key outcome from a Cox model (Royston & Altman, 2013). The
significance of the effect of every covariate in the Cox PH model is typically checked by the
Wald test, likelihood ratio test (LRT) and the score test (Belaskova & Fiserova, 2017; Tolosie &
Sharma, 2014). The Wald statistic is frequently used in software packages, and the value (e.g., z
in R software) from the Cox PH results corresponds to the ratio of each regression coefficient to
its standard error. The Wald statistic evaluates whether the B coefficient of a given variable of an
individual is statistically significantly different from a hypothetical individual having a

prognostic index of 0.

In the model, the regression coefficients are the weights obtained from the linear predictor,

where higher values (positive signs) show a higher hazard (i.e., the risk of failure) and worse
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prognosis (Royston & Altman, 2013) for the individual in terms of the variable. The
exponentiated coefficients are the HRs, which give the effect size of covariates. The overall
statistical significance of the model is indicated by p-values from three asymptotically equivalent
alternative tests (The Wald test, LRT and score log-rank statistics) which usually give the same
results for large sample sizes. However, the LRT is preferable for its better behaviour for small

sample sizes.

2.3.5 Modelling Repeated (Recurrent) Time-to-Event outcomes
Recurrent health problems are often encountered in medical and epidemiological studies, and
maybe put into two categories: (a) continuous risk interval, which is suitable for discrete health
problems where the first incidence doesn’t rule out the likelihood of a second closely afterward
(Guo, Gill, & Allore, 2008), and (b) discontinuous risk intervals such as for infections (e.g.,
Hughes et al., 2001) and hospital admissions. That is, when an individual has an STI s/he is not
at risk of the second infection pending recovery from the initial infection, hence the period of

infection needs to be removed from the risk set outcomes.

Due to the independence assumption of Cox PH, it can merely be applicable for time-to-event
analysis of the first event only (Pandeya, Purdie, Green, & Williams, 2005) and this brings
wastefulness in data use. Guo et al. (2008) discuss six models for analysis of such data based on
Poisson regression, extended Cox and Frailty. An approach could be in modeling the number of
events for each individual and fitting a negative binomial or Poisson models but Amorim and Cai
(2015) contends that it’s wasteful since information concerning the timing of events isn’t
utilized. A possibility could be in simple random coefficients model or simple frailty model (Ha,
Jeong, & Lee, 2017).

For the recurrent STI diagnoses, it is possible to hypothesize that individuals who had repeated
infections during the follow-up period share a common biological heterogeneity that can’t be
quantified (Wand & Ramjee, 2015). For instance, an “unobserved heterogeneity” can be
incorporated in the analysis by jointly modelling HIV seroconversion with the recurrent STIs

using random effects Cox regression similar to Wand and Ramjee approach.

2.4 Brief review of methods for analysis of drug effectiveness
As explained in their paper, Phadnis et al. (2014) on estimation of the medication effectiveness,

the of assessment of medication effectiveness in literature is founded on calculation of a HR
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comparing hazard of event for two groups, that is, those with or without medication/drug
exposure. Cox proportional hazards model is useful in assessment of drug/treatment effect.
Methods include simple group matching which includes a (single time point) fixed-in-time
medication use (1 = users and 0 = nonusers) dummy variable (Zhou et al., 2005). The
aformentioned two groups are then followed from the time of prescription (time for matching for
nonusers) until the event occurs or to the end of study follow-up. Cox PH model can also be used
through time-dependent exposure variable having 0 = for before use and 1 = for after medication

use.

Medication effectiveness can also be modeled in a complete time-dependent Cox PH model
approach by considering interactions between time-dependent covariates of medication status
(current medication usage status — on versus off), the “proportion of cumulative exposure” to
medication at a given point in time, and the “switching behaviour between taking and not taking”
the medication by the patient as robustly described by Phadnis et al. (2014). Other methods,
potentially for prophylaxes, include “the net effect of efficacy, adherence, and any change in
sexual behavior” (e.g., McCormack et al., 2016). Often, measurement of event-free survival

(EFS) in studies is a way of seeing how well a medication/treatment works.
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CHAPTER THREE
3. METHODOLOGY

3.0 Introduction
This chapter presents the study context and setting, specifies the study design, the datasets
motivating this thesis is presented and the sampling strategy described. The chapter also
identifies the main study measures and variables and outlines analysis methodologies with a
focus on the application of the Cox PH model to SWOP-City data. Due to statistical semantics
arising from a lack of a unified approach in the statistical literature, analyses in this chapter were
considered univariable in contrast to bivariate (e.g., Beymer et al., 2017) and multivariable (see
Tsai, 2013, on achieving consensus on multivariable analyses).

3.1 Study Design and Data Source
This is a study from a well-established SWOP—-City cohort using data collected retrospectively
from sex workers’ clinical database for HIV prevention, Care and Treatment maintained by
University of the Manitoba/University of Nairobi. SWOP-City has the strength of potentially
being a standard longitudinal cohort design and observational design at the same time combined
with population-based cohort facility-wise study of PEP/TasP and associated sexual risks and
risk behaviours.

Inclusion criteria is data from HIV-negative sex workers/MARPS, aged >18 and having been
prescribed PEP (>1) from since roll up year to August 2018, active in sex work in the past 3
months, has at least one full sexual health screen (test for gonorrhoea, HIV, syphilis and
chlamydia). For the comparative group, eligibility is HIV-negative sex workers/MARPSs of no

known history of PEP in the entire study period).

3.2 Sampling
There is an inter-relationship among sample size, effect size, significance level = P(Type | error)
= the probability of detecting a significant effect when actually there is none, and Power = 1 -
P(Type Il error) = probability of not observing a significant effect when truly there is an effect.
The sample size was estimated for comparing HR using a formula from Shao, Chow, and Wang
(2003) and Collett (2004):

(2.6)
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. (Zayjz + Zp2)?
p1P2[log(HR)]?

Where Z, ,, and Zz , corresponds to the upper a/2 and upper /2 points of the standard normal
(2) distribution (or probit function). For a 2-sided type I error, a, § is the Type Il error, and

therefore 1 — B is the power, p is the event rate in the population, in which case p, = 1 — py,

and hazard ratio, HR.

The current reported overall prevalence of HIV is 28% among cohort FSWs and at least 34%
among the MSMW (UoM/UoN, 2018), giving a pooled prevalence of 31%. For the period under
study, a 3.5% seroconversion rate was used and a 50% reduction in hazard of HIV for those
taking PEP. The sample aim was to test covariates classifying half of the sex workers as low risk
and the other half as high risk. The function was implemented in R, as in equation (2.6) to obtain

the number of events for the whole sample:

hr=2.35  # Hazard ratio
hrO=1  # the assumed initial HR, HR before PEP intervention/Null hypothesis HR
pE=0.31  # the general probability of occurrence of the HIV

#event
pA=0.5  # the sample size proportions allocated to PEP group
alpha=0.05 # type | error
beta=0.20 # beta is 1-power
(n=((gnorm(1-alpha/2)+gnorm(1-beta))/(log(hr)-log(hr0)))*2/(pA*(1-pA)*pE))
ceiling(n) # number of events (ng)= 211, if all the cohort data in the period are used.
(Power=pnorm((log(hr)-log(hr0))*sgrt(n*pA*(1-pA)*pE)-gnorm(1-alpha/2)))

139
0.31

The total sample size, N = Z—E = = = 448.
E

After adjusting for missing data resulting from data management, all the PEP data in the period
was used (N1=503), and this reduced to 470 after data management.

Simple Random Sampling (SRS) method was used to select 503 from comparison (non-PEP/PrEP)

group:
# Simple random sampling the data
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nonpep<- read.csv(file.choose())

sampled<-nonPEPpop[sample(nrow(nonPEPpop), 503), ]

write.csv(sampled, file = "sampleszed.csv")

This also reduced to 468 after data management. Since total number prescribed PrEP were few

(397), it was cleaned and reduced to 314 and used for comparative analysis.

3.3 Variables and Measures

3.3.1 Sociodemographic and baseline covariates
Categorical age (18-25 years, 26—30 years, 31-35 years, 36-40, 41-45 and 45+ years). Marital
status (single, married, divorced/separated/widowed), binary education (secondary or below,

college or above). Binary key population type (FSW, MSMW).

Baseline covariates were: binary length of sex work (<mean, >mean), average casual clients
(<mean, >mean), average regular clients (<mean, >mean). Sexual practices and risk behaviours:
regular client vaginal sex (never, often, always), regular client oral sex (never, often, always),
regular client anal sex (never, often, always), casual client vaginal sex (never, often, always),
casual client oral sex (never, often, always), casual client anal sex (never, often, always), sex
under alcohol influence (never, sometimes, mostly, always), use drugs (yes, no), condom (often

use) frequency (always, sometimes, never), condom use consistency (yes, no).

3.3.2 Primary Outcome variable
The incident HIV ARV initiation of the sex workers was considered as the desired event. The
event time was defined as the interval between first PEP prescription and an ARV initiation or

censoring (time in months).

3.4 Ethical considerations and Data Management
3.4.1 Ethical considerations
Being a subset of a parent study within the UoM/UoN HIV prevention, care and treatment
research programme, administrative permission to use the SWOP-City data was obtained from
the PHDA. The study was presented for approval to the Ethical Review Committee of the
Kenyatta National Hospital/UoN College of Health Sciences as part of UoM/UoN use of clinical

database.
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3.4.2 Data Management
As with programme data, multiple dataset files were encountered with varied subsets of
observations. The files were appended, where applicable, using R rbind() or append() functions
if they had similar variables and merge() and dplyr package right, left, inner, outer, anti and semi

join functions used for inclusion of new variable to the rows using numeric unique identifiers.

The unique identifiers were of multiple alphanumeric types for the subsets of observations,
where the numeric part was unique for all services, at enroliment, any type of clinic visit
regardless of key population type. In order to facilitate efficient merge without loss of
information, the alphanumeric was separated into characters and digits using colsplit function of
the reshape2 package: colsplit(df$alphanumericcolumn, "(?<=\\p{L})(?=[\\d+3$])", c("char",

"digit™)). It’s the numeric part was used for merging/joining the files.

File joins were done, initially, using all rows of a master file having types of service (ART,

PrEP, PEP, Ols) and inconsistent observations—with clashing unique numeric identifiers—with the
full register removed. To ensure that only data for sex workers prescribed PEP is included in the
analysis, those prescribed PrEP or both prophylaxes courses at at least some point during the
follow up were removed and carefully looking at the seroconversion in order not to exclude

inappropriately.

For the comparison group, the data for non-PEP takers within the period were filtered out and
corresponded to the period as from the year of the first PEP prescription in the PEP group (i.e,
enrollment at the time of the first year of PEP among the PEP group). Rows (sex workers) with
earlier than 2016 ARV initiation were excluded, the resulting data was cleaned and
inconsistencies addressed by the PHDA team. A sample was drawn from this dataset as
described in Section 3.2. Sex workers (rows of data) without HTC results but had enrollment
earlier than June 2018 were removed due to the cohort recommended periodic three months
HTC.

3.4 Data Analysis
R Core Team (2018) was used in the analysis of data. All predictors were assessed at baseline.
Univariable Cox proportional hazards (Cox PH) models were used for predictor variables, as
well as univariable Kaplan-Meier (KM) estimators with log-rank tests for predictor variables,

were fitted baseline covariates.
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The proportional hazards assumption was tested by comparing the KM plots with the predicted
plots by time period (Therneau & Grambsch, 2000) and by deviance residuals. Multivariable
Cox PH model was fitted for the predictor variables.

3.4.1 Exploratory Data Analysis
The number of PEP episodes in the SWOP-City, episodes by final HIV serostatus. Number of
repeat PEP episodes broken into number with 2, 3, at least 4). The median PEP-to-PEP episode
intervals among sex workers repeat episodes of PEPs from the time when roll up to August 2018

is provided in months, between 1% and 2" PEP, and between subsequent episodes if available.

Proportions of sex workers given PEP by key population type, sex, stratified by age, key
population type, those with at least 2 sexual health screens in the subsequent year and by

sociodemographic data is provided.

Length of follow up is also be estimated using reverse KM (X. Xue et al., 2017) to describe the
length of time SWOP-City observed the enrolled sex workers. The 95% confidence limits for

median follow-up as well as interquartile range (IQR) was obtained (Appendix B.1 — R script).
Reverse Kaplan-Meier is obtainable by reversing the indicator of the event (incident HIV) with

the aim of the having primary outcome of interest beings censored instead.

3.4.2 Univariable Time-To-Event Analysis

3.4.2.1 Sociodemographic data at Baseline by Final HIV Serostatus
For sociodemographic differences and initial analyses, Pearson Chi-Square was used run to
compare HIV/STIs frequencies by key population type this important is knowing whether to fit
Cox PH stratified by sex or by key population type or general models. Initial trends analyses was
done following French et al. (2012)’s pregnancy procedures and applied to PEP use since roll up
to August 2018 (Appendix B.2 — R script).

3.4.3 Multivariable Time-To-Event Analysis
3.4.3.1 Incidence and trends (patterns) of repeat PEP
The frequency of repeat PEP was assessed per 100 person-years (FEM, 2018; Hilbe, 1993;
Rothman, 2012). Similar to French et al. (2012)’s analyses, the numerator was the overall

number of repeat PEP recorded covering second, third and successive PEPs while the
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denominator was “time-at-risk of subsequent PEPs” determined as the sum of the time between

the end date of each sex worker’s first PEP up to the end of the study period.

KM approach was used to find the probability of repeat PEP. Time-to-second PEP episode
analyses were done while excluding subsequent episodes the since 2016 in the SWOP-City
(Appendix B.7 — R script). Assessment of differences in time-between-event (PEP prescription
periods) using the log-rank test.

Comparison of the characteristics of sex workers with one PEP episode with those having repeat
episodes was done using Chi-Square test for trend (Koletsi & Pandis, 2016; The BMJ, 2017).
Predictors associated with repeat episodes of PEP were subsequently be modelled using Cox PH.

3.4.4 Analysing the Effectiveness of PEP
Time-independent covariates such as sex, baseline age never change values over time while

time-dependent can take different values over time.

As in equation (2.5), a Cox PH model for hazard comparisons related to getting treatment as

opposed to not getting treatment can be specified by:

(2.7) h(t|z) = ho(t)e®B?

where Z = 1 if the sex worker received PEP and 0 otherwise. Accordingly for sex workers who
never received PEP, h(t|z = 0) = hy(t) and for sex workers who were prescribed PEP course
h(t|z = 1) = ho(t)eP?. All these enables computation of HR feasible for the incident HIV
given by HR = e® understood as the hazard of incident HIV infection for sex workers on PEP

becomes e®) multiplied by the hazard of HIV-infection for those not on PEP.

Obviously, g > 0 indicates a harmful effect for the prophylaxis users and g < 0 denotes the
treatment’s protective effect. Approximation of £ is by maximization of the partial likelihood

given by:

BXj

(2.8) Ly(B) =1 Li = ﬁl(e—BXj)dj

YjeRr(tp €

Where, §; is the censoring variable (1=if event, 0 if censored) and R(ti)is the risk set at time t;

25



In the time-independent Cox PH model in equation (2.9) where p; is the j*" covariate’s (Xj)

parameter.

(2.9) h(t,X) = ho(t)exp(X-, B;X;) ; where covariates X; are taken at baseline. The HR
is dependent on covariates Xj, .... X, but not on time. In the analysis of PEP effectiveness at
baseline and assuming that the sex workers’ sexual practices and risk behaviours would
positively change along the follow-up time. A univariable Cox PH model of time-independent

PEP status would be fit as:

(2.10) h(t,X) = ho(t) exp(s*MED); where MED — whether a sex worker had PEP or not
(1 yes, o for no) at baseline. This cannot fit into the realities of the analysis of PEP effectiveness
as the variable MED is time-varying and gets a value depending on the length of time the sex

worker has been followed-up.

In the SWOP-City, for the period a sex worker was in the cohort, there were periods in which
he/she was not on medication. Therefore, the medication status of ‘on PEP’ and ‘off PEP’ could
be gathered during the follow up. The assumption of equation (2.9) can be relaxed to incorporate

time-dependent covariates.

And given the use of Cox PH in this study, it can be taken that the effect of other demographic,
sexual practices and risk behaviours has already been validly adjusted for, considering the
assumptions of the model. A model with a time-dependent indicator of whether a sex worker was
prescribed a PEP course at each point in time may be more suitable:

(3.1) h(t,X) = ho(t) exp(8* MED(t)) ; where MED(t) =1 0r 0

This study considered PEP users and non-PEP users in the analysis. Within the period under
study, some sex workers requested PEP once while others repeatedly and others none at all. It is
considered that the cohort of sex workers is at risk of HIV exposure. Given this, analysis of the
effectiveness of PEP may possibly be centered on determining an HR comparing hazard of HIV
infection for the two groups (i.e., with or without prophylaxis exposure) assessed at a single

time-point in time.
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It appears, however, that within this context of SWOP-City’s observational study of real-world
PEP effectiveness, single time-dependent methods could unsuccessfully bring in subtle shades
useful in the analysis of PEP effectiveness given the dynamics of PEP use, on-and-off use and
non-use in the cohort and miss the real effect. It was therefore regarded in this thesis that PEP
effectiveness is likely the effect of a time-dependent variable, that included present PEP status
(“PEP on” in contrast to “PEP off””) which is a binary variable in the analysis coded as MED on
=1 or MED off = 0 for every time point the sex worker is on PEP or otherwise. This resulted
into a single-time-dependent Cox model for beginning the time-to-event analysis. Covariates
such as age group (AGE) and key population type (typePOP), that is, FSW and MSMW were
added to have: MED, AGE, typePOP. The hazard was modeled as (3.2):

(3.2) h(t) = ho (t) exp(B1*MED + B>*AGE + p3*typePOP. Where the variables’ descriptions
are as already explained above.

In a framework, Phadnis et al. (2014) show that the Cox model of such a time-dependent
covariate apparently demonstrates how changing patterns of medication exposure has an impact
on its real-world effectiveness. Model (3.2) could be critical in understanding the HIV-
preventive effectiveness of the PEP medication in a real-world setting. Ignoring time-varying
inherent qualities of medication exposure or limiting the modeling to sub-components may omit
the relations between outcome and exposure leading to aetiologically inappropriate inferences
(Vacek, 1997) however in the SWOP—City the prophylaxis exposure is on and off — possibly on-

demand PEP by the sex workers.

Vatcheva, Lee, McCormick, and Rahbar (2015) reaffirms Vacek (1997)’s views on effect
modification that when there are synergistic effects, failing to factor in an interaction effect
might lead to bias and results in misinterpretation, and in some cases to inappropriate policy or

clinical decisions.

Model inference then is similarly done as in the Cox PH model with time-independent covariates
shown in equation (2.8) and (2.9). The only distinction is that the X"js values changes at every

risk set.

The aforementioned time-dependent covariate model could also be reached by use of transition
models motivated by the real-world setting in the SWOP-City. The sex workers begin in a PEP-
free state (1% state). The 2" state is the only intermediate state where a sex worker begins taking
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PEP and the 3" is the incident HIV-infection state or censoring. For those not taking PEP, it is
possible to move from 1% to 3" state. This means that what transpires to a sex worker in a certain
state is determined by only the fact that she/he is in that specific state and not on the history
preceding it (Putter, Fiocco, & Geskus, 2007).

However, analyses of PEP effectiveness in this study were only based on equation (3.2) and

significance testing done as reviewed in Chapter 2, Section 2.3.4.3..

The study used a signle time-dependent analysis of effectiveness of medication status. A method
of simple grouping from time zero for follow up being time after completion of PEP first course.
The variable representing PEP exposure taken as dummy variable of (users=1 and nonusers=0)
as described by (Zhou et al., 2005) and used to determine the PEP effectiveness from comparison
groups. The event was time to ARV initiation.
##splitting time for long format to accommodate time-dependent covariate #library(survival)
idatal <- read.csv(file.choose())
pepeff <- survSplit(data = idatal,

cut =c(3,6,9,12,15,18, 21,24,27,30,33,36), # vector of 3 months intervals of
timepoints to cut at

end = "tstop", # character string with name of event time variable

event = "event", # character string with name of censoring indicator

start = "tstart" #character string with name of start time variable (created)

id ="id", # character string with name of #new id variable to be created

zero =0,  #used as start

episode = "episode"  # character string with name of new episode variable (optional)

)

write.csv(pepeff, file = "pepeff.csv")
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4. RESULTS

4.0 Introduction

CHAPTER FOUR

In this Chapter, the results of all the analyses, longitudinal medication status are presented

(Section 4.7). KM plots and Cox PH models are provided. Although medication status variable

was later dropped due to infinite HR resulting from event-free survival. All analyses were done

at 5% level of significance.

4.1 Descriptive Analyses

Given the change in documentation formats as from 2018, it was not possible to analyse the risk

profiles due to lack of the “dates of exposures” for the preceding years. All the PEP were taken

as stipulated (within 72 days).

4.2 Comparative analyses of sociodemographic, baseline sexual practices data and final

HIV seroconversion status

The proportion of PEP users was 42.9 %. Chi-square test comparing sex workers prescribed PEP

and a comparison group of non-treated sex workers (non-PEP/PrEP) showed that there was a

statistically significant difference in proportions between FSW and MSMW p<0.001 at 5% level

of significance. Similarly, condom consistency, sex work duration in months and age were

significant as shown in Table 1 below.

Table 1: Baseline demographic characteristics and Final HIV Serostatus

PEP Non-PEP/PrEP
N =196 42.9 % 57.1 % p-value!
Proportion [CI-95 %]
Final HIV-serostatus 0 (0.0%) 3 (2.7%)
Key population type
FSW 71.8[61.4,80.2] |[28.2[19.8,38.6]  [<0.001
MSMW 20.7 [14.2,29.2] 79.3[70.8,85.8]

! Tests for differences in proportions. Chi-square test for categorical variables to compare sex workers prescribed
PEP and a comparison group of non-treated sex workers (hon-PEP/PrEP).
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PEP Non-PEP/PrEP
N=196 42.9 % 57.1% p-value?
Proportion [CI-95 %]
Age
18-25 26.4 [17.6,37.6] 73.6 [62.4,82.4] 0.0027
26-30 56.0 [42.3,68.8] 44.0 [31.2,57.7]
31-35 61.5 [45.9,75.1] 38.5 [24.9,54.1]
36-40 31.8 [16.4,52.7] 68.2 [47.3,83.6]
41-45 44.4 [18.9,73.3] 55.6 [26.7,81.1]
45+ 50.0 [15.0,850.] 50.0 [15.0,85.0]
Highest education level
Secondary or below 48.2 [40.0,56.5] 51.8 [43.5,60.0] 0.06386
College or above 31.5[20.7,44.7] 68.5 [55.3,79.3]
Used condom last sex
Yes 73.1[62.3,81.7] 26.9 [18.3,37.7]  |0.6942
No 1.0 [20.7,1.0] 0.0 [0.0,79.3]
Condom frequency
Always 77.1[63.5,86.7] 22.9[13.3,36.5] 0.6226
Sometimes 66.7 [48.8,80.8] 33.3[19.2,51.2]
Never 1.0[20.7,1.0] 0.0[0.0,79.3]
Condom consistency
Yes 48.5 [39.0,58.] 51.5[41.9,61.0] |/0.02259
No 32.5 [23.4,43.2] 67.5 [56.8,76.6]
Sex work duration in months
7 or below 61.4 [48.4,72.9] 38.6[27.151.6] [<0.001
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PEP Non-PEP/PrEP
N=196 42.9 % 57.1% p-value?
Proportion [CI-95 %]
7 or above 94.1 [73.0,99.0] 5.9 [1.0,27.0]
Sex practices with casual clients

Vaginal
Always 72.4[61.4,81.2] 27.6[18.8,38.6]  |0.4681
Never 1.0 [20.7,1.0] 0.0 [0.0,79.3]
Sometimes 1.0[43.9.1.0] 0.0 [0.0,56.1]

Oral
Always 1.0 [20.7,1.0] 0.0 [0.0,79.3] 0.6923
Never 73.0 [61.0,82.4] 27.0 [17.6,39.0]
Sometimes 75.0 [50.5,89.8] 25.0 [10.2,49.5]

Anal
Always 74.0 [63.23,82.5] |26.0[17.5,36.7]  |0.5601
Sometimes 66.7 [20.8.94.0] 33.3[6.1,79.2]

Sex practices with regular clients

Vaginal
Always 73.0 [61.9,81.8] 27.0[18.2,38.1] ||0.2065
Never 1.0 [34.2,1.0] 0.0 [0.0,65.8]
Sometimes 1.0[43.9,1.0] 0.0[0.0,56.1]

Oral
Always 1.0 [20.7,1.0] 0.0 [0.0,79.3] 0.1186
Never 73.3[61.0,82.9] 26.7 [17.1,39.0]
Sometimes 93.6 [82.8, 97.8] 6.4 [2.2,17.2]
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PEP Non-PEP/PrEP
N=196 42.9 % 57.1% p-value?
Proportion [CI-95 %]
Anal 78.9 [70.5,85.5] 61.0 [57.9,64.0]
Always 1.0 [20.7,1.0] 0.0 [0.0,79.3] 0.3199
Never 74.0[63.3,825]  |[26.0[17.5,36.7]
Sometimes 10.0 [20.7,1.0] 0.0 [0.0,79.3]
Sex under alcohol influence
Never 37.0 [26.8,48.5] 63.0 [51.5,73.2] |00.5098
Sometimes 47.3 [37.5,57.4] 52.7 [42.6,62.5]
Most times 45.5[21.3,72.0] 54.5[28.0,78.7]
Always 50.0 [23.7,76.3] 50.0 [23.7,76.3]
Use drugs
Yes 45.5 [33.0,58.5] 54.5[41.5,67.0] |0.4552
No 41.5[33.4,50.1] 58.5 [49.9,66.6]

4.3 Comparing the survival of the FSW and MSMW key populations

4.3.1 Log rank test for difference in survival in FSW and MSMW

The log-rank test was used for comparing survival curves of FSW and MSMW. The null

hypothesis in log-rank was that no difference exists in survival of FSW and MSMW key

populations. Since the log-rank non-parametric test, survival distributional assumptions are not

made. The test compares number of events observed in each key population to that which is

expected if the survival curves of the two key populations were identical. The log rank statistic is

approximately chi-square test statistic distributed.
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Table 2: Log rank test for difference in survival

Strata Number Observed Expected (C-E)*2/IE | (O-E)*2/V | p-value
FSW 1090 2 6.81 3.4 22.9 0.000002
MSMW 162 6 1.19 19.4 22.9

The table above shows results from log-rank test for difference in survival. The given p-value of

p = 0.000002 shows that the key populations differ significantly in terms of survival. FSW

survive longer than the MSMW. Figure 1 in Section 4.3.2 below shows the overall cumulative

event functions depicting the contribution of MSM on the survival distributions.

4.3.2 Graphical summaries of survival curves by key population type

Comparison by key population type — FSW and MSM. Given event-free survival in the PEP

group, cumulative event and hazard functions were fitted as shown in Figures 1 and 2. The

curves indicate that the MSMW were at a higher risk.
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Figure 1: Kaplan Meier Curve for Cumulative Events by Key Population

Type

The event for MSMW was higher compared with that of FSW.
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Figure 2: Cumulative Hazard by Key Population Type

4.4 The incidence of, and trends (patterns) for PEP episodes
In the period 2016 — 2018, 617 PEP prescriptions were made (records for follow up for 2016-
2018 were looked at due to database challenges). Five hundred and thirty-four sex workers were
at risk of a subsequent PEP at a total time at risk of subsequent PEP of 6188.3 months. There
were 60 PEP repeats captured as of 15" October 2018 among sex workers who took a course in

2016, 2017 and 2018. However, the repeats were either for sex workers prescribed PEP in 2016

35



and 2017 or 2018 and with the repeats only made in 2018. In total 52 (9.35%) sex workers had
repeat PEP prescriptions. The rate of repeat PEP was 8.6 per 100 person-months. The episodes

are shown Figure 3 below.

=ONE =TWO =THREE =FOUR

Figure 3: Pie chart for Proportion (%) of first and successive PEP
courses from 2016-2018

Thirty-five MSMW and 581 FSW were prescribed PEP during the 2016 — 15" October 2018
according to the SKOP-City data. The month of July 2017 recorded the highest PEP
prescriptions (54). Figure 4 below shows the monthly incidence from 2016 to mid-October 2018.
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Figure 4: Monthly incidence of PEP by key population type
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Due to their density, most of the PEP prescriptions were to the FSW. PEP users were relatively
young and within the age category of 18-25 or 26-30 years as exemplified in Figure 5 below.

40 groups

L REE
U 2630
IR
© 3640
4145
| a5+
T

Monthly incidence

1 I 1 1
2017-01-01 2017-06-01 2017-11-01 2018-04-01 2018-09-01

Figure 5: Monthly incidence of PEP by age groups

Figure 6 below shows the log-incidence over time for the year 2018. Using the 2018 PEP
prescription data, the model reports a daily growth rate of 0.001016848. This means that the

number of PEP prescriptions will increase steadily over time as shown by the line of best fit.

37



15-

10-

Weekly incidence

2018-W01 2018-W13 2018-\W26 2018-W40

Figure 6: Weekly incidence of PEP, 3rd Jan 2018 - 15 Oct 2018 and regression of log-incidence
of PEP over time

4.5 Results from Analyses of the effectiveness of PEP and comparison with PrEP

4.5.1 Results from testing for the proportional-hazards (PH) assumption

Table 3: Results from proportional hazard assumption test

rho chisq p-value
MSMW 0.135 0.1710 0.67920
PEP 0.674 1.38x 10°® 0.99991
PrepP 0.765 1.77 0.00532
Global NA 17.77 0.05101

The output Table 3 above, indicates that the test is not statistically significant every covariate.

The global significance test is not statistically significant too. Therefore, the proportional hazard
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was assumed. (R scripts in the Appendix C). Figure 7 shows the graphs of scaled Schoenfeld

residuals, for each covariate, plotted against the transformed time.

Global Schoenfeld Test p: 0.05101
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Figure 7: Graphical Model Diagnostics for the Cox PH

4.5.2 Univariable Analyses
MSMW were at a higher risk of HIV infection compared to FSW with HR of 17.2 shown in
Table 4 below. Comparing PEP, PrEP and the controls as a reference, the HR for PrEP was 0.67

while that of PEP was very small. However, both were not statistically significant.
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The results in Table 4 shows that HRs associated with the treatments compared with the control
group. The exponentiated coefficients (Exp(5;j)) gives the covariate effect size. Being on PEP
reduces the hazard by a factor of 0.000000007 and thus associated with good prognosis. Being
on PEP is associated with good prognostic. Being on PrEP reduces the hazard by a factor of
0.672. However, Wald test was 0.23 on 2 degrees of freedom, p=0.9 suggesting highly

insignificant results. The results were not statistically significant for PrEP too (p=0.63).

Table 4: Univariable Time-to-event Analyses of key population type

Covariate B Exp(B;) SE3(8) z p-value
Treatment
PEP -18.8 0.000000007 5870 0.00 |]1.00
PreP -0.398 0.672 0.834 -0.48 ||0.63

Key population
(FSW=reference)

MSMW 2.848 17.248 0.817 3.49 0.00049

4.5.3 Multivariable Analyses
Subsequent multivariable analyses showed the same statistically not significant results as the

univariable analyses as shown in Table 5. Age categories were not statistically significant.

Table 5: Multivariable Time-to-event Analyses

Covariate Bt Exp(B;) SE>(8) z p-value
Age category
18-25 3.22 24.9 521,000 0.00 1.00
26-30 -16.6 0.00000631 522,000 0.00 1.00

2 i = the corresponding coefficients
* SE = standard errors
* i = the corresponding coefficients
® SE = standard errors
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Covariate Bt Exp(B;) SE3() z p-value

31-35 2.31 10.1 521,000 0.00 1.00
36-40 2.47 11.8 521,000 0.00 1.00
41-45 -16.9 0.00000469 522,000 0.00 1.00
45+ -1.68 0.00000489 522,000 0.00 1.00

Key population
(FSW-=reference)

MSMW 2.12 8.33 0.859 2.47 0.014

Treatment (Controls

= reference)
PEP -1.86 0.000000819 8990 0.00 0.998
Prep 3.22 1.38 0.852 0.38 0.706

4.5.4 Results from single factor time-dependent medication status of on and off
Along the follow up, there were sex workers who had recurrent PEP episodes. On fitting a single
time-dependent covariate model of medication status along the follow up from the long format of
data through survSplit function, there were similar results as of univariable model and
multivariable model. Tests for global significance were all not statistically significant at alpha
0.05 as shown in the Table below. The logrank test (p=0.009) and likelihood ratio test (LRT)
(p=0.03) were significant depicting global significance of the model fit. However, Wald test
wasn’t significant (p=0.9). These tests assess the null hypothesis that all of the § are 0. But
looking at the standard error, it is so high because of there were no events in the PEP group.

Cox model regression coefficients are computed from events, based on the sex workers’ values
of the covariate of experiencing an event and the covariate values of all the sex workers still at

risk at that a particular time. Without no events in the PEP group (the lowest-risk group of the 2
groups), there would no ability to compute the Cox model coefficient for the PEP group or its

associated HR. Therefore, it appears that the LRT is still valid, but the interest is in calculation of
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the HR from the model. Given this, HIV-event free survival curve was plotted to see the

probabilities of survival of the groups.

Table 6: Solution to time-dependent analyses by follow up medication status

Covariate B Exp(B;) SE’(8) z p-value
PEP -10.12 4.03x 10° 72.87 -0.139 0.89
MED NA NA 0.000 NA NA
PEP:MED NA NA 0.000 NA NA

The focus of event free survival (EFS) is on the event-free status (non-occurrence of events). In

the Kaplan-Meier plot, the proportion estimates the proportion of sex workers who have not had

the HIV endpoints and thus are not ARV initiated. In this scenario, the sex workers on PEP have

a better survival chance without having had HIV and initiated on ARV. It was plotted inversely

(1 - EFS Kaplan-Meier estimate), the survival curves can be interpreted as the estimated

proportions of sex workers experiencing the event over time.

Figure 88 shows the proportions of sex workers surviving. The median survival probability for
sex workers within PEP is about 15 months while that within the comparison group is about 21

months.

& §;= the corresponding coefficients

" SE = standard errors
& Number for PEP = 470 and Comparison group = 468. They appear truncated at the beginning of the plotted graph
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Figure 8: HIV event free survival

Table 7 shows the Cox model fit for HIV event free survival using the censored. Survival in PEP
group is 2.106 x 10 better that the control group, however, this is not statistically significant at
alpha 0.05.
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Table 7: Cox Model for the censored

B EXp(£) SE(8)) z p-value
PEP -19.98 (2.106 x 10°|| 1.008 x 10* || -0.002 | 0.998
Wald test 1
Log-rank 0.009
Likelihood ratio test 0.03

4.5.5 Pairwise comparisons of survival by treatment groups using Log-Rank test
Pairwise comparisons of treatments was performed using the log- rank test as executed by the
pairwise_survdiff function in the R package survminer (Kassambara & Kosinski, 2018). The p-
values were adjusted with the Hochberg (1995)’s method. The log-rank test was used for
comparing multiple survival curves of PEP, PrEP and the control group (non-treatment). The
null hypothesis was that there is no difference exists in survival for the sex workers who were
prescribed PEP, PrEP and the those who never received any of the prophylaxis courses (control
group). The log rank statistic is approximately chi-square test statistic distributed. The interest
here was to conduct multiple comparison test comparing of every group with each other.

pairwise_survdiff function returned a list the p values associated with the pairwise comparisons.

idatal<-read.csv(file.choose()) ##data on PEP, PrEP and Controls
# Pairwise survdiff
result <- pairwise_survdiff(Surv(tstop, event) ~ group,
data = idatal)
result

Table 8: Pairwise comparisons of PEP, PrEP and Controls groups using Log-Rank test

Control PEP
PEP 0.046 —
PrEp 0.631 0.025

9 B;=the corresponding coefficients
10 SE = standard errors
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The pairwise log-rank test indicates that there is a significant difference between PEP and
Controls with a p-value of 0.046 and between PEP and PrEP given the p-value of 0.025. The
comparison test between PrEP and controls is not statistically significant as shown in table 8.
The pairwise comparisons also give a Likelihood ratio test of 25.06 on 9 degrees of freedom,
p=0.003. The suggests there exist a difference in survival among sex workers in PEP group but
not in Controls. However, the log-rank doesn’t show the direction of effect. Cumulative events
(incidence) curves, as opposed to survival curves were plotted to show the cumulative

probabilities of experiencing the event of interest.

4.5.6 Graphical summaries of survival curves by treatment groups
In terms of graphical comparison of treatment groups: PEP, PrEP and the comparison (the
controls) and given event-free survival in the PEP group, cumulative event functions were fitted

as shown in Figures 9 and 10.

At time 15 months, the cumulative survival probability was about 0.07 with 458 at risk. The
plots were plotted as 1 — S(t). The plots show the proportion of the sex workers surviving past

every subsequent interval.
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Figure 9: Cumulative event by all the treatment groups

Figure 10 below shows the cumulative events by treatment groups. The Cumulative events
(incidence), or cumulative failure probability, was computed as 1-St. The cumulative event
probabilities for the PEP, PrEP and the comparison group are shown in the figure below.

Although there is event free survival in the PEP group, survival in the comparison group is

compares well with other treatment groups.
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CHAPTER FIVE
5. DISCUSSION AND CONCLUSIONS

5.1 Discussions
This thesis determined the effectiveness of post-exposure prophylaxis after sexual exposure
(PEP-SE) in SWOP-City cohort using time-to-event analysis. The results in Chapter 4 provide
an evidence for the effectiveness of PEP but not statistically significant. This implies that there
was generally a good PEP performance and no evidence of chemoprophylactic failure given

completion of the PEP courses.

It is important to state that in this study MSMW had higher risks of HIV-exposure compared to
FSWs. Test for differences using Chi-square in proportions by key population type among PEP
and non-PEP showed a statistical difference in the proportions of FSW and MSMW. Equally,
MSMWs were positively associated with HIV-infection accounting for up to 17 times that of
FSWs. This outcome conforms with Bautista-arredondo, Servan-mori, Beynon, Gonzélez, and
Volkow (2015)’s study in which they found the existence of significant differences between

women and men with reference to their sociodemographic and behavioural profiles.

Men are at higher risk of HIV infection due to their sexual behaviour. This study’s results agree
with that of Fletcher et al. (2013) that reported HIV high risk in MSM. This study also reports
that PEP is effective in aborting HIV infection in the cohort. Among the PEP takers, there was
no HIV-infection while two in PrEP and six non-prophylaxis group. PrEP had HR of 0.67
compared with the non-prophylaxis group. This study underscores the HIV-protective effect of
PEP that has since been reported in Healthcare workers (Cardo et al., 1997; Connor et al., 1994;
Guay et al., 1999; Lindegren et al., 1999; Mitchell et al., 2017; Shaffer et al., 1999; Wade et al.,
1998; Wiktor et al., 1999).

It appears that PEP may well be associated with behaviour change in the cohort hence lack
seroconversion. Such that those prescribed PEP have positive behaviour changes along the
follow up hence prolonged survival periods. Comparatively, PrEP with the controls as a
reference, the HR for PrEP was 0.67 while that of PEP to the non-prophylaxis was very small in
statistical significant survival differences analysis by log-rank test. In essence log-rank test for
difference in survival between PEP and non-prophylaxis overwhelmingly provided strong

evidence (p-value of p < 0.00001) although the test doesn’t give the direction of effect. However,
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it could also be possible that the shorter period of follow up could have had an impact on the

analyses presented here.

An overall survival differences analysis among the three groups of prophylaxis by pairwise log-
rank test indicated that there is a significant difference between PEP and Controls with a p-value
of 0.046 and between PEP and PrEP given the (p-value=0.025). The contrast test between PrEP
and non-prophylaxis was not statistically significant (p=0.63). Lack of chemoprophylactic failure
among those in PEP group is provides a clinically significant result for effectiveness, although

statistical significance was not achieved.

5.2 Limitations
A with observational cohort studies, since the study used self-reported measures, recall, and
social desirability biases could not be ruled out. It was also problematic since the sexual risk
behaviours could have happened before or after the time of incident diagnosis of primary
outcome or co-primary outcomes. Among the recent PEP users who had their first course,
limited length of time “at risk” was a problem. Individual regimens of PEP were not considered
in the model. Nevertheless, the objective of the thesis was to empirically point out that, in real-
world settings, PEP adherence and usage trends (on/off) are useful in the determination of PEP
effectiveness.

5.3 Recommendations
The greatest recommendation from this study is the mobilization of uptake of PEP within the
recommended 72 hours after exposure and adherence counselling. The sex-workers contribute
largely to the spread of HIV within the country, and if this can be controlled at this level, then
there will be a significant decline in the incidence of HIV in the country. This will, therefore,

ease the burden on the country as a whole.

HIV is a global pandemic with Africa being the most affected region in the world and Kenya is

one of the greatest hit regions in Africa as at the year 2016 (UNAIDS, 2018b). The prevalence of
HIV in 2016 was 5.4% (UNAIDS, 2017). There is a need to reduce the spread of HIV, hence the
incidence which will help ease the burden of the pandemic of the different sectors of the country,

from health, to economic, social, psychological etc.
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There should also be policies set-up to enable quick and easy access to PEP throughout the
country especially for non-occupational exposures, the sexual contact is one of them.
Additionally, given the HIV high-risk in MSM, more targeted sexual risk taking reductions is
required in this key population.

5.4 Future research
Future studies would be needed to capture the real-world efficacy of individual classes of PEP
regimens. Since this study used secondary data, the longitudinal or final sexual practices and risk
behavior changes were not captured. Future studies may need to be designed with a view of
collecting time-varying sexual risk behaviours in conjunction with adherence profiles. This
would provide more understandings on risk compensatory behaviours and possibly factored in

the determination of net efficacy that would be adjusted for sexual practices and risk behaviours.

Although poor recruitment and other factors may be an issue in randomized control trials (RCT),
given no or few RCTs, future studies would also need to consider a pragmatic schedule, open-
label RCTs among the Nairobi sex worker cohort to show in what way PEP would be utilized in

standard medical practice to augment this study from an RCT focal point.

Transition Cox PH models may be considered in the analysis of PEP effectiveness in the future.
It would be useful for future studies to incorporate time-dependent covariates such as cumulative
proportion of months covered on medication, medication status together with the number of
switches from medication status (on and off) given full data on recurrent PEP during the 3 month
sequences of follow up. This would be important in isolating the treatment effects.

5.5 Conclusions
This study shows that PEP in HIV TasP following sexual exposures among the sex worker
cohort, when taken as recommended within the 72 hours, is effective and may be associated with
behavior change along the follow up. One characteristic of the sex workers who were on PEP is
that they were all adherent to the treatment regimen and this could have contributed to the final
outcomes. However, lack of adherence to PrEP as reported from the SWOP-City staff could have
contributed to final results of 2 infections within the study but there could be competing risks
(risky behaviours in the PrEP group), which could have contributed to the outcome. The 8
individuals who seroconverted provided a very small number which may not be adequate for

modelling.

50



REFERENCE

Amorim, L. D. A. F., & Cai, J. (2015). Modelling recurrent events: a tutorial for analysis in
epidemiology. International Journal of Epidemiology, 44(1), 324-333.
https://doi.org/10.1093/ije/dyu222

AVERT. (2018). HIV and AIDS in Kenya (2016). Retrieved August 13, 2018, from
https://www.avert.org/node/398/pdf

Baral, S., Beyrer, C., Muessig, K., Poteat, T., Wirtz, A. L., Decker, M. R., ... Kerrigan, D.
(2012). Burden of HIV among female sex workers in low-income and middle-income
countries: a systematic review and meta-analysis. The Lancet Infectious Diseases, 12(7),
538-549. https://doi.org/10.1016/S1473-3099(12)70066-X

Bautista-Arredondo, S., Servan-Mori, E., Beynon, F., Gonzélez, A., & Volkow, P. (2015). A tale
of two epidemics: gender differences in socio-demographic characteristics and sexual
behaviors among HIV positive individuals in Mexico City. International Journal for Equity
in Health, 14, 147. https://doi.org/10.1186/s12939-015-0286-4

Belaskova, S., & Fiserova, E. (2017). Improvement of the Accuracy in Testing the E ff ect in the
Cox Proportional Hazards Model Using Higher Order Approximations. Filomat, 18, 5591
5601. https://doi.org/https://doi.org/10.2298/FIL1718591B

Bentz, L., Enel, P., Dunais, B., Durant, J., Poizot-Martin, ., Tourette-Turgis, C., ... Pradier, C.
(2010). Evaluating counseling outcome on adherence to prophylaxis and follow-up after
sexual HIV-risk exposure: A randomized controlled trial. AIDS Care - Psychological and
Socio-Medical Aspects of AIDS/HIV, 22(12), 1509-1516.
https://doi.org/10.1080/09540121.2010.484457

Betensky, R. A., & Mandel, M. (2015). Recognizing the problem of delayed entry in time-to-
event studies: Better late than never for clinical neuroscientists. Annals of Neurology, 78(6),
839-844. https://doi.org/10.1002/ana.24538

Beymer, M. R., Weiss, R. E., Sugar, C. A., Bourque, L. B., Gee, G. C., Morisky, D. E., ... Bolan,

R. K. (2017). Are Centers for Disease Control and Prevention Guidelines for Preexposure

51



Prophylaxis Specific Enough? Formulation of a Personalized HIV Risk Score for Pre-
Exposure Prophylaxis Initiation. Sexually Transmitted Diseases, 44(1), 48-56.
https://doi.org/10.1097/0LQ.0000000000000535

Bland, J. M., & Altman, D. G. (2004). The logrank test. BMJ (Clinical Research Ed.),
328(7447), 1073. https://doi.org/10.1136/bm;.328.7447.1073

Blashill, A. J., Ehlinger, P. P., Mayer, K. H., & Safren, S. A. (2015). Optimizing adherence to
preexposure and postexposure prophylaxis: the need for an integrated biobehavioral
approach. Clinical Infectious Diseases : An Official Publication of the Infectious Diseases
Society of America, 60 Suppl 3(Suppl 3), S187-90. https://doi.org/10.1093/cid/civ11l

Borucka, J. (2014). Extensions of Cox model for non-proportional hazards purpose.
Ekonometria, (3(45)). https://doi.org/10.15611/ekt.2014.3.07

Bradburn, M. J., Clark, T. G., Love, S. B., & Altman, D. G. (2003). Survival analysis part II:
multivariate data analysis--an introduction to concepts and methods. British Journal of
Cancer, 89(3), 431-436. https://doi.org/10.1038/sj.bjc.6601119

Breslow, N. (1970). A Generalized Kruskal-Wallis Test for Comparing K Samples Subject to
Unequal Patterns of Censorship. Biometrika, 57(3), 579. https://doi.org/10.2307/2334776

Campigotto, F., & Weller, E. (2014). Impact of informative censoring on the Kaplan-Meier
estimate of progression-free survival in phase Il clinical trials. Journal of Clinical
Oncology : Official Journal of the American Society of Clinical Oncology, 32(27), 3068—
3074. https://doi.org/10.1200/JC0O.2014.55.6340

Cardo, D. M., Culver, D. H., Ciesielski, C. A., Srivastava, P. U., Marcus, R., Abiteboul, D., ...
Bell, D. M. (1997). A Case—Control Study of HIV Seroconversion in Health Care Workers
after Percutaneous Exposure. New England Journal of Medicine, 337(21), 1485-1490.
https://doi.org/10.1056/NEJM199711203372101

Cherutich, P., Kaiser, R., Galbraith, J., Williamson, J., Shiraishi, R. W., Ngare, C., ... Bunnell,
R. (2012). Lack of knowledge of HIV status a major barrier to HIV prevention, care and
treatment efforts in Kenya: Results from a nationally representative study. PLoS ONE, 7(5),
e36797. https://doi.org/10.1371/journal.pone.0036797

52



Clark, T. G., Bradburn, M. J., Love, S. B., & Altman, D. G. (2003). Survival Analysis Part I:
Basic concepts and first analyses, 89(2). https://doi.org/10.1038/sj.bjc.6601118

Collaborators CDSCa. (1999). Occupational Transmission of HIV Summary of Published
Reports December 1999 Edition. In Summary of Published Reports. HIV and STI Division.
Retrieved from
http://webarchive.nationalarchives.gov.uk/20140714110725/http://www.hpa.org.uk/webc/H
PAwebFile/HPAweb_C/1194947336609

Collett, D. (2004). Modelling Survival Data in Medical Research. Technometrics, 46(2), 265—
265. https://doi.org/10.1198/tech.2004.s817

Connor, E. M., Sperling, R. S., Gelber, R., Kiselev, P., Scott, G., O’Sullivan, M. J., ... Balsley, J.
(1994). Reduction of Maternal-Infant Transmission of Human Immunodeficiency Virus
Type 1 with Zidovudine Treatment. New England Journal of Medicine, 331(18), 1173—
1180. https://doi.org/10.1056/NEJM199411033311801

Cox, D. R. (1992). Regression Models and Life-Tables. In Journal of the Royal Statistical
Society (pp. 527-541). https://doi.org/10.1007/978-1-4612-4380-9 37

Dixon, S., McDonald, S., & Roberts, J. (2002). The Impact of HIV and AIDS on Africa’s
Economic Development. BMJ (Clinical Research Ed.), 324(7331), 232-234.
https://doi.org/10.1136/bm].324.7331.232

Donnell, D., Mimiaga, M. J., Mayer, K., Chesney, M., Koblin, B., & Coates, T. (2010). Use of
non-occupational post-exposure prophylaxis does not lead to an increase in high risk sex
behaviors in men who have sex with men participating in the explore trial. AIDS and
Behavior, 14(5), 1182-1189. https://doi.org/10.1007/s10461-010-9712-1

Falade-Nwulia, O., Seaberg, E. C., Snider, A. E., Rinaldo, C. R., Phair, J., Witt, M. D., & Thio,
C. L. (2015). Incident Hepatitis B Virus Infection in HIV-Infected and HIV-Uninfected
Men Who Have Sex With Men From Pre-HAART to HAART Periods: A Cohort Study.
Annals of Internal Medicine, 163(9), 673-680. https://doi.org/10.7326/M15-0547

Fatkenheuer, G., Jessen, H., Stoehr, A., Jung, N., Jessen, A. B., Kiimmerle, T., ... Ranneberg, B.

(2016). PEPDar: A randomized prospective noninferiority study of ritonavir-boosted

53



darunavir for HIV post-exposure prophylaxis. HIV Medicine, 17(6), 453—-459.
https://doi.org/10.1111/hiv.12363

FEM. (2018). Incidence rate. Retrieved September 18, 2018, from

https://wiki.ecdc.europa.eu/fem/w/wiki/incidence-rate

Fletcher, J. B., Rusow, J. A,, Le, H., Landovitz, R. J., & Reback, C. J. (2013). High-Risk Sexual
Behavior Is Associated with Postexposure Prophylaxis Nonadherence among Men Who
Have Sex with Men Enrolled in a Combination Prevention Intervention. Journal of Sexually
Transmitted Diseases, 2013, 1-7. https://doi.org/10.1155/2013/210403

Fox, J., & Weisberg, S. (2002). Cox proportional-hazards regression for survival data, An r and
splus companion to applied regression. Retrieved September 21, 2018, from

http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.459.4496

French, C. E., Cortina-Borja, M., Thorne, C., & Tookey, P. A. (2012). Incidence, patterns, and
predictors of repeat pregnancies among HIV-infected women in the United Kingdom and
Ireland, 1990-2009. Journal of Acquired Immune Deficiency Syndromes (1999), 59(3), 287—
293. https://doi.org/10.1097/QAI.0b013e31823dbeac

Gehan, E. A. (1965). A Generalized Wilcoxon Test for Comparing Arbitrarily Singly-Censored
Samples. Biometrika, 52(1/2), 203. https://doi.org/10.2307/2333825

Gerberding, J. L. (2003). Occupational Exposure to HIV in Health Care Settings. New England
Journal of Medicine, 348(9), 826-833. https://doi.org/10.1056/NEJMcp020892

Grigoryan, S., Papoyan, A., Hakobyan, A., Grigoryan, T., Hovhannisyan, R., & Balayan, T.
(2013). HIV/STI Bio-Behavioural Characteristics of Key Populations at Higher Risk.
Sexually Transmitted Infections, 89(Suppl 1), A207.1-A207.
https://doi.org/10.1136/sextrans-2013-051184.0646

Grodesky, M. J. (1996). Update on recommendations for HIV postexposure prophylaxis. The
Nurse Practitioner, 21(12 Pt 1), 74, 77-78. Retrieved from
http://www.ncbi.nlm.nih.gov/pubmed/9238353

Guay, L. A., Musoke, P., Fleming, T., Bagenda, D., Allen, M., Nakabiito, C., ... Jackson, J. B.
(1999). Intrapartum and neonatal single-dose nevirapine compared with zidovudine for

54



prevention of mother-to-child transmission of HIV-1 in Kampala, Uganda: HIVNET 012
randomised trial. The Lancet, 354(9181), 795-802. https://doi.org/10.1016/S0140-
6736(99)80008-7

Gulholm, T., Jamani, S., Poynten, I. M., & Templeton, D. J. (2013). Non-occupational HIV post-
exposure prophylaxis at a Sydney metropolitan sexual health clinic. Sexual Health, 10(5),
438-441. https://doi.org/10.1071/SH13018

Guo, Z., Gill, T. M., & Allore, H. G. (2008). Modeling repeated time-to-event health conditions
with discontinuous risk intervals. An example of a longitudinal study of functional
disability among older persons. Methods of Information in Medicine, 47(2), 107-116.
Retrieved from http://www.ncbi.nlm.nih.gov/pubmed/18338081

Ha, I. Do, Jeong, J.-H., & Lee, Y. (2017). Statistical Modelling of Survival Data with Random
Effects. Singapore: Springer Singapore. https://doi.org/10.1007/978-981-10-6557-6

Hess, K. R. (1995). Graphical methods for assessing violations of the proportional hazards
assumption in cox regression. Statistics in Medicine, 14(15), 1707-1723.
https://doi.org/10.1002/sim.4780141510

Hilbe, J. (1993). Calculating person-years and incidence rates. Stata Technical Bulletin, 2(7).
Retrieved from https://ideas.repec.org/a/tsj/stbull/y1993v2i7sbe5.html

Hladik, W., Baughman, A. L., Serwadda, D., Tappero, J. W., Kwezi, R., Nakato, N. D., &
Barker, J. (2017). Burden and characteristics of HIV infection among female sex workers in
Kampala, Uganda - A respondent-driven sampling survey. BMC Public Health, 17(1), 1-12.
https://doi.org/10.1186/s12889-017-4428-z

Hochberg, B. (1995). Controlling the False Discovery Rate: a Practical and Powerful Approach
to Multiple Testing. Journal of the Royal Statistical Society, 57(1), 289-300.
https://doi.org/10.2307/2346101

Hughes, G., Brady, A. R., Catchpole, M. A., Fenton, K. A., Rogers, P. A., Kinghorn, G. R., ...
Thin, R. N. (2001). Characteristics of those who repeatedly acquire sexually transmitted
infections: a retrospective cohort study of attendees at three urban sexually transmitted

disease clinics in England. Sexually Transmitted Diseases, 28(7), 379-386. Retrieved from

55



http://www.ncbi.nlm.nih.gov/pubmed/11460021

Hutton, J. L., & Monaghan, P. F. (2002). Choice of parametric accelerated life and proportional
hazards models for survival data: asymptotic results. Lifetime Data Analysis, 8(4), 375-393.

Retrieved from http://www.ncbi.nlm.nih.gov/pubmed/12471946

IBBS. (2012). Implementing Integrated Bio- Behavioral Surveys among Key Populations at
Higher Risk of HIV Exposure with an Emphasis in Respondent Driven Sampling. Retrieved
from https://www.iom.int/jahia/webdav/shared/shared/mainsite/activities/health/hiv-
population/IBBS-Study-Final.pdf

Inungu, J., & Karl, S. (2006). Understanding the scourge of HIVV/AIDS in sub-Saharan Africa.
MedGenMed : Medscape General Medicine, 8(4), 30. https://doi.org/10.1186/1758-2652-8-
4-30

IOM. (2011). Integrated Biological and Behavioural Surveillance Survey among Migrant
Female Sex Workers in Nairobi, Kenya. International Organization for Migration.
Retrieved from
https://www.iom.int/jahia/webdav/shared/shared/mainsite/activities/health/hiv-
population/IBBS-Study-Final.pdf

Irvine, C., Egan, K. J., Shubber, Z., Van Rompay, K. K. A., Beanland, R. L., & Ford, N. (2015).
Efficacy of HIV Postexposure Prophylaxis: Systematic Review and Meta-analysis of
Nonhuman Primate Studies. Clinical Infectious Diseases, 60(suppl_3), S165-S1609.
https://doi.org/10.1093/cid/civ069

Izulla, P., McKinnon, L. R., Munyao, J., Ireri, N., Nagelkerke, N., Gakii, G., ... Kimani, J.
(2016). Repeat Use of Post-exposure Prophylaxis for HIV Among Nairobi-Based Female
Sex Workers Following Sexual Exposure. AIDS and Behavior, 20(7), 1549-1555.
https://doi.org/10.1007/s10461-015-1091-1

Izulla, P., McKinnon, L. R., Munyao, J., Karanja, S., Koima, W., Parmeres, J., ... Kimani, J.
(2013). HIV postexposure prophylaxis in an urban population of female sex workers in
Nairobi, Kenya. Journal of Acquired Immune Deficiency Syndromes, 62(2), 220-225.
https://doi.org/10.1097/QAI1.0b013e318278balb

56



Jain, S., & Mayer, K. H. (2014). Practical guidance for nonoccupational postexposure
prophylaxis to prevent HIV infection. AIDS, 28(11), 1545-1554.
https://doi.org/10.1097/QAD.0000000000000301

Kahn, J. O., Martin, J. N., Roland, M. E., Bamberger, J. D., Chesney, M., Chambers, D., ...
Katz, M. H. (2001). Feasibility of Postexposure Prophylaxis (PEP) against Human
Immunodeficiency Virus Infection after Sexual or Injection Drug Use Exposure: The San
Francisco PEP Study. The Journal of Infectious Diseases, 183(5), 707-714.
https://doi.org/10.1086/318829

Kaplan, E. L., & Meier, P. (1958). Nonparametric Estimation from Incomplete Observations.
Journal of the American Statistical Association, 53(282), 457-481.
https://doi.org/10.1080/01621459.1958.10501452

Kassambara, A., & Kosinski, M. (2018). Drawing Survival Curves using “ggplot2.” Retrieved

November 15, 2018, from https://cran.r-project.org/web/packages/survminer/index.html

Katz, M. H., & Gerberding, J. L. (1997). Postexposure Treatment of People Exposed to the
Human Immunodeficiency Virus through Sexual Contact or Injection-Drug Use. New
England Journal of Medicine, 336(15), 1097-1100.
https://doi.org/10.1056/NEJM199704103361512

Keats, E. C., Macharia, W., Singh, N. S., Akseer, N., Ravishankar, N., Ngugi, A. K., ... Bhutta,
Z. A. (2018). Accelerating Kenya’s progress to 2030: understanding the determinants of
under-five mortality from 1990 to 2015. BMJ Global Health, 3(3), e000655.
https://doi.org/10.1136/bmjgh-2017-000655

Kembo, J. (2012). Risk factors associated with HIV infection among young persons aged 15-24
years: Evidence from an in-depth analysis of the 2005-06 Zimbabwe demographic and
health survey. Sahara J, 9(2), 54-63. https://doi.org/10.1080/17290376.2012.683579

Kimani-Murage, E. W, Fotso, J. C., Egondi, T., Abuya, B., Elungata, P., Ziraba, A. K., ...
Madise, N. (2014). Trends in childhood mortality in Kenya: The urban advantage has
seemingly been wiped out. Health and Place, 29, 95-103.
https://doi.org/10.1016/j.healthplace.2014.06.003

57



Koletsi, D., & Pandis, N. (2016). The chi-square test for trend. American Journal of
Orthodontics and Dentofacial Orthopedics, 150(6), 1066—1067.
https://doi.org/10.1016/j.ajod0.2016.10.001

Landovitz, R. J., Fletcher, J. B., Inzhakova, G., Lake, J. E., Shoptaw, S., & Reback, C. J. (2012).
A Novel Combination HIV Prevention Strategy: Post-Exposure Prophylaxis with
Contingency Management for Substance Abuse Treatment Among Methamphetamine-
Using Men Who Have Sex with Men. AIDS Patient Care and STDs, 26(6), 320-328.
https://doi.org/10.1089/apc.2011.0432

Laura Lee Johnson, & Joanna H. Shih. (2012). An Introduction to Survival Analysis. In

Principles and practice of clinical research (3rd ed., p. 430). Elsevier/Academic Press.

Lin, D. Y., Wei, L. J., Yang, I., & Ying, Z. (2000). Semiparametric regression for the mean and
rate functions of recurrent events. Journal of the Royal Statistical Society: Series B
(Statistical Methodology), 62(4), 711-730. https://doi.org/10.1111/1467-9868.00259

Lindegren, M. L., Byers, R. H., Thomas, P., Davis, S. F., Caldwell, B., Rogers, M., ... Fleming,
P. L. (1999). Trends in perinatal transmission of HIVV/AIDS in the United States. JAMA,
282(6), 531-538. Retrieved from http://www.nchi.nlm.nih.gov/pubmed/10450714

Little, R. J. A., & Rubin, D. B. (2002). Statistical Analysis with Missing Data (2nd ed.).
Retrieved from https://www.wiley.com/en-
us/Statistical+Analysis+with+Missing+Data%2C+2nd+Edition-p-9780471183860

Liu, X. (2014). Survival Models on Unobserved Heterogeneity and their Applications in
Analyzing Large-scale Survey Data. Journal of Biometrics & Biostatistics, 5.
https://doi.org/10.4172/2155-6180.1000191

Low, N., & Broutet, N. J. (2017). Sexually transmitted infections-Research priorities for new
challenges. PLoS Medicine, 14(12), €1002481.
https://doi.org/10.1371/journal.pmed.1002481

Maina, W. K., Kim, A. A., Rutherford, G. W., Harper, M., K’Oyugi, B. O., Sharif, S., ... De
Cock, K. M. (2014). Kenya AIDS indicator surveys 2007 and 2012: Implications for public

health policies for HIV prevention and treatment. Journal of Acquired Immune Deficiency

58



Syndromes, 66(SUPPL. 1), S130-7. https://doi.org/10.1097/QA1.0000000000000123

Malinverni, S., Gennotte, A.-F., Schuster, M., De Wit, S., Mols, P., & Libois, A. (2018).
Adherence to HIV post-exposure prophylaxis: A multivariate regression analysis of a 5
years prospective cohort. Journal of Infection, 76(1), 78-85.
https://doi.org/10.1016/J.JINF.2017.10.008

Mantel, N. (1966). Evaluation of survival data and two new rank order statistics arising in its
consideration. Cancer Chemotherapy Reports, 50(3), 163-170. Retrieved from
http://www.ncbi.nlm.nih.gov/pubmed/5910392

Marrazzo, J. M., Dombrowski, J. C., & Mayer, K. H. (2018). Sexually transmitted infections in
the era of antiretroviral-based HIV prevention: Priorities for discovery research,
implementation science, and community involvement. PLoS Medicine, 15(1), e1002485.
https://doi.org/10.1371/journal.pmed.1002485

Martinez, R. L. M. C., & Naranjo, J. D. (2010). A pretest for choosing between logrank and
wilcoxon tests in the two-sample problem. METRON, 68(2), 111-125.
https://doi.org/10.1007/BF03263529

Mayer, K. H., Wang, L., Koblin, B., Mannheimer, S., Magnus, M., Rio, C. del, ... Team, for the
H. P. (2014). Concomitant Socioeconomic, Behavioral, and Biological Factors Associated
with the Disproportionate HIV Infection Burden among Black Men Who Have Sex with
Men in 6 U.S. Cities. PLoS ONE, 9(1), e87298.
https://doi.org/10.1371/journal.pone.0087298

McCormack, S., Dunn, D. T., Desai, M., Dolling, D. L., Gafos, M., Gilson, R., ... Gill, O. N.
(2016). Pre-exposure prophylaxis to prevent the acquisition of HIV-1 infection (PROUD):
Effectiveness results from the pilot phase of a pragmatic open-label randomised trial. The
Lancet, 387(10013), 53-60. https://doi.org/10.1016/S0140-6736(15)00056-2

McKinnon, L. R., Gakii, G., Juno, J. A., Izulla, P., Munyao, J., Ireri, N., ... Kimani, J. (2014).
High HIV risk in a cohort of male sex workers from Nairobi, Kenya. Sexually Transmitted
Infections, 90(3), 237—-242. https://doi.org/10.1136/sextrans-2013-051310

Mehta, S. D., Erbelding, E. J., Zenilman, J. M., & Rompalo, A. M. (2003). Gonorrhoea

59



reinfection in heterosexual STD clinic attendees: longitudinal analysis of risks for first
reinfection. Sexually Transmitted Infections, 79(2), 124-128.
https://doi.org/10.1136/ST1.79.2.124

Milinkovic, A., Benn, P., Arenas-Pinto, A., Brima, N., Copas, A., Clarke, A., ... MiPEP Trial
Team. (2017). Randomized controlled trial of the tolerability and completion of maraviroc
compared with Kaletra® in combination with Truvada® for HIV post-exposure prophylaxis
(MIPEP Trial). Journal of Antimicrobial Chemotherapy, 72(6), 1760-1768.
https://doi.org/10.1093/jac/dkx062

Mitchell, H., Furegato, M., Hughes, G., Field, N., & Nardone, A. (2017). What are the
characteristics of, and clinical outcomes in men who have sex with men prescribed HIV
postexposure prophylaxis following sexual exposure (PEPSE) at sexual health clinics in
England? Sexually Transmitted Infections, 93(3), 207—213. https://doi.org/10.1136/sextrans-
2016-052806

MoH/NACC. (2016). Kenya AIDS Response progress Report, 2016 (Vol. 23).
https://doi.org/10.1258/ijsa.2012.011361.HIV

Montaseri, M., Charati, J. Y., & Espahbodi, F. (2016). Application of Parametric Models to a
Survival Analysis of Hemodialysis Patients. Nephro-Urology Monthly, 8(6), e28738.
https://doi.org/10.5812/numonthly.28738

Muraguri, N., Tun, W., Okal, J., Broz, D., Raymond, H. F., Kellogg, T., ... Geibel, S. (2015).
HIV and STI Prevalence and Risk Factors Among Male Sex Workers and Other Men Who
Have Sex With Men in Nairobi, Kenya. JAIDS Journal of Acquired Immune Deficiency
Syndromes, 68(1), 91-96. https://doi.org/10.1097/QAI1.0000000000000368

Musyoki, H., Kellogg, T. A., Geibel, S., Muraguri, N., Okal, J., Tun, W, ... Kim, A. A. (2015).
Prevalence of HIV, sexually transmitted infections, and risk behaviours among female sex
workers in Nairobi, Kenya: results of a respondent driven sampling study. AIDS and
Behavior, 19 Suppl 1(Suppl 1), S46-58. https://doi.org/10.1007/s10461-014-0919-4

NACC. (2014a). Kenya AIDS Response Progress Report Progress towards Zero. NASCOP,
Ministry of Health, Government of Kenya., (March), 37.

60



https://doi.org/http://www.unaids.org/sites/default/files/country/documents/KEN_narrative

rep

NACC. (2014b). Kenya HIV County Profiles. NACC, Ministry of Health, Government of Kenya.
https://doi.org/10.1017/CB0978110741532

Ng’ang’a, A., Waruiru, W., Ngare, C., Ssempijja, V., Gachuki, T., Njoroge, L., ... Kim, A. A.
(2014). The status of HIV testing and counseling in Kenya: Results from a nationally
representative population-based survey. Journal of Acquired Immune Deficiency
Syndromes, 66(SUPPL. 1), S27-36. https://doi.org/10.1097/QA1.0000000000000102

Oldenburg, C. E., Barnighausen, T., Harling, G., Mimiaga, M. J., & Mayer, K. H. (2014).
Adherence to Post-Exposure Prophylaxis for Non-forcible Sexual Exposure to HIV: A
Systematic Review and Meta-Analysis. AIDS and Behavior, 18(2), 217-225.
https://doi.org/10.1007/s10461-013-0567-0

Olsthoorn, A. V., Sivachandran, N., Bogoch, I., Kwantampora, J., Kimani, M., Kimani, J., &
Kaul, R. (2015). Barriers to the uptake of postexposure prophylaxis among Nairobi-based
female sex workers. AIDS, 30(1), 1. https://doi.org/10.1097/QAD.0000000000000884

Pandeya, N., Purdie, D. M., Green, A., & Williams, G. (2005). Repeated Occurrence of Basal
Cell Carcinoma of the Skin and Multifailure Survival Analysis: Follow-up Data from the
Nambour Skin Cancer Prevention Trial. American Journal of Epidemiology, 161(8), 748—
754. https://doi.org/10.1093/aje/kwi098

Panlilio, A. L., Cardo, D. M., Grohskopf, L. A., Heneine, W., Ross, C. S., & U.S. Public Health
Service. (2005). Updated U.S. Public Health Service guidelines for the management of
occupational exposures to HIV and recommendations for postexposure prophylaxis.
MMWR. Recommendations and Reports : Morbidity and Mortality Weekly Report.
Recommendations and Reports, 54(RR-9), 1-17. Retrieved from
http://www.ncbi.nlm.nih.gov/pubmed/16195697

PEPFAR [U.S. President’s Emergency Plan for AIDS Relief]. (2017). Kenya Country
Operational Plan Strategic Direction Summary. Retrieved from

http://www.pepfar.gov/documents/organization/250290.pdf

61



Personal communication 6/4/2018 with Joshua Kimani. MBChB, MPH, Dip(Int. Health),
Clinical Research Director, UoM/UoN PHDA. (2018).

Phadnis, M. A., Shireman, T. 1., Wetmore, J. B., Rigler, S. K., Zhou, X., Spertus, J. A., ...
Mahnken, J. D. (2014). Estimation of Drug Effectiveness by Modeling Three Time-
dependent Covariates: An Application to Data on Cardioprotective Medications in the
Chronic Dialysis Population. Statistics in Biopharmaceutical Research, 6(3), 229-240.
https://doi.org/d0i:10.1080/19466315.2014.920275

Poynten, I. M., Jin, F., Mao, L., Prestage, G. P., Kippax, S. C., Kaldor, J. M., ... Grulich, A. E.
(2009). Nonoccupational postexposure prophylaxis, subsequent risk behaviour and HIV
incidence in a cohort of Australian homosexual men. Aids, 23(9), 1119-1126.
https://doi.org/10.1097/QAD.0b013e32832c1776

Putter, H., Fiocco, M., & Geskus, R. B. (2007). Tutorial in biostatistics: competing risks and
multi-state models. Statistics in Medicine, 26(11), 2389-2430.
https://doi.org/10.1002/sim.2712

R Core Team. (2018). R: A language and environment for statistical computing. R Foundation
for Statistical Computing. Vienna, Austria: R Foundation for Statistical Computing, Vienna,
Austria. ISBN 3-900051-07-0. Retrieved from http: //www.R-project.org/

Ranganathan, P., & Pramesh, C. S. (2012). Censoring in survival analysis: Potential for bias.
Perspectives in Clinical Research, 3(1), 40. https://doi.org/10.4103/2229-3485.92307

Roland, M. E., Neilands, T. B., Krone, M. R., Coates, T. J., Franses, K., Chesney, M. A., ...
Martin, J. N. (2011). A randomized noninferiority trial of standard versus enhanced risk
reduction and adherence counseling for individuals receiving post-exposure prophylaxis
following sexual exposures to HIV. Clinical Infectious Diseases, 53(1), 76-83.
https://doi.org/10.1093/cid/cir333

Roland, M. E., Neilands, T. B., Krone, M. R., Katz, M. H., Franses, K., Grant, R. M., ... Martin,
J. N. (2005). Seroconversion Following Nonoccupational Postexposure Prophylaxis against
HIV. Clinical Infectious Diseases, 41(10), 1507-1513. https://doi.org/10.1086/497268

Rothman, K. J. (2012). Epidemiology : an introduction. Oxford University Press. Retrieved from

62



https://global.oup.com/academic/product/epidemiology-9780199754557?cc=us&lang=en&

Royce, R. A,, Sefia, A., Cates, W., & Cohen, M. S. (1997). Sexual Transmission of HIV. New
England Journal of Medicine, 336(15), 1072-1078.
https://doi.org/10.1056/NEJM199704103361507

Royston, P., & Altman, D. G. (2013). External validation of a Cox prognostic model: principles
and methods. BMC Medical Research Methodology, 13, 33. https://doi.org/10.1186/1471-
2288-13-33

Shaffer, N., Chuachoowong, R., Mock, P. A., Bhadrakom, C., Siriwasin, W., Young, N. L., ...
Simonds, R. J. (1999). Short-course zidovudine for perinatal HIV-1 transmission in
Bangkok, Thailand: a randomised controlled trial. Bangkok Collaborative Perinatal HIV
Transmission Study Group. Lancet (London, England), 353(9155), 773-780. Retrieved
from http://www.ncbi.nlm.nih.gov/pubmed/10459957

Shao, J., Chow, S.-C., & Wang, H. (2003). Sample Size Calculations in Clinical Research,
Second Edition (Vol. 11). https://doi.org/10.1201/9780203911341

Sing, R., & Patra, S. (2015). What Factors are Responsible for Higher Prevalence of HIV
Infection among Urban Women than Rural Women in Tanzania? Ethiopian Journal of
Health Sciences, 25(4), 321. https://doi.org/10.4314/ejhs.v25i4.5

Smith, D. K., Grohskopf, L. A., Black, R. J., Auerbach, J. D., Veronese, F., Struble, K. A., ...
U.S. Department of Health and Human Services. (2005). Antiretroviral postexposure
prophylaxis after sexual, injection-drug use, or other nonoccupational exposure to HIV in
the United States: recommendations from the U.S. Department of Health and Human
Services. MMWR. Recommendations and Reports : Morbidity and Mortality Weekly Report.
Recommendations and Reports, 54(RR-2), 1-20. Retrieved from
http://www.ncbi.nlm.nih.gov/pubmed/15660015

Sonder, G. J. B., Prins, J. M., Regez, R. M., Brinkman, K., Mulder, J. W., Veenstra, J., ... Hoek,
A. Van Den. (2010). Comparison of two HIV postexposure prophylaxis regimens among
men who have sex with men in Amsterdam: Adverse effects do not influence compliance.
Sexually Transmitted Diseases, 37(11), 681-686.

63



https://doi.org/10.1097/0LQ.0b013e3181e2f999

Sonder, G. J. B., Van Den Hoek, A., Regez, R. M., Brinkman, K., Prins, J. M., Mulder, J. W, ...
Coutinho, R. A. (2007). Trends in HIV postexposure prophylaxis prescription and
compliance after sexual exposure in Amsterdam, 2000-2004. Sexually Transmitted
Diseases, 34(5), 288-293. https://doi.org/10.1097/01.0lq.0000237838.43716.ee

Stevenson, M. (2009). An Introduction to Survival Analysis. EpiCentre: IVABS, Massey
University. Retrieved from

http://lwww.biecek.pl/statystykaMedyczna/Stevenson_survival_analysis_195.721.pdf

Tetteh, R. A., Nartey, E. T., Lartey, M., Mantel-Teeuwisse, A. K., Leufkens, H. G. M., Nortey,
P. A., & Dodoo, A. N. O. (2015). Adverse events and adherence to HIV post-exposure
prophylaxis: a cohort study at the Korle-Bu Teaching Hospital in Accra, Ghana. BMC
Public Health, 15(1), 573. https://doi.org/10.1186/s12889-015-1928-6

The BMIJ. (2017). 8 . The Chi squared tests The y’tests. Retrieved September 18, 2018, from
https://www.bmj.com/about-bmj/resources-readers/publications/statistics-square-one/8-chi-

squared-tests

Therneau, T. M., & Grambsch, P. M. (2000). Modeling Survival Data: Extending the Cox Model.
New York, NY: Springer New York. https://doi.org/10.1007/978-1-4757-3294-8

Thomas, R., Galanakis, C., Vézina, S., Longpré, D., Boissonnault, M., Huchet, E., ... Machouf,
N. (2015). Adherence to post-exposure prophylaxis (PEP) and incidence of HIV
seroconversion in a major North American cohort. PLoS ONE, 10(11), e0142534.
https://doi.org/10.1371/journal.pone.0142534

Tissot, F., Erard, V., Dang, T., & Cavassini, M. (2010). Nonoccupational HIV post-exposure
prophylaxis: A 10-year retrospective analysis. HIV Medicine, 11(9), 584-592.
https://doi.org/10.1111/j.1468-1293.2010.00826.x

Todd, J., Grosskurth, H., Changalucha, J., Obasi, A., Mosha, F., Balira, R., ... Hayes, R. (2006).
Risk factors influencing HIV infection incidence in a rural African population: a nested
case-control study. The Journal of Infectious Diseases, 193(3), 458-466.
https://doi.org/10.1086/499313

64



Tolosie, K., & Sharma, M. K. (2014). Application of cox proportional hazards model in case of
tuberculosis patients in selected addis ababa health centres, ethiopia. Tuberculosis Research
and Treatment, 2014, 536976. https://doi.org/10.1155/2014/536976

Tsai, A. C. (2013). Achieving consensus on terminology describing multivariable analyses.
American Journal of Public Health, 103(6), el. https://doi.org/10.2105/AJPH.2013.301234

Tumarkin, E., Heendeniya, A., Murphy, P., Placido, T., Tan, D. H. S., & Bogoch, I. I. (2018).
HIV Post-Exposure Prophylaxis-in-Pocket (“PIP”) for individuals with low frequency, high
risk, HIV exposures. Journal of Acquired Immune Deficiency Syndromes (1999), 1.
https://doi.org/10.1097/QAI1.0000000000001639

UNAIDS/WHO. (1998). Report on the global HIV/AIDS epidemic June 1998. Joint United
Nations Programme on HIV/AIDS/World Health Organization.

UNAIDS. (2010). Unaids Report on the Global AIDS Epidemic. Joint United Nations
Programme on HIV/AIDS (UNAIDS). https://doi.org/10.1080/17535069.2010.481379

UNAIDS. (2017). UNAIDS Data 2017. https://doi.org/978-92-9173-945-5

UNAIDS. Country factsheets Kenya 2017: HIV and AIDS Estimates, Joint United Nations
Programme on HIV/AIDS (UNAIDS) § (2018). Retrieved from

http://www.unaids.org/en/regionscountries/countries/kenya

UNAIDS. (2018b). UNAIDS Global statistics 2018, (July), 1-5. Retrieved from
www.unaids.org/sites/default/files/media_asset/UNAIDS_FactSheet_en.pdf

UoM/UoN. (2018). Progress Report - 8th February 2018. Unpublished Report.

Vacek, P. M. (1997). Assessing the effect of intensity when exposure varies over time. Statistics
in Medicine, 16(5), 505-513. Retrieved from
http://www.ncbi.nlm.nih.gov/pubmed/9089959

Vatcheva, K. P., Lee, M., McCormick, J. B., & Rahbar, M. H. (2015). The Effect of Ignoring
Statistical Interactions in Regression Analyses Conducted in Epidemiologic Studies: An
Example with Survival Analysis Using Cox Proportional Hazards Regression Model.
Epidemiology (Sunnyvale, Calif.), 6(1). https://doi.org/10.4172/2161-1165.1000216

65



Wade, N. A, Birkhead, G. S., Warren, B. L., Charbonneau, T. T., French, P. T., Wang, L., ...
Savicki, R. (1998). Abbreviated Regimens of Zidovudine Prophylaxis and Perinatal
Transmission of the Human Immunodeficiency Virus. New England Journal of Medicine,
339(20), 1409-1414. https://doi.org/10.1056/NEJM199811123392001

Wand, H., & Ramjee, G. (2015). Biological impact of recurrent sexually transmitted infections
on HIV seroconversion among women in South Africa: results from frailty models. Journal
of the International AIDS Society, 18(1), 19866. https://doi.org/10.7448/1AS.18.1.19866

Wei, L. J. (1992). The accelerated failure time model: A useful alternative to the cox regression
model in survival analysis. Statistics in Medicine, 11(14-15), 1871-1879.
https://doi.org/10.1002/sim.4780111409

WHO. (2003). Adherence to long-term therapies: Evidence for action. World Health
Organization (Vol. 2). https://doi.org/10.1016/S1474-5151(03)00091-4

WHO. (2014a). 4 . Post-Exposure Prophylaxis for Hiv. In Guidelines on Post-Exposure
Prophylaxis for HIV and the Use of Co-Trimoxazole Prophylaxis for HIV-Related Infections
Among Adults, Adolescents and Children: Recommendations for a Public Health Approach.

World Health Organization.

WHO. (2014b). Post-exposure prophylaxis to prevent HIV infection factsheet. World Health

Organization. Retrieved from http://www.who.int/hiv/topics/prophylaxis/en/

WHO. (2016). Sexually transmitted infections (STIs) - Geneva. Retrieved September 14, 2018,
from http://www.who.int/en/news-room/fact-sheets/detail/sexually-transmitted-infections-
(stis)

Wiktor, S. Z., Ekpini, E., Karon, J. M., Nkengasong, J., Maurice, C., Severin, S. T., ...
Greenberg, A. E. (1999). Short-course oral zidovudine for prevention of mother-to-child
transmission of HIV-1 in Abidjan, Cote d’Ivoire: a randomised trial. The Lancet, 353(9155),
781-785. https://doi.org/10.1016/S0140-6736(98)10412-9

Xue, X., Agalliu, 1., Kim, M. Y., Wang, T., Lin, J., Ghavamian, R., & Strickler, H. D. (2017).
New methods for estimating follow-up rates in cohort studies. BMC Medical Research
Methodology, 17(1), 155. https://doi.org/10.1186/s12874-017-0436-z

66



Xue, Y., & Schifano, E. D. (2017). Diagnostics for the Cox model. Communications for
Statistical Applications and Methods, 24(6), 583-604.
https://doi.org/10.29220/CSAM.2017.24.6.583

Zhou, Z., Rahme, E., Abrahamowicz, M., & Pilote, L. (2005). Survival bias associated with
time-to-treatment initiation in drug effectiveness evaluation: A comparison of methods.
American Journal of Epidemiology, 162(10), 1016-1023.
https://doi.org/10.1093/aje/kwi307

67



68



APPENDICES
Appendix A: Ethical Approval Letter

UNIVERSITY OF NAIROBI KENYATTA NATIONAL HOSPITAL
COLLEGE OF HEALTH SCIENCES P O BOX 20723 Code 00202
P 0 BOX 19676 Code 00202 KNH-UON ERC Tel: 726300-9
Telegrams: varsity Email: uonknh_erc@uonbi.ac.ke Fax: 725272
Tel:(254-020) 2726300 Ext 44355 Website: http://www.erc.uonbi.ac.ke Telegrams: MEDSUP, Nairobi
Facebook: https:// facebook erc
Twitter: @UONKNH_ERC https://twitter.com/UONKNH_ERC
Ref. No.KNH/ERC/R/39 ’ 19t February 2018

. Dr.Joshua Kimani
Co-Investigator
UNTID
College of Health Sciences

University of Nairobi

Dear Dr. Kimani

Re: Approval of Annual Renewal - Use of clinical care database by the University of
Nairobi/University of Manitoba Research team to evaluate HIV prevention, care and treatment in
Kenya (P258/09/2008)

Refer to your communication dated February 8, 2018.

This is to acknowledge receipt of the study progress report and hereby grant annual extension of approval
for ethical research protocol P258/09/2008.

The approval dates are 18t February 2018 — 17t February 2019.
This approval is subject to compliance with the following requirements:

a) Only approved documents (informed consents, study instruments, advertising materials etc) will be used.

b) Al changes (amendments, deviations, violations etc.) are submitted for review and approval by KNH- UoN
ERC before implementation.

¢) Death and life threatening problems and severe adverse events (SAEs) or unexpected adverse events
whether related or unrelated to the study must be reported to the KNH- UoN ERC within 72 hours of
notification.

d) Any changes, anticipated or otherwise that may increase the risks or affect safety or welfare of study
participants and others or affect the integrity of the research must be reported to KNH- UoN ERC within 72
hours.

e) Submission of a request for renewal of approval at least 60 days prior to expiry of the approval period.
(Attach a comprehensive progress report to support the renewal).

f)  Clearance for export of biological specimens must be obtained from KNH- UoN-Ethics & Research
Committee for each batch of shipment.

Protect to discover

69



g) Submission of an executive summary report within 90 days upon completion of the study
This information will form part of the data base that will be consulted in future when processing related
research studies so as to minimize chances of study duplication and/or plagiarism.
Ensure that the ethical renewal is renewed timely as per KNH-UoN ERC requirements.

For more details consult the KNH- UoN ERC website http://www.erc.uonbi.ac.ke

Yours sincerely,

PR L. CHINDIA
SECRETARY, KNH-UON ERC

c.c.  The Principal, College of Health Sciences, UoN
The Deputy Director CS, KNH
The Chairperson, KNH-UoN ERC

Protect to discover

70



Appendix B: R scripts for PEP incidence and trends

T R
HiHHHHEHEHH 4.4 The incidence of, and trends (patterns) for PEP episodes###

HHH R R R

library(ggplot2)

library(incidence) install.packages("incidence™)
library(readxl) # install.packages("readxl")
library(lubridate) #install.packages("tidyverse")
library(lubridate) #or install.packages("lubridate™)
pep.i<-read_excel(file.choose())
View(data$start_regimen_date)
class(pep.i$start_regimen_date)
head(pep.i$start_regimen_date)

i <- incidence(pep.i$start_regimen_date)

i

plot(i)

pep.idstart_regimen_date <- ymd(pep.i$start_regimen_date)
i.7 <- incidence(pep.i$start_regimen_date, interval=7)
plot(i.7)

## bi-weekly

i.14 <- incidence(pep.i$start_regimen_date, interval=14)
plot(i.14, border = "white")

## monthly
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i.month <- incidence(pep.i$start_regimen_date, interval="month")

plot(i.month, border = "white")

i.month <- incidence(pep.i$start_regimen_date, interval="month", groups = pep.i$KP)
plot(i.month, stack = TRUE, border = "grey")

i.7.KP <- incidence(pep.i$start_regimen_date, interval = 7, groups = pep.i$KP)

i.7.KP

plot(i.7.KP, stack = TRUE, border = "grey")

i.month <- incidence(pep.i$start_regimen_date, interval="month", groups = pep.i$Ranks)
plot(i.month, stack = TRUE, border = "grey")

i.month.age <- incidence(pep.i$start_regimen_date, interval="month", groups = pep.i$AGE)
plot(i.month.age, stack = TRUE, border = "grey")

i.tail <- subset(i, from=as.Date("'2018-01-03"))

i.tail

plot(i.tail)

plot(i.tail, border="white")

i.tail.7 <- subset(i.7, from=as.Date(*"2018-01-03"))

i.tail.7

plot(i.tail.7, border="white", groups = pep.i$AGE)

plot(i.tail.7, stack = TRUE, border = "grey",groups = pep.i$KP)

late.fit <- fit(i.tail.7)

late.fit

plot(late.fit)

plot(i.tail. 7, fit=Iate.fit,color="blue")
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best.fit <- fit_optim_split(i.tail.7)

best.fit

plot(i.tail .7, fit=best.fit$fit)

episodes<-read.csv(file.choose())

##PEP episodes

df <- data.frame(
Episodes = ¢("One", "Two", "Three","Four"),
Frequency = c¢(556, 52,7,1)

)

head(df)

bp<- ggplot(df, aes(x="", y=Frequency, fill=Episodes))+
geom_bar(width = 1, stat = "identity")

bp

pie <- bp + coord_polar("y", start=0)

pie

Appendix C: Cox PH Model Diagnostics
library("survival™)

library("survminer")

idatal<-read.csv(file.choose())

cox.res <- coxph(Surv(tstop, event) ~ KP + group, data = idatal)
COX.res

test.ph <- cox.zph(cox.res)

ggcoxzph(test.ph)
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ggcoxdiagnostics(cox.res, type = "deviance",
linear.predictions = FALSE, ggtheme = theme_bw())

Appendix D: R Scripts for Effectiveness of PEP
T R

HiHH#HH#Pairwise comparisons using Log-Rank test - PEP, PrEP and controls ##Ht#H#HH#H

HHHHHB B B B B R
##

library(survival)
library(survminer)
idatal<-read.csv(file.choose())
Surv<-with(idatal, Surv(tstop, event))
resl <- pairwise_survdiff(Surv(tstop, event) ~ group,
data = idatal)
resl
HEHHHHEHEHHHHHHH#COX regression DY group#tHHHHIHIHHHHHHEHHEHHHHHHEHHHEH
fitl<-coxph(formula = Surv(tstop, event) ~ group, data = idatal)
summary(fitl)

HEHHH B R R R BB R R
#

###Fitting time dependent cox regression using on and off medication status####

T R T R E R R T R T R e R R e
#

##Some sex workers took PEP atleast once

pepeff<-read.csv(file.choose()) ##data on PEP and Controls

74



attach(pepeff) ##or not

Surv<-with(pepeff, Surv(tstart,tstop,event))

fitl <- coxph(Surv(tstart,tstop, event) ~ med, data = pepeff) ##Medication status alone
summary(fitl) ##infinite values

fit2 <- coxph(Surv(tstart, tstop, event) ~ group + med, data = pepeff)## run with treatment group
summary(fit2) ##std errors huge

fit3 <- coxph(Surv(tstart,tstop, event) ~ group*med, data = pepeff) ##interaction effect of

med*group

summary(fit3) ##effectiveness of PEP is based on fit3 #NA for MED due to lack of events in
PEP group

R R A R R R R R R R R B R R R R R R
HHHHHIV event free survivaltHHHHHHHHHHHHHEHH

R
i H# Cal culating the EFS by disease

pepeff<-read.csv(file.choose()) ##data on PEP and Controls

attach(pepeff) ##or not

HitH

pepplusctri$event <- factor(pepplusctri$event, levels = ¢(0,1), labels = c("Censored","Event"))
summary(pepplusctri$event)

HitH

pepplusctri$event <- factor(pepplusctri$event, levels = ¢(0,1), labels = ¢("Censored","Event"))
summary(pepplusctri$event)

## Summary
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summary(pepplusctrl)
#Hit
## Cross table
addmargins(xtabs(data = pepplusctrl, ~ group + event))
pepplusctrl<-read.csv(file.choose())
Surv<-with(pepplusctrl, Surv(tstop, event))
## Calculate the EFS by disease
HEFS3x <- survfit(formula = Surv(tstop, event != "Censored™) ~ group,
data = pepplusctrl,
type  ="kaplan-meier",
error = "greenwood",
conf.type = "log-log™)
## Numerical results
summary(HEFS3x, times = ¢(0,3,6,9,12,15,18,21,24,27,30,33,36))
## Plot Kaplan-Meier
plot(HEFS3)
library(survival)
library(survminer)

ggsurvplot(

HEFS3, # survfit object with calculated statistics.
pval = TRUE, # show p-value of log-rank test.
conf.int = TRUE, # show confidence intervals for

# point estimaes of survival curves.
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conf.int.style = "step", # customize style of confidence intervals

xlab = "Time in months", # customize X axis label.

break.time.by =6, # break X axis in time intervals by 6 months.

ggtheme = theme_light(), # customize plot and risk table with a theme.

risk.table = "abs_pct", # absolute number and percentage at risk.

risk.table.y.text.col = T # colour risk table text annotations.

risk.table.y.text = FALSE,# show bars instead of names in text annotations

# in legend of risk table.

surv.median.line = "hv", # add the median survival pointer.

palette =

c("#E7B800", "#2E9FDF") # custom color palettes.
)
#HH#H#HIV Event-free survival (EFS)
Hit#
pepplusctri$event <- factor(pepplusctri$event, levels = c(0,1), labels = c¢("Censored","Event"))
## Regression
model_cox <- coxph(formula = Surv(tstop, pepplusctri$event != "Censored™) ~ group,
data = pepplusctrl,
ties = c("efron”,"breslow","exact™)[1])

summary(model_cox)
HH A A

Appendix E: R Scripts for survival probability — Graphical summaries
R R R S A R R A R R A S R R S
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# #computing survival probability by key population####
R

library(prodlim) ##lInstall and load
library(survival) ##Install and load
library(Publish) ##Install and load
library(survminer)
i-data<-read.csv(file.choose())
Surv<-with(i-data, Surv(tstop,event))
idata<-read.csv(file.choose()) #Loading the data
fit_ KP <- survfit(Surv(tstop, event) ~ KP, data = idata) #Compute survival curves
print(fit_KP)
summary(fit_ KP) #FSW/MSMW
# Plot cumulative events
ggsurvplot(fit_KP, conf.int = TRUE,
palette = c("#FF9E29", "#86AA00"),
risk.table = TRUE, risk.table.col = "strata",
fun = "event")
# Plot the cumulative hazard function
ggsurvplot(fit_KP, conf.int = TRUE,
palette = c("#FF9E29", "#86AA00"),
risk.table = TRUE, risk.table.col = "strata",
fun = "cumhaz")

##Survival curves with the treatment groups

78



require(survival)
fit2 <- survfit( Surv(tstop, event) ~ group,
data = idata)
# Visualize: add p-value, changing y limits
# changing color using brewer palette
ggsurvplot(fit2, pval = TRUE,
break.time.by = 3,
risk.table = TRUE,
risk.table.height = 0.5#Useful when you have multiple groups
)
##Survival curves for the PEP/PrEP and CTRLs
# Ploting cumulative events
ggsurvplot(fit2, conf.int = TRUE,
palette = c("#FF9E29", "#86AA00"),
risk.table = TRUE, risk.table.col = "strata",
fun = "event")
# Plotting cumulative events
ggsurvplot(fit2, conf.int = TRUE,
pval = TRUE,
break.time.by = 3,
palette = c("#FF9E29", "#2E9FDF","#86AA00"),
risk.table = TRUE, risk.table.col = "strata",

fun = "event")
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# Plotting cumulative events
ggsurvplot(fit2, conf.int = TRUE,
pval = TRUE,
break.time.by = 3,
palette = c("blue”, "red","green"),
risk.table = TRUE, risk.table.col = "strata",
fun = "event")
# Ploting the cumulative hazard function
ggsurvplot(fit2, conf.int = TRUE,
palette = c("#FF9E29", "#86AA00"),
risk.table = TRUE, risk.table.col = "strata",

fun = "cumhaz")
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