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ABSTRACT

Over the last decades, major global efforts mounted to address the HIV
epidemic has realised notable successes in combating the pandemic. Sub
Saharan Africa still remains a global epicenter of the disease, account-
ing for more than 70% of the global burden of infections. Despite the
widespread use of HIV mass media national campaigns as an intervention
in HIV prevention due to its numerous advantages since the mid-1980s,
HIV prevalence still remains a challenge in especially in some geographic
areas and populations. Therefore how HIV mass media interacts with
the prevailing HIV risk factors to cause an impact on HIV prevalence
remains a question not answered. This study considered Exposure to
HIV related media as a mediator variable believed to mediate the re-
lationship between HIV risk factors and HIV prevalence. Two logistic
regression models were formulated and used to compare the model with
mediation and that without mediation in order to establish the effect
of mediation on HIV prevalence. Models were fitted to real data from
2018 Kenya Population-based HIV Impact Assessment survey and esti-
mation of the model parameters was done using Maximum Likelihood
Estimation in R. Results of R analysis based on both Akaike’s Informa-
tion Criterion and the McFadden’s R? value for model with mediation
revealed that the model formulated in presence of mediation was bet-
ter compared to that without mediation since the effects of mediation
variable were found to be more significant on HIV prevalence.
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DEFINITION OF TERMS/CONCEPTS

HIV/AIDS

Intervention

Logistic Regression
Model

Mass media

Mediator variable

Mediation

Model formulation

Risk Factors

An infectious disease caused by te Human Immuno
Defficiency Virus that affects and destroys te immune
system rendering people more prone to oppotunistic
diseases.

This is any action intended to reduce or avert exposure
or the likelihood of exposure to sources which are not
part of a controlled practice or which are out of control
as a consequence of an accident.

is a statistical analysis method used to predict a bi-
nary outcome based on prior observations of a data
set. The model predicts a dependent data variable by
analyzing the relationship between one or more exist-
ing independent variables.

the means of communication that reach large numbers
of people in a short time, such as television, newspa-
pers, magazines, and radio.

Is an intermediate variable between an exposure and
the outcome, which is influenced by the exposure on
the causal pathway to the outcome.

is a mechanism by which an independent variable
causes change in a dependent variable.

is the step where our knowledge of a natural system is
translated in mathematical form. It involves the con-
struction of a conceptual model and the formulation
of this conceptual model into mathematical equations.

Something that increases the chance of developing a
disease. Some examples of risk factors for cancer are
age, a family history of certain cancers, use of tobacco
products, being exposed to radiation or certain chem-
icals, infection with certain viruses or bacteria, and
certain genetic changes.
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CHAPTER ONE
INTRODUCTION

1.1 Background to the Study

Lindsay [21], describes Acquired Immuno Deficiency syndrome (AIDS)
as an infectious disease caused by the Human Immuno deficiency Virus
(HIV) that affects and destroys the immune system rendering people
more prone to opportunistic infections.

According to UNAIDS Global report [11], 39.0 million people world-
wide were living with HIV/AIDS, with 1.3 million being the new in-
fections. Over two thirds of all these persons living with HIV/AIDs
are found in sub-Saharan Africa. In 2017 Kenya was ranked as one of
the country hard hit by the HIV /AIDS epidemic in terms of the esti-
mated number of new HIV infections among adults aged 15 years and
older, however in recent years, Kenya has recorded steady progress in
HIV /AIDS prevention [45].

The Kenya HIV Estimate report [32], shows that currently Kenya
has a HIV prevalence rate of 4.5% among adults between the ages of
15-49 years and 4.9% among adults between the ages of 15-64 years.
The variations in HIV prevalence rates cuts across Counties in Kenya
ranging from 20% among Counties located around Lake Victoria and
1% among Counties in North Eastern region. The variation further cuts
across gender and age. The women having higher HIV prevalence (6.2%)
compared to the 3.1% among male , while adults aged 15-64 years having

a higher prevalence rate (4.9%) compared to children aged 0-14 years



[37].

Prevention of the HIV epidemic, like other infectious diseases, de-
pends on having a good understanding of the determinants of the spread
of the infections and being able to explain its trends in disease magnitude
and evaluation of intervention programs, [38]. In sub-Saharan Africa,
a number of variables have been linked to the risk of contracting HIV,
including individual demographic traits like gender, age, and marital
status, socioeconomic status like education and wealth, cultural prac-
tices like religion and circumcision, and risk factors related to sexual
behaviors [19, 28].

A study by [28] to examine the determinants and cross-national vari-
ations in the risk of HIV seropositivity in SSA using multilevel logistic
regression models to Demographic and Health Survey data collected
during 2003—2008 from 20 countries of SSA revealed that there was gen-
der disparity in socio-economic risk factors, partly explained by sexual
behaviour, background socio-economic risk factors were stronger predic-
tors among women than men and there were generally variations in the
risk of HIV across countries and regions. Therefore interventions must
address specific determinants in order to be effective [38].

According to [20], Mass media interventions are useful in reducing
global HIV /AIDS disparities because of their wide reach, standardiza-
tion and repetition of messages, and the ability to use different content
formats, including entertainment, news, and short advertisements or an-
nouncements. Intervention strategies applied to prevent HIV infection
and to improve the living standards of HIV-infected persons are some of

the underlying mechanisms barely estimated in most of the previously



conducted logistic regression studies.

According to [17], Interventions interact with HIV risk factors in-
cluding the social, economic, legal, political, and built environments
that underlie processes and outcomes affecting population health. Pre-
vention efforts are strategically important in meeting the current need
in HIV/AIDS prevention by not only identifying the correct and most
effective strategies but also targeting the right population for the specific
intervention [31].

Exposure to HIV related media campaigns is one of the major inter-
ventions employed in Kenya to combat HIV /AIDs infections. This is a
powerful tool that educates both the HIV negative persons on avoiding
to contract HIV virus and the HIV positive persons on better living stan-
dards. However, all these depends on how the information is delivered
to the individuals [16]. The biggest challenge with mass media campaign
lies in disseminating accurate, objective, balanced and non-judgemental
information on HIV/AIDs to individuals, which implies that exposure
to media varies across population groups.

While many studies such as [20, 2, 30] have addressed the relation-
ship between the use of mass media and HIV Prevalence in distinct
contexts, due to the complexity of this interaction, little is known about
how different risk factors interact with Exposure to HIV related media
strategies to reduce HIV Prevalence considering that exposure to HIV
related mass media is a mediator variable between risk factors and HIV
prevalence.

More so, previous studies on HIV/AIDs in Kenya have majorly fo-

cused on individual risk factors, ignoring the significance of the social en-



vironment structure in which the individuals live, which has a significant
impact on the individuals’ health and behavior [24]. However recent de-
velopments in statistical models makes it possible to test in studies that
seek to examine the additive and interactive effects of individual-level
and contextual factors that affect sociological outcomes at the individual
level.

The purpose of this study is to establish the effect of exposure to HIV
related media intervention in the relationship between various HIV risk
factors and HIV prevalence in Kenya using logistic regression modeling.
It focuses mainly on the effect of mediation variable such as Exposure to
HIV related media on the relationship between various HIV risk factors

and HIV prevalence in Kenya.
1.1.1 Risk factors

Risk factors are attributes, characteristics or exposures that increase
the chances of a person developing a disease. The HIV epidemic is
extremely heterogenic and dynamic and thus a good understanding
of county-specific transmission determinants is important in determin-
ing the effective HIV/AIDs prevention and control strategies. Most
population-based surveys on HIV provide an opportunity to link HIV
status with behavioral, social, biological and other risk factors which

vary across communities [41].
1.1.2 Exposure to mass media

Mass media has been an important strategy for many health behavior
change topics, including heart disease, smoking, family planning, and

HIV /AIDS prevention since 1960s. Mass media use in HIV prevention



intervention has been greatly used over other interventions due to its
strength in wide reach, standardization and repetition of messages, and
the ability to use different content formats, including entertainment,
news, and short advertisements or announcements [20]. It is a power-
ful tool that educates both the HIV negative persons on how to avoid
contracting HIV virus and the HIV positive persons on better living
standards [16]. The success of all these depends on how the information
is delivered, received and utilized by the individuals. This implies that
their effect on HIV prevalence varies based on geographical location,

population among other factors.
1.1.3 Mediation Analysis

Mediation is described as a mechanism by which an independent variable
causes change in a dependent variable. The independent variable causes
change in the mediator, which in turn cause change in the dependent
variable, hence the effect of an independent variable is at least partially
transmitted through a mediator variable to the dependent variable, [13].

The primary objective of mediation analysis is to divide the Total
effect (TE) of exposure variable on outcome variable into an indirect
effect (IE) via the mediator and a direct effect (DE) whose effects are
exclusively attributable to exposure, [7, 15]. Total effect is described
as the expected effect of a change in independent variable on outcome
variable [14].

According to partial mediation used in this study, there is a direct
relationship between the independent and dependent variables as well
as a substantial relationship between the mediator and the dependent

variable [14]. This suggests that when estimating the impact of expo-



sure variables on outcomes, both a direct and indirect effect must be
considered.

Figure 1.1 shows a conceptual diagram of a simple mediation model
with a single mediator variable. According to this model, a single me-
diator variable M can affect the outcome variable Y by at least one
exposure variable X. This suggests that there are two possible methods
of X affecting Y. According to [14], one route connects X and Y directly
and is known as the direct effect of X to Y, whereas the other route
connects X and Y via a mediator M and is known as the indirect effect

of X toY.

Figure 1.1: Path diagram: A Simple Mediation Model



The total effect is represented by a. The direct effect is represented
by o'. The effect of independent variable on mediator variable is repre-
sented by ( while that between the mediator and the dependent variable
is shown by 7. Mediation is commonly assessed using three standard
methods including: causal steps, difference in coefficients and product
of coefficients [15]. For a basic single mediator model in Figure 1.1, a
series of Ordinary Least Square regression equations below are sufficient

to answer the main questions about mediation [14].

Y=rm+aX+e (1.1)
M:K2+6X+62 (12)
Y = ks + o' X +vM + es (1.3)

Equation 1.1 shows the total effect a of the independent variable
on dependent variable, Equation 1.2 shows the effect of independent
variable, § on the mediator and Equation 1.3 shows the direct effect,
o of independent variable on dependent variable when the effect, v of
mediator on dependent variable, is incorporated in the model. ki, Ko
and k3 are intercepts for each of the three equations, while ¢;, ¢, and
€3 are respective residuals assumed to follow a normal distribution with

mean 0 and variance 4%, 45 and 07 respectively.

1.2 Statement of the problem

According to [11] HIV/AIDs claims a life almost every minute in the

world and this has culminated to about 630,000 people who have died



of HIV related illness. 39.0M people globally are HIV infected and
1.3M are the new infections. Sub-Saharan Africa though with almost
11% of the worlds population continues to be the global epicenter HIV
epidemic, accounting for 70% disease burden.

Kenya has recently shown a steady decline in HIV prevalence which
currently stands at 4.9% among population aged 15-64 years. However
the UNAIDS/WHO AIDS Epidemic Update shows that the actual num-
ber of infected individuals is still rising as a result of new infections and
longer life expectancy brought on by the use of anti-retro-viral medica-
tions. The Kenya Estimate report [32] further reveals the variations in
HIV prevalence across counties and population groups in Kenya.

Prevention of HIV epidemic depend on a good understanding of the
determinants of HIV spread, their specific magnitude on the disease
burden and intervention program needed to curb the epidemic [38]. A
number of factors including the demographic, cultural, behavioral fac-
tors have been linked to the risk of contracting HIV in Kenya. A study
conducted by [28] using multi-level logistic regression modeling shows
that there was generally variations in the risk of HIV across counties and
regions, implying need for specific interventions for specific HIV deter-
minants. Mass media is one of the interventions greatly used in HIV
prevention due to its numerous advantages over other interventions. It
has a wide reach, has standardized repetitive messages and has ability
to use different content formats such as entertainment, news, advertise-
ments among others. [20]. These intervention interact with HIV risk
factors to built an environment that underlie processess and outcomes

affecting population health [17].



Many study including [38, 28, 5] have addressed the relationship be-
tween HIV risk factors and HIV prevalence without considering a medi-
ator variable. In addition, a number of studies such as [13, 4] have been
done to assess mediation in HIV intervention with various objectives.
However, none of the studies explicitly describes the effect of mediator
variable in terms of interventions strategies used to control HIV on HIV
prevalence in Kenya.

This study models the effect of mediation on HIV prevalence in Kenya
using a logistic regression model in order to establish the effect of an
intervention, specifically Exposure to HIV related mass media on HIV

prevalence in Kenya.

1.3 Objectives of the Study

1.3.1 Main Objective

The main objective of this study is to model the effect of mediation on

HIV prevalence using a Logistic regression model.
1.3.2 Specific Objectives

The specific objectives of this study included:

1. To formulate two Logistic regression models; one in the absence of

mediation and another in the presence of mediation.

2. To estimate the effect of parameters of the fitted models on HIV /AIDs

prevalence using Maximum Likelihood Estimation approach.

3. To compare the performance of the two models and evaluate the

adequacy of the model fit.



1.4 Significance of the Study

The study contributes to better understanding of the relationship be-
tween an independent variable and a dependent variable when these
variables do not have an obvious direct connection. This can inform pol-
icy makers in formulation of appropriate intervention strategies aimed

at reducing HIV /AIDS prevalence.

1.5 Justification of the Study

Understanding the processes underlying the effect of HIV risk factors
on HIV Prevalence through mediation analysis can help improve the
effectiveness and help minimize on cost of HIV prevention and treatment

interventions.

1.6 Methods of study

1.6.1 Logistic Regression Analysis

Logistic regression analysis studies the association between a categor-
ical dependent variable and a set of independent variables when the
dependent variable has only two values, such as 0 and 1 or Yes and No.
Logistic regression is suited for analyzing dichotomous outcomes and has
been increasingly applied in social science research. It does not require
many of the principle assumptions of linear regression models that are
based on ordinary least squares method particularly regarding linear-
ity of relationship between the dependent and independent variables,
normality of the error distribution, homoscedasticity of the errors, and
measurement level of the independent variables. Logistic regression can

handle non-linear relationships between the dependent and independent

10



variables, because it applies a non-linear log transformation of the linear

regression [35].
1.6.2 Maximum Likelihood Estimation

This is a method of estimating the parameters of an assumed probability
distribution, given some observed data. According to [10] Estimation of
parameters of the logistic regression model using the maximum likeli-
hood method involves differentiating the likelihood function, then set
this first derivative to 0, and continue to solve the equation to obtain
the estimate of parameters. This study employed MLE to estimate the
parameters in the models by partially differentiating the log of the like-

lihood function and equating the results to zero. That is;

1.6.3 Akaike’s Information Criterion (AIC)Approach

AIC is a mathematical method for evaluating how well a model fits the
data it was generated from. It is used to compare different possible
models and determine which one is the best fit for the data. [6] defined

AIC as follows
AIC = 2K — 2logL(B) (1.4)

where K represents the number of parameters in the model and L(5)
denotes the maximum value of the likelihood function in the model.
Given a collection of models for the data, AIC estimates the quality

of each model, relative to each of the other models. This approach was

11



therefore used in this study to estimate the relative amount of informa-
tion lost while fitting the model with mediation and the model without
mediation. The less information a model looses the higher the qaulity

of the model. The model with the least value of AIC is the best model
[?].

1.6.4 McFadden’s Pseudo-R?

Among the several Pesudo R? measures suggested for assessment of the
predictive strength of categorical models, a number of previous stud-
ies preferred McFadden’s R?, considering its easy computation, intuitive
interpretation, base-rate stability in binary models and possible infor-
mation theory interpretation [46].

According to Smith, [42] McFadden’s R? is a metric computed using
pR? function from the pscl package in R. It ranges from 0 to 1, with
values close to 0 indicating that the model has no predictive power and
values over 0.40 indicating that a model fits the data very well. McFad-

den’s R squared measure is defined as;

LogL(p)
2 =1-—=2" 1.
RMcFadden LogL(null) ( 5)

where L() denotes the (maximized) likelihood value from the fitted
model, and L(null) denotes the corresponding value but for the null

model — the model with only an intercept and no covariates.
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CHAPTER TWO
LITERATURE REVIEW

2.1 Introduction

This chapter discusses the literature that exists on HIV risk factors,
mediation analysis and the use of Logistic regression in modeling HIV
prevalence in relation to the proposed study.

According to Global AIDS report [11], HIV/AIDS has spread at an
alarming rate worldwide since first AIDS diagnoses in early 1980s, with
the number of new infections rising each year. SSA remains the global
epicenter of HIV epidemic accounting for the 2/3 of the new infections
in the world. Globally 39 million people are living with HIV/AIDS, 1.3
million people are newly infected and about 630,000 people have died
from AIDS related illness [29].

According to Kenya AIDS Response Report [32], Despite the progress
made by Kenya in advancing towards the UNAIDS 90-90-90 targets for
ending the HIV /AIDs epidemic, there still exist a significant geographic
variation in HIV prevalence rates among counties and regions. The
Highest prevalence of 20% recorded in counties located around Lake
Victoria region and lowest of 1% recorded in counties in North Eastern
region.

Johnson et.al [18], demonstrated on how HIV is a multidimensional
epidemic and various risk factors such as demographic, residential, so-
cial, biological, and behavioral factors exerted varying effects on HIV

infection for different individuals. Therefore a good understanding of

13



population-specific transmission risk factors both direct and indirect
factors, could be helpful in designing effective mediation for specific
population.

Moineddin et al [24] indicated that while individual risk factors have
received a lot of attention, the social environment in which people live
has been largely ignored despite the fact that it has a significant impact
on people’s health and behavior. A multilevel models have been iden-
tified as highly appropriate in assessing how context affects individual-
level health risks and outcomes. Recent developments in statistical mod-
els have also made it possible to test sociological theories by enabling
researchers to examine the additive and interactive effects of individual-
level and contextual factors that affect sociological outcomes at the in-
dividual level [28].

According to the study by [44] on Religion and Women’s Health in
Ghana, one’s religious affiliation significantly affects their understanding
about AIDS and is linked to changes in some preventative behaviors,
most notably the usage of condoms.

Huberman et al [15], in their study on Estimating the drivers of
species distributions with opportunistic data using mediation analysis,
described a spatial estimation method for supplementarily including
additional opportunistic data using mediation analysis concepts. The
opportunistic data mediate the effect of the covariate on the designed-
survey data response, decomposing it into a direct and indirect effect. A
component of the indirect effect was then estimated via regressing the
mediator on the covariate, while the other components are estimated

through a spatial occupancy model. Simulation results suggested that

14



the mediated method produced an improvement in relative MSE for
reasonable quality data. However, the standard, unmediated method is
more preferable if the simulated opportunistic data are poorly correlated
with the true spatial process.

Magadi and Desta conducted a study on the multilevel analysis of the
determinants and cross-national variations of HIV seropositivity in sub-
Saharan Africa using data from the Demographic and Health Surveys,
collected between 2003 and 2008 from 20 different sub-Saharan African
countries, and examined the determinants and cross-national variations
in the risk of HIV seropositivity in the region Magadi and Desta, [28].
Using simultaneous confidence intervals of country-level residuals, the
risk of being HIV seropositive was compared across nations. The study
found that sexual behavior characteristics partly explained some of the
gender differences in socioeconomic risk factors.

In a study to estimate HIV prevalence and characterize risk factors
among young adults in Asembo, rural western Kenya as conducted by
[5], a Community-based cross-sectional survey was designed and poten-
tial study participants who included the residents aged 13-34 years for
the period October 2003 - April 2004 were randomly selected through
stratified sampling by sex and age group using the Demographic Surveil-
lance System (DSS) as a sampling platform and were interviewed on risk
behavior and tested for HIV and Herpes Simplex Virus 2 (HSV-2) on
voluntary basis. The results of study showed that HIV infection was
strongly associated with age, higher number of sex partners, widow-
hood, and HSV-2 seropositivity in the multivariate models stratified by

gender and marital status. The extremely high HIV and HSV-2 preva-

15



lence, and probable high incidence, were observed among young adults,
suggesting that further research in the area. The current study fills this
gap by confirming that introduction of a mediator factor, exposure of
population especially the young adults to HIV related mass media plays
a great role in lowering HIV prevalence.

Despite the many efforts to fight AIDS and the rising awareness of
the disease, the epidemic continues to claim lives while imposing heavy
costs on the Kenyan economy. A good understanding of the HIV risk
factors and their respective magnitude on HIV Prevalence and interven-
tion applied is required for effective HIV control [38].

A multilevel analysis of the determinants and cross-national varia-
tions of HIV seropositivity in sub-Saharan Africa using DHS data col-
lected during 2003—-2008 from 20 countries of sub-Saharan Africa, in-
dicated that there are generally variations in the risk of HIV across
counties and regions [28|. This implies that effective control of HIV
requires specific interventions for specific risk factors.

Exposure to mass media through HIV /AIDs mass media campaigns is
one of the major interventions employed in Kenya to combat HIV /AIDs
infections. According to Irimu and Schwartz [16], Mass media is a pow-
erful tool that educates both the HIV negative persons on how to avoid
contracting HIV virus and the HIV positive persons on better living
standards. However, all these depend on how the information is deliv-
ered to the individuals. The report showed that the biggest challenge
with mass media campaign lied in disseminating accurate, objective,
balanced and non-judgmental information on HIV/AIDs to individuals.

This implied that exposure to media varies across population groups and

16



its impact on HIV control therefore varies depending on factors affecting
the population groups or individuals.

Li,[22] conducted a study to identify the sources of HIV information
for general Chinese population and examined how they affected HIV
transmission knowledge and level of stigmatization towards People Liv-
ing With HIV/AIDS (PLWHA). A face-to-face survey on market work-
ers in Fuzhou, China was conducted and multiple regression models were
used to describe correlations among respondents’ HIV /STD information
sources, HIV transmission knowledge, and stigmatizing attitude toward
PLWHA. Television programs, newspapers, and magazines, were identi-
fied as most frequently used channels for HIV information and exposure
to theses multiple sources had potential to improve HIV knowledge and
reduce stigmatizing attitude toward PLWHA which in turn plays a great
role in lowering HIV prevalence.

According to Myhre and Flora [23], effectiveness of HIV/AIDS Mass
media campaigns as a HIV control intervention lies not only on the
type of the channel of delivery but also in the level of exposure to HIV
media messages by different group populations. Since level of exposure
varies across different population groups, there is a probability of varying
effects on HIV prevalence across counties as a result of exposure to mass
media HIV/AIDs campaigns.

Agha [2], also revealed that the higher level of exposure to cam-
paign media lead to more favourable outcomes such as safer sex, higher
perceived self-efficacy in condom use negotiation, and higher perceived
condom efficacy.

A lot of research has been done to address the relationship between
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HIV risk factors and HIV prevalence. This includes a study by [5] that
estimated HIV prevalence and characterized risk factors among adults
in Asembo Community in Western Kenya. The study results revealed
extremely high HIV and HSV-2 Prevalence among young adults and
recommended further research on circumstances around HIV acquisition
among the young adults which the current study considered. In addition,
several studies on on assessing mediation in HIV Prevalence based on
various objectives has been done. This includes study by [4, 13, 25].
However none of these studies explicitly describes the role of mediation
on the relationship between HIV risk factors and HIV prevalence.

Mediation analysis is a process of establishing that dependent vari-
able Y is influenced by independent variable X while being able to de-
scribe and quantify the mechanism responsible for that effect. It is pop-
ular among behavioral researchers as a means of testing hypothetical
processes and mechanisms through which an independent variable, X,
might affect a dependent variable, Y, indirectly through the mediating
variable, M ([27, 26]).

Pirlot and Mackinnon [25], describes the limitations highlighted in
previous studies on mediation by measuring confounders of mediation
in research studies. He describes the various approaches of improv-
ing causal inference from a mediation study. The approaches discussed
includ the comprehensive structural equation models, instrumental vari-
able method, Principal stratification and the inverse probability weight-
ing.

Aly, [4] describes the effect of both women’s education and empower-

ment on receiving reproductive health care, using Multiple-Group Path
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Analysis method based on the 2014 Egypt’s Demographic Health Sur-
vey. The study examined the role of poverty and residence on the model
where empowerment played a mediating role between education and
women’s access to reproductive health care. The study recommendation
is in line with the current study on creation of a new societal culture
through the Ministry of Education and the Ministry of Higher Education
by reforming the educational curricula.

The study by [8], aimed at evaluating the effectiveness of five in-
tervention strategies among persons with HIV (PWH) who are out of
care using a systematic review of CDC’s Prevention Research Synthesis
(PRS). A descriptive analysis among the intervention strategies using
SPSS was done and effectiveness of intervention was determined using
standard meta analysis method. The results showed that the interven-
tion strategies are effective in re-engagement, retention and viral sup-
pression outcomes. This implies that several strategies are effective in
improving HIV Care outcomes among PWH who are out of care. How-
ever this doesn’t bring out the real picture of the underlying factors
that interact with the intervention strategies in order cause an effective
outcomes. The current study estimated the effect of one of the interven-
tion strategies, Exposure to HIV mass media on HIV prevalence using
mediation analysis and logistic regression modeling.

Huberman et.al [15], estimated the drivers of species distribution
with opportunistic data using mediation analysis where opprotunistic
data was used to mediate the effect of covariate on designed survey data
response, decomposing it to direct and indirect effect. A component of

indirect effect was then estimated via regressing the mediator on the
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covariate. The decomposition of the total effect into direct and indirect
effects is the key concept leveraged in our current study. The regression

equation for capturing the total effect of X on Y is
Y =Xa+¢ (2.1)

where X = (1,7); a = (ag, ;)" and ¢, represent a mean-zero normal error.

Expectation of Y is therefore given as;
EY)=Xa (2.2)

Give that ~ is the effect of mediating variable M on Y given the effect
of X, The regression Equation showing the decomposition of total effect

into direct and indirect becomes;
M=X[+ e (2.3)

and

Y/M = Xa 4+ My + e (2.4)

where ¢; and ¢3 are independent mean-zero normal errors.

Using the Equations 2.3 and 2.4, the expectation of Y becomes;
E(Y)=E(E(Y/M)) = E(Xa' + My) = Xa' + Xy = X(a' + 87) (2.5
The total effect can be equivalently expressed as

B=a + By (2.6)

where o' and (7 represent the direct and indirect effects, respectively
[3]. In the current study, the logistic regression model with mediation

was formulated based on the derivation by [3], where the total effect
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was decomposed into direct and indirect effects. The model was fitted
to both simulated data and real data from KENPHIA, 2018 Survey and
the parameters of the model were estimated using MLE method.
Previous studies as reviewed by [31] reveal that though intervention
strategies are effective in HIV Prevention, they do not reveal the effec-
tiveness of specific interventions, which makes it difficult to tell which
intervention the country should largely invest in for effectiveness and in
order to minimize on cost of HIV Prevention. The current study closes
this gap by estimating the effect of one of the most used intervention
strategy, Exposure to HIV media on HIV Prevalence under mediation

analysis using Logistic regression analysis.
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CHAPTER THREE
MODEL FORMULATION

3.1 Introduction

In this chapter two models were formulated; A Logistic regression
model with mediation effects and a Logistic regression model without
mediation effects. Logistic regression is used to analyze the relation-
ship between multiple independent variables and a categorical depen-
dent variable in order to estimates the probability of occurrence of an

event.

3.2 Model Variables

The study used real data derived from the 2018 Kenya Population-based
HIV Impact Assessment (KENPHIA) survey. Based on the KENPHIA
data, the response variable used was “HIV final result” (HIV positive-1;
HIV Negative-2).

The Mediator variable used was assumed to be “ever heard of HIV” (Yes-
1; No-2).

The independent variables; Behavioral variables, Social variables, De-
mographic variables and Biological variables were assessed using various
questions in the survey as follows;

Behavioral variables as “used condom at last sexual encounter in the
past 12 months” (Used condom at last sexual intercourse in the past 12
months-1, Did not use condom at last sexual intercourse in the past 12
months -2, No sexual intercourse in the past 12 months-3).

Social variables as “Education level in Kenya” (1 - No primary, 2 - In-
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complete Primary, 3 - Complete Primary, 4 - Complete Secondary).
Demographic variables as “Urban Area Indicator” (Urban =1 ; Rural
= 2) and Biological variables as “Gender” (Male =1; Female =2).

3.3 Formulation of a Logistic Regression Model in the absence of Me-
diation and Parameter Estimation

The model formulated in the absence of mediation was an update of
model used previous studies such as that conducted by [40, 9, 43] while
considering binary data. Let N represent total number of populations, n;
representing the number of observations in population i for i =1,2--- N,
where n = ZZN:l n; is the total sample size.

The study considered the outcome variable Y, as HIV status of an
individual and each element y; as a random variable taking on values 1 for
HIV positive and 0 for HIV negative. The distribution of Y is a Bernoulli
and the probability of a given individual y; sampled from the population
i being HIV positive is m; = P(y; = 1 | i) whereas the probability of the
sampled individual being HIV negative is 1 —m; = P(y; =0 | 7).

According to [43], simple linear regression that has a numerical con-
tinuous measurement of both explanatory X and response variable Y,
assumes that individual responses vary around the mean based on a
normal distribution with variance 62, that is € ~ N(0,6?).

This is contrary for binary data as in the current study, where Y is
binary in nature with y; independent observations taking on two possible
values; 1 for individual testing HIV positive and 0 otherwise can be
modeled in terms of predictor variable z; through a linear function given

as.

E(yi) | zi) = ao+ .-+ aprip = (3.1)
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Where i =1,2,---N ; r=0,1,2,--- R ; x;, are the explanatory variables
and «, are the unknown parameters to be estimated.

The variance of a binary response variable unlike in simple liner
model is a function of the probability =, and the var(y;) = m(1 — ),
implying that y; is also a function of 7;. This makes the assumption of a
constant variance §? invalid and since binary response can only take on
two possible values 0 and 1, assumption of individual responses varying
around the mean according to normal distribution is also violated. To
solve this problem, there is a need to model the binary response vari-
able by some curved relationship with predictor variable using logistic
regression model [43].

The study therefore used logistic regression model to provide a curved
relationship with the predictor variable X. The logistic regression model
is more advantageous in a way that it is bounded between two values
0 and 1, it has a hidden linear model that can be revealed when the
response variable is transformed and finally the sign associated with «,
shows the direction of the curve.

The mean of response variable is modeled in terms of predictor vari-

able and mediator variable through a linear function [36, 9].

Ur
ln( ) = aot+aixat, -, +QARTiR

R
= Z QT (3.2)
r=0

Where ; i=1,2,--- ,nand In <1jm> is the odds of an event occurring.
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Solving for 7; in Equation 3.2

( Uy > _ eXpi:O QrTip
1— T

T = expareo artir (1 — ;)

7-(1(1 + eXpZ’ILU ar:m‘r) — eXpZ§:0 QT

Zfﬁo Qr iy
m o= P (3.3)
1 + exp2or—o ®rir

Logistic regression aims at estimating k£ + 1 unknown parameters ..
in Equation 3.2 using Maximum Likelihood Estimation which entails
finding estimates of the model parameters that are most likely to give us
data. Given that the observed responses are independent of each other,
the likelihood is a product of m; and (1 — 7;). The likelihood function for
the binary data in the study expresses the value of o in terms of known

fixed values of y; as follows;

La|Y) = J[=¥@—m)
=1

_ WZ?:l yi(l _ 77-0”‘2?:1 Yi (34)

)

Taking natural log of the likelihood in Equation 3.4

InL(a|Y) = Zyz Inm; + (n - Z%) In(1 — ;)
i=1 i=1

= Zyl Inm; — Z:yZ In(1 —m) +nln(l —n)

i=1 =1

= Zy’ In ( T > +nln(l —m) (3.5)
i1 1 — T

1—m;

Substituting for In ( i ) from Equation 3.2 and 7; from Equation
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3.3 in Equation 3.5 we have;

" R Z?:o QrTir
InL(a|Y) = Zyl Z o, T | +nln (1 _ =P = :
i r=0

14+ expzrzo Qrir

n R
= Zyl Zarl’ir +nln< 1R : )
) r=0

1 + expXr=o @rir

= Zyz Z a,xy | +nin(l+ expr=0 arair) =1 (3.6)

Recall

—11In(z) = In(x)"!, thus we obtain;

InL(a | Y) Zyz (Z a,,xw> —nln (1 + eXpilo arm) (3.7)

The log likelihood function in Equation 3.7 represents the formulated
logistic regression model in the absence of mediation.

To find the maximum likelihood estimates in the model, we differ-
entiate the log likelihood function in Equation 3.7 with respect to the
parameters «, and set the derivative to zero. In differentiating Eq. 3.7

0 explr=o
— lnL (a]Y) i Lir — T a:zr =0 3.8
5o L@ Zy R e (3.8)

Setting the Equation 3.8 to zero results to r + 1 non-linear equations
each having r + 1 unknown parameters which when solved gives a so-
lution, which specifies a critical point that is either a maximum or a
minimum. This results into an estimated vector of «, elements that is

considered as maximum likelihood estimates of the models,[9, 43].

3.4 Formulation of a Logistic Regression Model in presence of media-
tion and parameter estimation

Equations 1.1, 1.2 and 1.3 were used to fit a simple mediation model in

Figure 1.1. The mediation effect in the model can be estimated using
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either product of coefficient method which is a product of § and ~ or the
difference-between coefficients approach which is the difference between
o and o' [39]. This study considered one independent variable, Y; with
multiple covariates, X;.

According to [14], mediation analysis mainly looks at decomposing
total effect (TE) of the exposure variable into Indirect effect through a
mediator and direct effect whose impacts solely comes from the exposure
variable. The mediation effect is indicated by a and v paths while the
direct effect by a/ path as shown in Figure 1.1.

In this study both Mediation variable, M and dependent variable, Y
were Binary variables and the sample size for estimating the parameters
for M-regression and Y-regression equations were the same. We there-
fore used the product of coefficients (ab) method in this study because
of its strength in considering one regression model for the outcome and
another regression model for the mediator thus circumventing the model
compatibility issue in the difference method Cheng [7]. In this study,
our outcome of interest,was Y (HIV Prevalence), exposure variable was
X (HIV Risk factors), and a mediator variable was M (Exposure to HIV
related mass media). We also observed ¢, a vector of residual factors
in the estimated exposure-outcome association assumed to have equal
error variance.

Assuming the conditional mean model of outcome Y, in Equation 1.3.

g(E(Y\X,M,e3)) = kg + /X + M + e3 (3.9)

where ¢(.) is the logit link function, since the outcome is Binary in nature

while o/ is the exposure effect on the outcome conditional to the effect
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of the mediator and error term. ~ represents the relationship between
the mediator variable and outcome variable conditional to the effect of
the exposure variable and the error term.

In addition, the product method required fitting the mediator model

as shown in Equation 1.2

WE(M\X, e3)) = ko + BX + e (3.10)

Where h(.) is a logit link function given that our mediator variable is
Binary and  represents the association between the exposure variable
and mediator variable conditional on the effects of the covariates and
the error term. ¢; and ¢3 are independent mean-zero normal errors. The
study assumes that both the outcome and mediator models in Equations
3.9 and 3.10 above shares the same set of covariates and are used to
estimate the total effects, Mediation effects and Direct effects.

Huberman et.al [15], states that the total effect which is the expec-
tation of X on Y can further be decomposed through the mediator into
direct and indirect effects as follows;

The total effect of x; on y; can be captured in a regression Equation
as;

Y =Xa+e
Where X = (2;), @ = (ap, @1)" and e represents a mean-zero normal error.

The expectation of Y was given as;
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E(Y) = E(E(Y/M))
= E(wX ++yM)
= E(urX +~(8X))
= X +7(BX)

= X(at+7P) (3.11)
The total effect is represented as
a=a +v6 (3.12)

where o/ and [ represent the direct and indirect effects, respectively
[3].

Instead of the fixed effects a shown in the formulated logistic regres-
sion Model without mediation, we now have the total effect of indepen-
dent variable X on dependent variable Y, decomposed into mediation
effect, 70 and direct effect, a’. As in the case of logistic model in absence
of mediation, the response variable y; is binary and has Bernoulli distri-
bution. The mean of response variable is modeled in terms of predictor

variable and mediator variable through a linear function
E(Y | M) = ag + alpxiy + By (313)

where Y is the response variable, X the predictor variable and M is
the mediator variable. o/, representing direct effect and Jv representing
indirect effect from mediation estimate are the unknown parameters to
be estimated.

1=1,2,--- ,n,r=1,2,--- , R and M is a single mediator variable in the

model.
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R
T
ln<1_m) = ;a/xir—l—ﬁ’y (3.14)

where r=0,1,2,--- Randt=1,2,--- ,n

solving Equation 3.14 by taking anti logarithms on both side

( Uy ) _ eXpizo alxi-+pPy
1-— v

o= eXpi:O a’$ir+5’7(1 _ 772')

R
expr=0 V/TirtHy

= 3.15
1+ GXPZE:O Izir+By ( )

where o/ and (v is the decomposed total effect of x; on y; and is given
as the direct effect and indirect effect respectively, [3].

In order to find the estimates of the model parameters that for which
the probability of observed data is greatest, given that the observations
are independent, the likelihood for the binary data as in this study is

given as
K3 V) = [[0—m
= W:Zyi(l — ) (3.16)
Taking the logs of the likelihood

InL((c/, 87) 1Y)
= D wlnmi+ (n—Zyi)ln(l _yZ)
= Y yilnm =) yiln(l—m) +nl(l - )
= Zy,(ln

) +nln(l —m) (3.17)

T
1 — T
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Substituting Equation 3.14 and 3.15 in Equation 3.17

InL((c/, 37) 1Y) (3.18)

al ZRf alwir‘f’ﬂ'y
expsr=0
= E i In E ol + +nln|1-—
! r=0 57 ( 1+ eszfzo a’l’ir"‘ﬁV)

R
1
- 7'1 1T 1
Z?/ I ;aw + By +nn<1+exp25_oa/mw+gy>

R
- Z yiIn Z alzy + [y | +nin(l+ expzﬁ:0 (a’””"Jff’“/))—l
r=0

Recall that —11In(x) = In(z)™!, thus we obtain

InL((c/, 37) 1Y)

R
= Z yiln (Z alTi + 57) —nln (1 + epoiO O"”"i’“w”) (3.19)
r=0

Equation 3.19 represents the formulated logistic regression model in
the presence of mediation.

Similarly, to find the Maximum likelihood estimates o/ and (v, we
find the partial derivative of the log likelihood function in Equation 3.19
with respect to the parameters a/ and v , set the derivative to zero and
solve.

In differentiating Eq. 3.19

With respect to o/,

8 epo§:0 arxir+0vy

In L((/, Y) = i Tir — MLy =0 (3.20
R R W

With respect to gy

dln L((C(/, 6’}/) ‘ Y) _ 1 Zy o exp2§:0 arzir+B8y i
a(ﬂfY) 57 — ' e 1+ epofz:o o xir+By ﬂ’y

epo§:0 o Tir+By

1
= 5= E i — NiTip = 21
By ( — i i 1 + exper=o armﬁb’v) 0(3.21)
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Using the same procedure as mentioned under model in the absence
of mediation, r + 1 non-linear equations each having r + 1 unknown pa-
rameters under this model which when solved gives a solution, which
specifies a critical point that is either a maximum or a minimum. This
results into an estimated vector of o/ elements and a vector of Sythat is
considered as maximum likelihood estimates of the model representing

the direct and indirect effects respectively,[9]& [43].
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CHAPTER FOUR
RESULTS AND DISCUSSION

4.1 Introduction

The formulated models were each fit to both KENPHIA data separately,
that is the model without mediation and Model with mediation for the
purposes of data analysis and estimation of individual parameter effect
on HIV /AIDs prevalence based on sign and value associated with the
parameter was done.

KENPHIA 2018 survey data was carried out with an aim of building
on the previously conducted Kenya AIDS Indicator Survey (KAIS) sur-
veys. The new features in the survey included HIV prevalence of each
of the 47 counties and the National HIV prevalence that included for
Mandera, Wajir and Garissa counties which were previously excluded
from data collected in the KAIS as indicated in the Kenya HIV estimates
report [32].

4.1.1 Fitting Logistic Regression Model to KENPHIA data set without
mediation and parameter estimates

From the KENPHIA data, our response variable was Final HIV Sta-
tus; 1-HIV Positive, 0-HIV Negative.
The predictor variables in the model include “Gender” as the Bio-
logical factor whose responses were 1-Male and 2-Female, “Education
level in Kenya” as the social factor with responses; 1-No primary, 2-
Incomplete primary, 3-complete primary and 4-complete secondary),

“Urban Area Indicator” as the Demographic variable with responses;
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1-Urban, 2-Rural and “Used condom at last sexual intercourse in the
past 12 months”, as the Behavioral factor with responses 1 - Used con-
dom at last sexual intercourse in the past 12 months 2 - Did not use
condom at last sexual intercourse in the past 12 months 3 - No sexual
intercourse in the past 12 months.

The logistic regression model without mediation was then fitted as

follows;

log <ﬁ> = 1.863541 + 0.0389178 + 0.014316S5

+0.013461D — 0.039834b (4.1)

Table 4.1: Parametric estimates of the fitted regression model to KEN-
PHIA data without Mediation

Coefficients
(Intercept) B S D b
1.863541 0.038917 | 0.014316 | 0.013461 | -0.039834
Residual Deviance: 1215.6
AIC: 525.06

Table 4.1 shows that there is Positive correlation between Behavioral
factors, B and HIV prevalence, that is, a unit increase in Behavioral
factors increases the log odds of HIV prevalence by 0.038917. There is
positive correlation between Social economic factors, S and HIV preva-
lence, that is, a unit increase in Social factors increases the log odds
of HIV prevalence by 0.014316. There is Positive correlation between
Demographic factors, D and HIV prevalence, that is, a unit increase
in Demographic factors increases the log odds of HIV prevalence by

0.013461. There is Negative correlation between biological factors, b
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and HIV prevalence, that is, a unit increase in biological factors re-
duces the log odds of HIV prevalence by -0.039834. The value of Akaike
Information Criteria (AIC) obtained while fitting the model was 525.06.

Table 4.2: Estimation of the effect of the parameters of model without
mediation on HIV Prevalence using KENPHIA data

Coefficients

° Estimated effect Std. Error
(Intercept) 1.863541 0.012697
B-used condom 0.038917 0.003255
S-Education level | 0.014316 0.002190
D-Urban Rural | 0.013461 0.003647
Indicator

b-Gender -0.039834 0.003595

Table 4.2 demonstrates that the Behavioral factor, that is in this case
“individuals who used condom in the last sexual intercourse in last 12
months” had a positive effect (0.038917) on the HIV /AIDS prevalence.
The Social factor, “education level” had a significant positive effect,
(0.014316) on HIV Prevalence. The Demographic factor, “Urban Area
Indicator” had a significant positive effect (0.013461) on HIV prevalence
while Biological factor, in this case “Gender” had a significant negative

effect (-0.039834) on HIV prevalence

4.1.2 Fitting Logistic Regression Model to KENPHIA data set with
mediation and parameter estimates

To fit the model with mediation, a mediator variable was introduced.
The study assumed that all the individuals tested were exposed to
HIV/AIDs. The mediator variable therefore was Ever tested for HIV
and responses were; Ever Tested-1, Never tested-2. The logistic regres-

sion model with mediation was then fitted as follows;
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log <1L> = 1.793732 + 0.0366478 + 0.018416S5

+0.011259D — 0.031591b + 0.047586 M (4.2)

Table 4.3: Parametric estimates of the fitted regression model to KEN-
PHIA data with Mediation

Coefficients
(Intercept) B S D b M
1.793732 || 0.036647 | 0.018416 | 0.011259 | -0.031591 | 0.047586
Residual Deviance: 1210.1
AIC: 434.01

Table 4.3 shows that there is a Positive correlation between Behav-
ioral factors and HIV prevalence, that is, a unit increase in Behavioral
factors increases the log odds of HIV prevalence by 0.036647. There
is positive correlation between Social economic factors and HIV preva-
lence, that is, a unit increase in Social factors increases the log odds
of HIV prevalence by 0.018416. There is Positive correlation between
Demographic factors and HIV prevalence, that is, a unit increase in De-
mographic factors increases the log odds of HIV prevalence by 0.011259.
There is Negative correlation between biological factors and HIV preva-
lence, that is, a unit increase in biological factors reduces the log odds of
HIV prevalence by -0.031591. The value of AIC obtained while fitting
the model was 434.01.

Table 4.4: Estimation of the effect of parameters of the model with me-
diation on HIV Prevalence using KENPHIA data
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Coefficients
° Estimated effect Std. Error
(Intercept) 1.793732 0.014586
B-used condom 0.036647 0.003256
S-Education level | 0.018416 0.002226
D-Urban Rural | 0.011259 0.003646
Indicator
b-Gender -0.031591 0.003687
M-Ever tested | 0.047586 0.004928
HIV /AIDs

In Table 4.4 the behavior factor, that is in this case “individuals who
used condom in the last sexual intercourse in last 12 months” has a posi-
tive value (0.036647) for HIV/AIDS prevalence. The Social factor, “edu-
cation level in Kenya” had a more positive effect on HIV (0.018416). The
Demographic factor, “Urban Area Indicator” had a significant positive
effect on HIV prevalence 0.011259, while Biological factor, in this case
“Gender” has a more negative effect on HIV (- 0.031591). The media-
tor variable, in this case “individuals who Ever tested for HIV/AIDs”,
had a significant positive effect (0.047586) on HIV Prevalence. This im-
plies that a unit increase in the mediator variable increases the odds of
HIV prevalence by 0.047586. The study assumed that all who tested for
HIV /AIDS had been exposed to information on HIV hence were willing
to test [1]. In the study to examine the relationship between exposure
to media and Voluntary Counseling and Testing (VCT), it was revealed
that media is very crucial in scaling up VCT services and individuals
exposed to mass media are more likely to be tested for HIV than those

not exposed [34].
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4.1.3 Comparison of the performance of the models formulated and
fitted with KENPHIA data

The AIC under the model with mediation (434.01) as indicated in Table
4.7 was lower compared to that in the model without mediation (525.06)
as indicated in Table 4.5, this clearly indicates that the amount of in-
formation lost whe fitting the model with mediation was less compared
to amount of information lost whe fitting the model without media-
tion hence the model with mediation is a better model and well fits the
KENPHIA data.

A comparison was also done based on the assessment of models ade-
quacy using McFadden R? criterion. A value of 0.4755762 is quite high
for McFadden’s R? for the model with mediation, which indicates that
the model fits the data very well and has high predictive power as com-
pared to value of 0.3593836 for the McFadden’s R? for the model without
mediation [42, 46].

In addition the comparison of the two models when fitted with KEN-

PHIA data was done using density curve shown in Figure 4.1;

The distribution reveals that the model without mediation has several
peaks that tend to be negatively skewed with the main mode at 9 while
the model with mediation effect tends towards a normal distribution
with the main peak at 8. This indicates that mediation variable tends to
lower the prevalence rate of HIV/AIDs among individuals irrespective
of their gender, education level, Urban Rural indicator and Condom
use unlike in the model without mediation where HIV /AIDs prevalence
varies with the group in which individuals are in terms of the associated

risk factor.
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Figure 4.1: Density Curve of predictor variables for KENPHIA data set
in presence and in absence of mediation variable

Therefore, real data from KENPHIA survey shows that mediation

plays a great role in prevention of HIV/AIDS in Kenya.
4.1.4 Evaluation of the Model Adequacy using simulated data

Basing on study by [42, 46], A value of 0.4755762 is quite high for McFad-
den’s R? for the model with mediation, which indicates that the model
fits the data very well and has high predictive power as compared to
value of 0.3593836 for the McFadden’s R2 for the model without medi-

ation.
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CHAPTER FIVE
CONCLUSIONS AND RECOMMENDATIONS

5.1 Introduction

This chapter discusses the results of the analysis done in chapter Four
using KENPHIA data to estimate the effect of mediation on HIV preva-
lence. It also gives recommendation of some of the areas that can be

improved in the study.

5.2 Conclusion

The study looked at modeling the effect of mediation on HIV/AIDS
prevalence using the logistic regression model, one in presence of me-
diation and the other in the absence of mediation. The Binary logistic
regression models formulated were fit to data and their parameter esti-
mated using Maximum likelihood estimation. The results of the study
revealed a high prevalence of HIV in a model without mediation while a
model with mediation showed a low prevalence of HIV. The low AIC in
model with mediation revealed that the model was better compared to
that without mediation. This indicates that the existence of mass media
in Kenya plays a significant role in sensitizing the members of society
against HIV, thus reducing the prevalence of the disease. According to
[31] its critical to establish the effect of specific intervention strategy
used in HIV Prevention for effectiveness and in order to minimize cost

of HIV prevention.
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5.3 Recommendation for Further Research

There are complexities involved in estimating the effect of specific in-
terventions used to control spread of HIV/AIDS due to prevailing HIV
related risk factors such as socio economic, demographic and cultural
background of individuals on HIV Prevalence in Kenya. These risk
factors will either enhance or hinder the intervention, in this case the
mediating factors were used in lowering HIV Prevalence in the coun-
try. Therefore, there is need to estimate the effect of other intervention
strategies such as male circumcision, PrEP or ART used in HIV/AIDS
control assuming they are mediators. This will help the country to chan-
nel resources to the specific mediators that are effective and efficient in

controlling HIV prevention.
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APPENDICES

APPENDIX : Fitting Logistic Regression Model to KENPHIA Data Set
Without and With Mediation and Parameter Estimates

attach(RDataCV S)

read.csv(C : Users USER Documents Ruth folder ThesisData RDataCV S.csv)
modell = glm(P—HIV P ~ b—Gender+S—Educl+D—URI+B—Condm, data =
RDataCV'S)

summary(modell)

pscl :: pR2(modell)[” M cFadden” |

plot(density(b— Gender + S — Educl+D —URI+ B —Condm), from = —0.5,t0 =

0.5, col =" blue, lwd = 2, main =")

model2 = glm(PyIV P ~ b— Gender + S — Educl+ D — URI + B — Condm +
m — Tested, data = RDataCV S)
summary(model2)
pscl :: pR2(model2)[” McFadden”|
plot(density(b— Gender +S — Educl+ D —URI + B —Condm+m—Tested, data =
RDataCV'S), from = —0.5,to = 0.5, col =" red’, lwd = 2, main =")

plot(density(b — Gender + S — Educl + D — URI + B — Condm), from =
—0.5,t0 = 0.5, col =" blue’, lwd = 2, main =")
lines(density(b—Gender+S — Educl+ D —URI+ B—Condm-+m—Tested, data =

RDataCV'S), from = —0.5,to = 0.5, col =" red’, lwd = 2, main =")

plot(density(P—H IV P),from =-0.5, to=0.5,col="red’,lwd=2,main="")
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