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ABSTRACT 

 

The conventional approach in determining HIV risk factors fails to consider the influence  

behavioural and biological factors may have when modelled jointly. This study investigates 

the extent of influence behavioural and biological factors jointly have on HIV prevalence. The 

approach adapted in the modelling includes assessment of multicollinearity among the 

variables, principal component regression analysis to deal with multicollinearity problem, 

checking for the presence of confounding factors and significant interaction effects. In 

determining the joint effect, logistic regression model was fitted to the HIV data obtained from 

the Zimbabwe Demographic and Health Survey of 2011 (ZDHS, 2010). Besides age, marital 

status, total number of lifetime sex partners and condom use being significant for both gender, 

genital discharge and paid for sex for males and place of residence, age at sexual debut, genital 

sore, relationship with recent partner, educational attainment and STI for females were 

significant. Significant interaction terms between biological and behavioural factors were 

revealed and thus demonstrated the importance of being cautious when interpreting the results 

of joint modelling. Generalised Variance Inflation Factors (GVIF) detected multicollinearity 

for some variables in both models and Principal Component analysis obtained four factors 

(sexual relation, residential status, STI status and sexual partnership) for females and three (STI 

occurrence, sexual relationship and residential status) for males thus addressing the problem. 

Significant interaction between behavioural and biological factors were noted. The findings 

suggest meticulous consideration in assessing interrelationships among independent variables 

and give an appreciation and understanding of how statistical methods can be applied in the 

public health sector. 

KEY TERMS: Logistic Regression, Multicollinearity, Confounding, Interaction, Principal 

Component Analysis (PCA) 
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CHAPTER ONE 

 

 INTRODUCTION 

1.1 Background  

Human Immunodeficiency Virus (HIV), a virus that spreads through certain body fluids and 

alters the immune system, has evolved to become the greatest challenge in global health, with 

38 million persons living with the virus worldwide (UNAIDS, 2019). It is responsible for over  

36 million deaths since the epidemic started and has caused devastation on families, economic, 

social and health burdens on economies. According to the world health organisation (WHO, 

2019), the world HIV adult prevalence rate was 0.7% with more than 67% of the world’s HIV 

positive population residing in sub-Saharan Africa.  

 

One of the hardest hit countries by the AIDS epidemic in sub-Saharan Africa is Zimbabwe, 

with an approximate 1.4 million people living with HIV. Approximately, HIV prevalence 

among adults 15-49 years of age was 12.8% (15.4% among females, 10.1% among males), 

down from 27.7% in 1997 (UNAIDS “AIDSinfo”, accessed August 2020). While much 

progress has been made, the country continues to prioritise HIV prevention and treatment as a 

programme of national priority. Table 1 shows the position of Zimbabwe in the top 10 world 

HIV prevalence rates in sub-Saharan Africa.  

 

Table 1: List of first 10 countries’ adult HIV prevalence rates (ages 15-49) 

Position Country Percent 

1 Swaziland 27.2 

2 Lesotho 25.0 
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3 Botswana 21.9 

4 South Africa 18.9 

5 Namibia 13.8 

6 Zimbabwe 13.5 

7 Zambia 12.4 

8 Mozambique 12.3 

9 Malawi 9.2 

10 Uganda 6.5 

Source: (https://www.cia.gov/library/publications/the-world-

factbook/rankorder/2155rank.html.22.09.20) 

Zimbabwe mounted effective responses to the HIV epidemic control, such as Anti-Retroviral 

Therapy (ART) programme rollout, strategy, adoption of Option B+, improved evaluation 

practises and adoption of WHO guidelines among others. In 2011, the Zimbabwe National HIV 

and AIDS Strategic Plan (ZNASP), a multi-sectoral framework was established with the goal 

of enlightening and directing the national response towards attaining zero new infections, 

discrimination and deaths due to AIDS (Zimbabwe National HIV and AIDS Strategic Plan 

2015-2018). It identified two national priorities in fighting HIV and AIDS which were to 

decrease mortality amongst People Living with HIV (PLHIV) and prevention of new adult and 

children HIV infections. Prevention of new adult and children HIV infections meant first 

identifying the high risk factors and then find effective ways that work against them (Baggaley 

et al., 2010; Boily et al., 2009). Previous research has identified both in isolation and jointly 

the different socioeconomic, demographic, biological and behavioural risk factors that are 

associated with HIV sero-conversion. Some of the many risk factors whose effects on HIV 

have been investigated in isolation are outlined below (Filho et al., 2011):  
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Behavioural Risk Reduction Factors Examples 

 First sexual experience at an early age. 

 Concurrent partnership. 

 Sex under the influence of psychoactive substances. 

 History of multiple sexual partners. 

 Sex with HIV-positive partners. 

 Inconsistent use of condoms. 

 Practice of anal sex. 

 

Biological Risk Reduction Factors Examples 

 History of genital sore or ulcer in previous 12 months. 

 History of genital discharge in previous 12 months. 

 Presence of HPV infection. 

 Male circumcision. 

 

The study main focus was on investigating the effect of combining different types of factors, 

biological and behavioural, on HIV in modelling. When fitting a regression model, there is a 

probability that independent variables are a combination of other variables and thus will have 

an effect on the parameter estimates, which results in multicollinearity. Though 

multicollinearity is not always harmful in regression models, its presence in models inflates the 

standard error of the maximum likelihood estimator, and leads to wide confidence intervals for 

the individual factors of linear combination which in turn gives misleading results and 

negatively impacts on the model selection decision (Ariffin & Midi, 2014; Jayakumar & A., 

2014; Kibria et al., 2012; Shieh, 2010). Multicollinearity potentially causes the Wald statistic 

to be insignificant for a single predictor whilst the overall model fitness is strongly significant. 
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It creates redundant information about the response variable, skewing the results in a regression 

model and resulting in unbalanced and unreliable regression estimates (Allison, 1999; Lesaffre 

& Marx, 1993).  

 

In the presence of interaction, results and interpretations of the coefficients in regression 

models change with respect to the interaction term (Schink & Chiu, 1966). Understanding of 

relationships among variables is increased with the introduction of interaction terms. On the 

Zimbabwe Demographic and Health survey (2010-2011) data, we fit a logistic regression 

model using stepwise variable selection method. Assessment of interaction using Odds ratios 

across the confounding variables assesses for interaction and Akaike Information Criterion 

(AIC) method selects the best model method (Burnham & Anderson, 2004; Collett, 1991). We 

apply Generalised Variance Inflation Factors (GVIF) to measure the presence of 

multicollinearity, which assesses how much the variance of an estimated regression coefficient 

increase for correlated predictors (Hosmer & Lemeshow, 2000; Menard, 2010).  

 

1.2 Justification  

Studies on a joint relationship of risk reduction factors with HIV including those focusing on 

effectiveness of individual behavioural risk reduction factors have shown significant evidence 

of decrease in the rate of transmission of HIV (Chinomona & Mwambi, 2015; Fraser-Hurt et 

al., 2011; UNFPA, Zimbabwe, 2011). Biological factors investigated solely reduced the HIV 

prevalence (Abbai et al., 2016; Ramjee et al., 2016; WHO Report, 2010). According to the 

National Aids Council (2011), heterosexual sex accounts for the greater part of new cases of 

adult HIV in Zimbabwe. Planning interventions that are realistic, acceptable, cheap, beneficial 

to community and population specific to prevent HIV pandemic remains a challenge (Bekker 

et al., 2012).  
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Despite multivariate modelling results giving much broader and more accurate findings, 

multicollinearity can be introduced. The presence of multicollinearity weakens statistical 

power, interferes with the inferential interpretation of analyses, causes erroneous variable 

exclusion and distorts type II error (Graham, 2003; Grewal et al., 2004). Confounding distorts 

the association between outcome and predictor variables and possibly causes the reversal of 

direction of an association (Cortina, 1993; Pourhoseingholi et al., 2012).  

 

Of interest is to understand how the joint effect (biological and behavioural risk factors) 

influence HIV status and assist in the formulation of intervention strategies with ultimate goal 

of reducing the HIV infection.  

 

 1.3 The research problem 

The HIV pandemic continues to affect a large population in sub-Saharan Africa and this study 

contributes to the wealth of knowledge in understanding the joint effect of the behavioural and 

biological risk reduction factors in lowering the HIV infection rates among adults.  Fitting 

statistical models that allow for joint modelling, testing for interaction between biological and 

behavioural risk factors, and addressing the multicollinearity effect were steps undertaken in 

finding solutions to the research problem. Using Zimbabwe Demographic and Health survey 

(2010-2011) data, we investigate how best to lower the HIV pandemic and examine 

relationships among the risk factors associated with HIV.  

 

1.4 Motivation  

Research on how either the biological factors or behavioural risk reduction factors affect the 

HIV status have been undertaken. However, insufficient information exist on how the two 

components (biological and behavioural) jointly affect the HIV status. Issues of missing data, 
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multicollinearity, confounding and interpretation of interaction effects are anticipated in 

undertaking joint modelling. This study aims at addressing the aforementioned issues and 

ultimately understanding how to manage the drivers of the HIV pandemic. Joint modelling of 

risk factors provides insights into the discovery and interpretation of results. 

   

1.5 Study Objectives 

To investigate the joint effect of biological and behavioural risk factors in lowering the HIV 

prevalence through statistical modelling of data on HIV prevalence amongst 15-49 years of 

age in Zimbabwe.  

 

Specific objectives: 

1. Characterise the demographic factors associated with risky sexual behaviour in 

relation to HIV status. 

2. Investigate the effect of behavioural and biological factors in driving the HIV 

pandemic in the (15-49) year-old age group in Zimbabwe. 

3. Model the HIV status data using logistic regression model and interpret interaction 

between the biological and behavioural risk reduction factors.  

4. Test the presence of multicollinearity among the risk reduction factors and to address 

its problem through fitting of principal component analysis and other techniques. 

 

 1.6 Significance of this study 

The study aims to add to the scientific body of knowledge the following:  

1) Clear understanding of biological and behavioural factors in reducing HIV prevalence.  

2) Understanding the challenges in joint modelling and proposing best solutions. 
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3) Developing predictable statistical models that consider both biological and behavioural risk 

factors. 

4) Clear understanding of how to manage the drivers of the HIV pandemic. 

5) Formulation of effective intervention strategies upon understanding the joint effect. 

 

Overall, the study will look at the potential problems of joint modelling and demonstrate ways 

of dealing with the challenges.  

 

1.7 Outline of the chapters 

The following is the structure of how the dissertation is presented: 

In Chapter 2, a comprehensive literature review of the behavioural and biological factors is 

presented. The chapter includes a description of the statistical techniques used in the analysis. 

Chapter 3 presents a thorough description of the dataset used in the dissertation and missing 

data analysis steps. In Chapter 4, a description of the procedures which were followed to 

perform logistic regression, the techniques used to investigate interaction, confounding and 

multicollinearity are given. In Chapter 5 the results of fitting the logistic regression model, the 

interaction, confounding and multicollinearity assessment results are provided. Chapter 6 

provides a discussion of the findings. The final chapter gives a conclusion of the study.  
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CHAPTER TWO 

 LITERATURE REVIEW 

2.0 Introduction 

In Zimbabwe, health population surveys conducted suggest significant decline in HIV 

prevalence accrediting it largely to sexual behaviour changes. Effective preventive 

programmes such as medical male circumcision, prevention of mother to child transmission 

(PMTCT) and better access to antiretroviral therapy (ART) have contributed to the decline 

(Kerina et al., 2013). In different investigative models, statistics has been applied to test F the 

significance of risk factors. Interpreting risk factor analysis with regards to prioritising 

prevention policies and how factors when combined interact and improve HIV incidence rate 

remains a challenge.  

 

In this chapter, a discussion of past research on the different behavioural and biological risk 

factors is given. It includes the statistical methods and findings done on both the individual and 

joint risk factors. The different characteristics considered when modelling are discussed. The 

last section illustrates the statistical methods used to assess the effect of combining the 

variables in modelling.  

 

2.1 HIV Status in sub-Saharan Africa and Zimbabwe 

HIV and AIDS have had a devastating impact on sub-Saharan Africa. Unprotected heterosexual 

sex is the main mode of transmission in most countries (Swaziland Ministry of Health, 2014; 

Zimbabwe National AIDS Council, 2017). Swaziland has a substantial mobile population 

which has been identified as a key driver (Swaziland National AIDS Programme, 2019). Illegal 
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nature of sex work, poverty, gender inequality, political and cultural barriers and HIV stigma 

and discrimination have been the major barriers to access prevention services (Lesotho 

Network of People Living with HIV and AIDS (LENEPWHA), 2014; Ministry of Health, 

2014; Ministry of Health Malawi/PEPFAR, 2018; UAC, 2015; Zimbabwe National Network 

of People Living with HIV, 2014). 

 

Over the last decade, significant progress has been made in controlling HIV epidemic. In 

Swaziland, largely due to rapidly scaling up the number of people accessing antiretroviral 

treatment (ART), HIV prevalence is stable and the number of new infections among adults has 

declined by around a third (31%) since 2010 (UNAIDS, 2018). Uganda has had a gradual 

increase in the number of people living with HIV accessing treatment. Persistent disparities 

remain around who is accessing treatment and many people living with HIV experience stigma 

and discrimination (UAC, 2015). Botswana’s universal free ART programme has seen new 

infections decreasing significantly, from 18,000 in 2005, to 10,000 in 2010, and down to 8,500 

in 2018. AIDS-related deaths decreasing from a peak of 18,000 recorded in 2002 to 4,800 in 

2018 (UNAIDS, 2018). The success of South Africa’s ART programme is evident in the 

increase in national life expectancy from 56 years in 2010 to 63 years in 2018 (World Bank, 

2020). Modelling indicated that the decline in national HIV incidence in South Africa which 

occurred during 2000-2008 was mainly due to the increase in condom use (UNAIDS, Gap 

report, 2014). Nearly every pregnant woman now has access to antiretroviral medicines 

because of the successful PMTCT services in Zimbabwe which has led to a decline of new 

infections among infants. 

Securing funds to run HIV prevention programmes has been a major challenge for some 

countries (PEPFAR, 2016, 2017). This has caused a drawback in efforts to control the 

disease.   
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2.2 Studies involving behavioural risk reduction factors 

Behavioural strategies are interventions aimed at encouraging both individual and social 

changes in behaviour through use of educational, inspirational, peer-led, skill-building and 

community normative approaches (Coates et al., 2008). According to Pinkerton & Galletly 

(2007), Cox Regression analysis showed that disclosure combined with condom use reduces 

the risk of transmitting HIV. Age, type of partner and type of relationship   hindered disclosure 

(Hightow-Weidman et al., 2013; Vu et al., 2012). To predict disclosure to partners among 

Zimbabwean women, significant correlation between positive disclosure beliefs and 

psychosocial measures incorporating lower perceived stigma, lower depression and higher self-

esteem were observed using multivariate analysis (Patel et al., 2012). 

 

Using Logistic regression to assess risk behaviour among youths having multiple sexual 

partners in Malawi, increase in the level of concurrency had a substantial impact on epidemic 

spread (Chialepeh & Sathiyasusuman, 2015). According to Enns et al. (2011), an individual’s 

risk can only be assessed in light of their partner’s behaviour. A study that used mathematical 

modelling and stochastic simulation discovered that epidemic potential was achieved with both 

acute infection and concurrency. Reduction in extramarital partnerships was an effective risk 

reduction method in behavioural change (Goodreau et al., 2012; Halperin et al., 2011). While 

mathematical modelling has shown concurrency to potentially increase the rate HIV is 

transmitted in a population, empirical studies have failed to provide conclusive evidence 

supportive of these effects (Mah & Shelton, 2011). Absence of convincing observed evidence 

on the relationship between concurrency and HIV prevalence in recent modelling studies 

insinuates that the role of concurrent partnerships in Africa might have been magnified because 

of the HIV cofactors’ high prevalence (Boily et al., 2012; Sawers, 2013).  
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Through a multivariate analysis in a longitudinal study, early age of sexual debut increased the 

chances of acquiring HIV among young people. The potential period of exposure to HIV is 

longer and chances of having a high number of lifetime sexual partners is increased (Baltazar 

et al., 2015; Naicker et al., 2015; Wand & Ramjee, 2012). Just as multiple sexual partnerships 

puts one at risk of the virus so does partner type also contribute to spread of HIV (Cohen et al., 

2011). HIV transmission rate is lower with steady partners than with casual partners or 

Commercial Sex Workers (CSWs). In a review of national sources on trends in HIV incidence 

and prevalence, the role of reducing the number of casual sexual partnerships and delaying 

sexual onset to decrease the incidence of HIV was illustrated (Gregson et al., 2010). 

 

According to one study which used crude odds ratio to estimate strength of risk factors 

weighted regression to test for trend, history of paid sex was discovered to be connected to an 

increased risk of acquiring the disease   (Chen et al., 2007). Receiving payment for sex, may 

make one afraid of rejection by their partners if they insist on using condoms and thus reduces 

negotiating powers. Risk of HIV is therefore introduced. Inconsistent or non-use of condoms 

can lead to sexually transmitted disease acquisition since transmission can occur on a single 

sex act in a study that used Pearson’s χ2 and Fisher’s exact test to evaluate the association of 

HIV infection and other risk factors (Baltazar et al., 2015). 

 

According to Coates et al. (2008), behavioural approaches need to be mixtures of interventions 

at multiple level of influence. In support, Wand & Ramjee (2012) and Zuma et al. (2014) added 

that different factors when combined, provide relevant information on intervention strategies. 

Some risk factors related to unsafe sex require modifying for them to have an impact on HIV 

preventions (Wand & Ramjee, 2011). The results showed that more than 80% of HIV 
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seroconversions were mostly attributed to single women who had frequent sex, no source of 

income and high incidence of STIs and pregnancy.  

 

2.3 Studies involving biological risk reduction factors 

The biological interventions directly influence the biological aspect such as blocking infection 

through condoms use, decreasing infection risk by undertaking voluntary medical male 

circumcision and STI treatment. In a meta-analysis, male circumcision, the surgical removal 

of the foreskin (prepuce) from the human penis, lowers the rate of HIV transmission by about 

60% (Weiss et al., 2010). Using mathematical (random mixing and compartmental) and 

stochastic simulation modelling and risk ratios to assess male circumcision plans caused huge 

and sustained decreases in HIV (Bailey et al., 2007; Gray et al., 2007; Hallett et al., 2008; 

Nagelkerke et al., 2007). It is believed that circumcision used jointly with other interventions 

could substantially protect negative individuals from infection.  In support, a study used 

piecewise exponential proportional hazards data modelling to show the importance of 

circumcision in reducing the prevalence of HIV (Auvert et al., 2005). To investigate the 

possible effect of gender inconsistencies and changes in condom use behaviour in South Africa, 

circumcision interventions prevented a considerable number of new HIV infections in the 

African situation. Reasonable changes in condom use behaviour did not significantly affect 

outcome (Andersson et al., 2011).  

 

Using conditional logistic regression risk factors for HIV-1 acquisition some studies 

discovered the biological plausibility for an association of HIV acquisition with M. genitalium 

and human papillomavirus infection (Mavedzenge et al., 2012; Averbach et al., 2010). 

Biological findings support the idea that the spread and transmission of HIV through direct 

mucosal disturbance and increased HIV load in plasma and genital secretions is increased by 
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STI (Fox & Fidler, 2010). In a systematic evaluation of STI co-infections in HIV positive 

people, through local inflammatory practices, sexually transmitted co-infections increased HIV 

infectiousness (Kalichman et al., 2011). Common STIs were syphilis with median 9.5% 

prevalence, gonorrhoea 9.5%, chlamydia 5% and trichamoniasis 18.8% prevalence. According 

to a meta-analysis done on sub-Saharan Africa, HSV-2 infections doubled or tripled the rate of 

HIV acquisition in the population (Freeman et al., 2006). Therefore, treating STIs will help 

decrease the rate of transmission of HIV. Using Cox proportional hazards along with 

population attributable risk it was further explained that immunology of the female genital tract 

provided an awareness of the biological liability to HIV infection, especially in young women 

(Ramjee & Wand, 2012; Wand & Ramjee, 2011). Some studies propose that STIs can increase 

both an HIV negative person’s risk of becoming infected with HIV and an HIV positive 

person’s risk of transmitting HIV to someone else. However, using either population 

attributable risk or logistic regression models there was varied evidence of the effectiveness of 

managing STIs as an HIV prevention strategy (Gregson et al., 2007; Ward & Rönn, 2010). 

 

Investigating the effect of combining biological and behavioural risk factors on HIV 

acquisition, women who were categorised as “having high risk behaviour”, not living with their 

partners and had increasing number of lifetime sexual partners were constantly associated with 

increased risk of HIV acquisition (Wand & Ramjee, 2012). The baseline biological factors 

which included genital epithelial disruption, genital discharge and detecting edema, genital 

signs and symptoms, erythma or warts in vulva were all associated with HIV sero-conversion.  

 

Univariate and multivariate logistic regression in a nested matched case-control longitudinal 

study assessed the clinical correlates and risk behaviours associated with HIV seroconversion 

among discordant south Indian married couples in clinical care (Kumarasamy et al., 2010a). In 
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both the univariate and multivariate analysis, it was observed that HIV-infected patients with 

higher viral loads, neither disclosed their HIV status nor used condoms and were likely to 

transmit the infection. Using multivariate logistic regression analyses, investigation of the 

association of demographic and behavioural variables with HIV and syphilis infections in two 

separate regression models was done (Wang et al., 2014). To assess the relationship of intimate 

partner violence, depression and childhood sexual abuse to HIV sexual risk behaviours among 

black men who have sex with men, collinearity was assessed and found that the behavioural 

factors were associated with each other (Williams et al., 2015). Stratification was later applied 

and only one of the findings showed significance.  

 

Most studies did not mention any assessment done for confounding, interaction nor 

multicollinearity after combining risk factors in the models. This study aims to investigate how 

these affect the results when combined in modelling.  

 

2.4 Statistical techniques applied in the analysis of HIV data 

2.4.1 Data Exploration 

Aggregated data is usually analysed using descriptive statistics. T-tests are used to test for 

differences between means whilst Chi-square is for proportions. A T-test is used when 

assessing for two means and ANOVA is for more than two means. Odds ratios and Fischer’s 

exact test assess association (Baltazar et al., 2015; du Plessis et al., 2016; Eyassu et al., 2016; 

Gebremedhin, 2011; Ijirgho, 2011; Kennedy et al., 2012; Mashanda-Tafaune & Monareng, 

2016). To determine prevalence of a disease in a descriptive designed research, frequency 

tables, summary statistics and 95% confidence intervals were used (De Vries, et al., 2013; 

Afiong et al., 2014).  
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Normality is usually determined by looking at the histogram with the normal curve 

superimposed values of established tests for normality that take into account both skewness 

and kurtosis and assessing the normality plots of the data. Variable transformations are based 

upon the type of non-normality (Tabachnick & Fidell, 2013). Skewness can be dealt with by 

using skew-elliptical SE distribution and all inferences carried out through Bayesian approach. 

When covariate measurement error is present, jointly modelling the response and covariate 

processes under a general framework of Bayesian semiparametric non-linear mixed effects 

models is applied (Chen, 2012; Huang & Dagne, 2012). Probabilities of class membership and 

parameters of mixture joint models are estimated by Bayesian mixture of jointly modelling 

(Chen & Huang, 2015). To evaluate the influence of skewness, missing data and measurement 

error in covariates on a Bayesian inference, a unifying modelling approach is used (Dagne & 

Huang, 2015).  

 

Missing data reduces the representativeness of the sample and can therefore distorts inferences 

about the population.  A detailed comparison of Markov Chain Monte Carlo (MCMC) and 

Maximum Likelihood (ML) approaches to multiple imputation showed multiple imputations 

can be produced as a by-product of Bayesian calculations and provide a practically convenient 

and flexible tool for explaining data problems (Little, 2011).  

 

Though the procedure is not mentioned in some studies, variable selection is of great 

importance when modelling (Chong & Jun, 2005; Danielson et al., 2014). Problems that are 

associated with variable selection such as bias of coefficients from zero, reduction of standard 

errors, narrowing of confidence intervals and introduction of meaningless terms can be dealt 

with by cross validation or by penalization (Harrell, 2001). To select variables into a model, 
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Partial Least Squares Regression, Least absolute shrinkage and selection operator and Stepwise 

regression can be used.  

 

To decide on which modelling technique to use, an overall data examination is done. This 

involves assessing the data available for analysis and how they are presented i.e. whether they 

are aggregated or not, assessing how much of the information is missing, how skewed the data 

is and the kind of transformation required. Careful consideration of evaluation is important for 

a valid description of factors associated with HIV.   

 

2.4.2 Statistical modelling techniques    

Statistical modelling takes different form that is dictated by the research objectives, types of 

data, distributions, assumptions and extent of inference. Investigation of the form of interaction 

effects arising from the biological and behavioural social risk factors associated with HIV 

involves statistical modelling techniques such as: Cox proportional hazard models; Structural 

equation modelling; Probit models; Nonlinear mixed models; Bayesian modelling; Survival 

analysis; Logistic regression; and Poisson log-linear models. Common characteristics 

encountered when applying these techniques are data skewness; missing data; 

multicollinearity; violation of assumptions such as normality; heteroscedasticity; and 

correlation. Depending on the type of data available, different techniques have been used in 

regression analysis, Cox Proportional hazards analysis is a method used to test for association 

in prospective studies. In a study in New York, the technique was used to examine depressive 

symptoms and gender abuse as HIV risk factors (Nuttbrock et al., 2013). According to 

Grandfield (2012), results of different covariance structures were compared using Latent 

Growth Curve (LGC) modelling in the structural equation modelling framework. LGC 

modelling was used to assess the relationships in repeated measurements of unobserved 



 

17 

 

constructs (Grandfield, 2012).  In Structural Equation Modelling (SEM), influence of multiple 

observed indicators and multiple hypotheses can be tested simultaneously. The technique can 

be used in prospective longitudinal studies examining long term effects on a particular outcome 

(Hermetet-Lindsay, 2015). In order to establish SEMs, exploratory factor analysis was used to 

identify latent variables which represented the clusters. Although SEMs provide a general 

framework for analysing mediated longitudinal data, Non-Linear Mixed Models (NLMM), are 

used in cases when the total effect of a predictor on an outcome is of interest. Evaluation of the 

performance of NLMM relative to SEMs with respect to bias, power and coverage probability 

was done. It was seen that for the logistic model, the NLMM and SEM produced similar results. 

For the probit model, though the results were similar there are some instances where the probit 

SEM seemed to overestimate effects. In cases where the data contains both fixed and random 

effects, mixed models are usually used. Mixed models incorporate both effects in a single 

model. In a finite mixture modelling study used to identify patterns in behavioural public health 

data with repeated measures in USA, the statistical technique managed to determine the 

association between complex drug use patterns and HIV transmission risk behaviours among 

men who have sex with men (Yu, 2014).  

 

Time to event data, which are usually for evaluating and comparing the event rates among 

groups, are usually analysed using survival analysis. Efficient statistical approaches for 

regression analysis of bivariate interval censored data were developed (Wang, 2014). Through 

the use of T-tests, frequency tables and summary statistics, examination of the demographic 

differences between two variables and prevalence determination was done (De Vries, et al., 

2013; Ijirgho, 2011). Careful statistical analysis is needed when longitudinal data with missing 

values, skewness, and measurement errors are observed. Joint modelling of longitudinal and 

survival data was applied to examine how a repetitively measured marker was associated with 
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a time to an event of interest. Bayesian approaches for model construction were used (Gould 

et al., 2015). In cases where the data is cross sectional, usually logistic regression, proportional 

hazards and Cox regression was used (Pinkerton & Galletly, 2007; Wand & Ramjee, 2011; 

Wang et al., 2014).  

 

The statistical techniques are considered for the analysis of the effect of combining the 

behavioural and biological factors in reducing HIV. The nature of data is initially assessed and 

checking if the assumptions are met.     

 

2.5 Logistic Regression 

Scientists use multiple logistic regression model on HIV data because of the binary nature of 

the response variable (Brignol et al., 2016; Liang et al., 2010; Queiroz et al., 2012). The model 

assist in determining the factors associated with HIV status. This technique has also been used 

in studies that have determined the factors associated with HIV seroconversion (Liu et al., 

2013; Zuma et al., 2014). The regression’s ability to predict and at the same time describe and 

explain relationships between an outcome variable and predictor variables, make it appropriate. 

The following section details the derivation of the logistic regression model, estimation of the 

parameters and describe the goodness of fit tests. 

 

2.5.1 The Logistic model 

For a binary dependent variable to have a linear relationship with the independent variables 

and discard the limit of between 0 and 1, a transformation which leads to logistic model is 

important. To draw inferences about the probability of an event in the population from 

independent binary responses, suppose 𝑝𝑖 is the probability of an event occurring and for each 

individual in the sample of size n, yi = 1, otherwise yi = 0, i=1,2…,n, we  
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write     𝑦𝑖 = {
1, for success
0, otherwise

 

For the ith case, yi is a realisation of a random variable Yi that can take values 1 with 

probability 𝑝𝑖 and 0 with probability (1 − 𝑝𝑖). 

Yi ~ Bernoulli (𝑝𝑖),                            

a Bernoulli distribution with parameter 𝑝𝑖 

The probability distribution function of Yi is given by  

        𝑃𝑟 (𝑌𝑖 = 𝑦𝑖) = 𝑝𝑖
𝑦𝑖  (1 − 𝑝𝑖)

1−𝑦𝑖 ,       yi = 0, 1                                              (2.1) 

𝐸 (𝑌𝑖) =  µ𝑖 = 1 ∗ 𝑝𝑖 + 0 ∗ (1 − 𝑝𝑖) = 𝑝𝑖,                    (2.2) 

and   𝑉𝑎𝑟 (𝑌𝑖) =  𝜎2 = 𝐸(𝑌𝑖
2) − [𝐸(𝑌𝑖)]2 =  𝑝𝑖 − 𝑝𝑖

2 =  𝑝𝑖(1 − 𝑝𝑖).                (2.3) 

If units are categorised into factors of interest, k groups, such that all individuals in a group 

have the same values of all covariates, then yi is a realisation of a random variable Yi taking 

the values 0,1,…,ni. 

Yi ~ Binomial (ni, 𝑝𝑖)   

A binomial distribution with parameters 𝑝𝑖 and ni and the ni observations are independent 

The probability distribution function of Yi, a binomial distribution is 

        𝑃𝑟 (𝑌𝑖 = 𝑦𝑖) = (𝑛𝑖
𝑦𝑖

) 𝑝𝑖
𝑦𝑖  (1 − 𝑝𝑖)

𝑛𝑖−𝑦𝑖 .             (2.4) 

The mean would thus be     𝐸 (𝑌𝑖) =  µ𝑖 = 𝑛𝑖𝑝𝑖                                                              (2.5)  

And the variance            𝑉𝑎𝑟 (𝑌𝑖) =  𝜎2 =  𝑛𝑖𝑝𝑖(1 − 𝑝𝑖).                                          (2.6) 

Assuming the probabilities 𝑝𝑖 depend on a vector of observed covariates xi and 𝑝𝑖 is a linear 

function of the covariates then,  

 𝑙𝑜𝑔𝑖𝑡 (𝑝𝑖) =  𝐱𝑖
΄𝜷 ,     where β is a vector of regression parameters. 

Transforming the probability to remove range restriction on the coefficients, the odds,  

𝑜𝑑𝑑𝑠𝑖 =
𝑝𝑖

1−𝑝𝑖
,        are defined as the ratio of probability to its complement. 

This equates the logit transform to the linear component,  
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𝑙𝑜𝑔𝑖𝑡 (
𝑝𝑖

1− 𝑝𝑖
) = ∑ 𝑥𝑖𝑘𝛽𝑘

𝐾
𝑘=0       i=1,2,…,n.                                        (2.7) 

Taking the exponential in order to have proportions and not logits, we have 

𝑒𝑥𝑝 (∑ 𝑥𝑖𝑘𝛽𝑘
𝐾
𝑘=0 ) =

𝑝𝑖

1− 𝑝𝑖
 ,                                                        (2.8)                  

defining a multiplicative model for the odds. Resolving for pi,                                                   

   𝑝𝑖 = (
𝑒𝑥𝑝 ∑ 𝑥𝑖𝑘𝛽𝑘

𝐾
𝑘=0

1+𝑒𝑥𝑝 ∑ 𝑥𝑖𝑘𝛽𝑘
𝐾
𝑘=0

 ) .                                           (2.9) 

The relationship is sigmoidal whereas logit (p) is linearly related to x. Fitting a linear logistic 

model to explore the relationship between a binary variable and one or more explanatory 

variables results in a logistic regression model. The equation is a monotonic, strictly increasing 

function of βj (j=0, 2, …, k).  

 

Using the same technique, a logistic regression model will be constructed to determine the risk 

factors that explain HIV status with the available secondary data. 

 

2.5.2 Logistic regression assumptions 

The assumptions for Logistic regression are  

 The dependent variable should be binary.  

 There must be no specification of errors (i.e. all significant predictors are retained and 

non-significant predictors are removed). 

 The independent variables must be measured at the summative response scale, interval, 

or ratio level. 

 The error terms need to be independent (i.e. each observation is independent of the 

other observations).  

 The independent variables must be linearly related to the log odds.  

 There must be an absence of perfect multicollinearity. 
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Logistic regression requires large sample size, at least 30 times as many cases as parameters 

being estimated (Meyers et al., 2013).  

 

2.5.3 Estimation of parameters  

Logistic regression targets to approximate β, the unknown parameters. To estimate the 

parameters, maximum likelihood estimation, MLE, uses the set of parameters with the greatest 

probability of the observed data. 

 

Eqn (2.4) a binomial distribution has joint probability density function of Y given by  

 

𝑓 (𝑦; |𝑝) =  ∏
𝑛𝑖

𝑦𝑖!(𝑛𝑖−𝑦𝑖)!
𝑝𝑖

𝑦𝑖  (1 − 𝑝𝑖)
𝑛𝑖−𝑦𝑖𝑛

𝑖=1    ,                             (2.10) 

 

since a binomial count in the ith population is represented by yi.   

The joint probability density function in (2.10) expresses the values of y in terms of known 

values 𝑝. Likewise, the likelihood function expresses the values of 𝑝 in terms of known, fixed 

values for y as 

 

𝐿 (𝑝|𝑦) =  ∏
𝑛𝑖

𝑦𝑖!(𝑛𝑖−𝑦𝑖)!
𝑝𝑖

𝑦𝑖  (1 − 𝑝𝑖)
𝑛𝑖−𝑦𝑖𝑁

𝑖=1 .                                  (2.11) 

 

The values of 𝑝 in (2.11) that maximise the likelihood function are the maximum likelihood 

estimates (MLE) and are obtained by differentiating the likelihood function.  

 

The expression     ∏
𝑛𝑖

𝑦𝑖!(𝑛𝑖−𝑦𝑖)!
𝑝𝑖

𝑦𝑖  (1 − 𝑝𝑖)
𝑛𝑖−𝑦𝑖𝑁

𝑖=1   , 

can be re-written as   ∏
𝑛𝑖

𝑦𝑖!(𝑛𝑖−𝑦𝑖)!
𝑝𝑖

𝑦𝑖  
(1−𝑝𝑖)𝑛𝑖

(1−𝑝𝑖)𝑦𝑖
 𝑁

𝑖=1 , 
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and this is the same as ∏
𝑛𝑖

𝑦𝑖!(𝑛𝑖−𝑦𝑖)!
𝑝𝑖

𝑦𝑖  
(1−𝑝𝑖)𝑛𝑖

(1−𝑝𝑖)𝑦𝑖
 =  ∏

𝑛𝑖

𝑦𝑖!(𝑛𝑖−𝑦𝑖)!
  (

𝑝𝑖

1−𝑝𝑖
)𝑦𝑖  (1 − 𝑝𝑖)

𝑛𝑖  𝑁
𝑖=1  𝑁

𝑖=1 . 

When maximizing the equation with terms that do not contain the parameter of interest, 

𝑛𝑖

𝑦𝑖!(𝑛𝑖−𝑦𝑖)!
 , the term drops out through differentiation. Such terms are left out.     

Substituting the value of p, we have 

𝐿 (𝜷|𝑦) = (exp ∑ 𝑥𝑖𝑘𝛽𝑘
𝐾
𝑘=0 )𝑦𝑖  (1 −  

exp ∑ 𝑥𝑖𝑘𝛽𝑘
𝐾
𝑘=0

1+𝑒𝑥𝑝 ∑ 𝑥𝑖𝑘𝛽𝑘
𝐾
𝑘=0

)
𝑛𝑖

               (2.12) 

           𝐿 (𝜷) =  ∏ (exp( 𝑦𝑖 ∑ 𝑥𝑖𝑘𝛽𝑘)   (1 + exp ∑ 𝑥𝑖𝑘𝛽𝑘
𝐾
𝑘=0 )−𝑛𝑖𝐾

𝑘=0
𝑁
𝑖=1 ).  (2.13)   

Taking the natural log of (2.13) to get the log-likelihood, LL, function,  

           log 𝐿  (𝜷) =   ∑ {𝑦𝑖[ (∑ 𝑥𝑖𝑘𝛽𝑘) − 𝑛𝑖. log ( 1 + exp ∑ 𝑥𝑖𝑘𝛽𝑘)]𝐾
𝑘=0

𝐾
𝑘=0

𝑁
𝑖=1 }.  (2.14) 

 

Differentiating (2.14) with respect to each βk and equating to zero to identify the critical 

points of the log likelihood function 

𝜕𝐿(𝜷)

𝜕𝛽𝑘
=  ∑[𝑦𝑖𝑥𝑖𝑘 − 𝑛𝑖 .  

1

1 + exp ∑ 𝑥𝑖𝑘𝛽𝑘
𝐾
𝑘=0

 .
𝜕

𝜕𝛽𝑘

𝑁

𝑖=1

 ( 1 + exp ∑ 𝑥𝑖𝑘𝛽𝑘)

𝐾

𝑘=0

] 

                          =  ∑ [𝑦𝑖𝑥𝑖𝑘 − 𝑛𝑖 .  
1

1+exp ∑ 𝑥𝑖𝑘𝛽𝑘
𝐾
𝑘=0

  .  
𝜕

𝜕𝛽𝑘

𝑁
𝑖=1  ∑ 𝑥𝑖𝑘𝛽𝑘 

𝐾
𝑘=0 .  exp ∑ 𝑥𝑖𝑘𝛽𝑘]𝐾

𝑘=0 . 

Taking  
𝜕

𝜕𝛽𝑘
∑ 𝑥𝑖𝑘𝛽𝑘 = 

𝐾
𝑘=0 𝑥𝑖𝑘 

 

 
𝜕𝐿(𝜷)

𝜕𝛽𝑘
     =  ∑ [𝑦𝑖𝑥𝑖𝑘 − 𝑛𝑖 .  

1

1+exp ∑ 𝑥𝑖𝑘𝛽𝑘
𝐾
𝑘=0

  .  𝑁
𝑖=1  𝑥𝑖𝑘 .  exp ∑ 𝑥𝑖𝑘𝛽𝑘

𝐾
𝑘=0 ].  

 

Since (
𝑒𝑥𝑝 ∑ 𝑥𝑖𝑘𝛽𝑘

𝐾
𝑘=0

1+𝑒𝑥𝑝 ∑ 𝑥𝑖𝑘𝛽𝑘
𝐾
𝑘=0

 ) =  𝐱𝑖
΄𝜷,       

𝜕𝐿(𝜷)

𝜕𝛽𝑘
=  ∑ [𝑦𝑖𝑥𝑖𝑘 − 𝑛𝑖𝛽𝑘𝑥𝑖𝑘]   𝑁

𝑖=1                    (2.15)                                

Therefore, the MLE for β is thus obtained by solving for each βk after setting each of the K+1 

equations equal to zero.  



 

23 

 

 

Second differentiation of the equation produces the parameter estimates’ variance-covariance 

matrix. If all elements on the diagonal of the matrix are less than zero, the critical point will 

be a maximum and can be reached by the second derivative with respect to each element of β.  

𝜕2𝐿(𝜷)

𝜕𝛽𝑘𝜕𝛽𝑘΄

=
𝜕𝐿(𝜷)

𝜕𝛽𝑘΄

 [∑(𝑦𝑖𝑥𝑖𝑘 − 𝑛𝑖𝛽𝑘𝑥𝑖𝑘)]   

𝑁

𝑖=1

 

       =  
𝜕

𝜕𝛽
𝑘΄

 ∑ (−𝑛𝑖𝛽𝑘𝑥𝑖𝑘)   𝑁
𝑖=1             (2.16) 

since 
𝜕

𝜕𝛽
𝑘΄

 ∑ 𝑦𝑖𝑥𝑖𝑘  =  0.𝑁
𝑖=1   

Where βk΄ is the second derivative with respect to every β. Using (2.9) to substitute in (2.16),   

           
𝜕2𝐿(𝜷)

𝜕𝛽𝑘𝜕𝛽
𝑘΄

= − ∑ 𝑛𝑖𝑥𝑖𝑘   𝑁
𝑖=1

𝜕

𝜕𝛽
𝑘΄

 (
exp ∑ 𝑥𝑖𝑘𝛽𝑘

𝐾
𝑘=0

1+exp ∑ 𝑥𝑖𝑘𝛽𝑘
𝐾
𝑘=0

).                (2.17) 

 

Using two rules of differentiation namely,  

𝑑

𝑑𝑥
𝑒𝑣(𝑥) =  𝑒𝑣(𝑥).

𝑑

𝑑𝑥
𝑣(𝑥)                                                    (2.18)  

 

 and         (
𝑓

𝑔
) ΄(𝑎) =

𝑔(𝑎) 𝑓΄(𝑎)−𝑓(𝑎)𝑔΄(𝑎)

[𝑔(𝑎)]2 ,                                           (2.19) 

for easy computation we substitute exp ∑ 𝑥𝑖𝑘𝛽𝑘
𝐾
𝑘=0 =  exp 𝑣(𝑥) into (2.18) 

𝑑

𝑑𝑥
( 

exp 𝑣(𝑥)

1+exp 𝑣(𝑥)
) =  

(1+exp 𝑣(𝑥)).exp 𝑣(𝑥) 
𝑑

𝑑𝑥
 𝑣(𝑥)−exp 𝑣(𝑥) . exp 𝑣(𝑥)

𝑑

𝑑𝑥
 𝑣(𝑥)

(1+exp 𝑣(𝑥))2 , 

 

and (2.17) becomes  

𝜕2𝑙(𝛽)

𝜕𝛽𝑘𝜕𝛽𝑘΄

=  − ∑ 𝑛𝑖𝑥𝑖𝑘   

𝑁

𝑖=1

(1 + exp 𝑣(𝑥)). exp 𝑣(𝑥) 
𝑑

𝑑𝑥
 𝑣(𝑥) − exp 𝑣(𝑥) .  exp 𝑣(𝑥)

𝑑
𝑑𝑥

 𝑣(𝑥)

(1 + exp 𝑣(𝑥))2
. 
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 Simplifying the equation, 

𝜕2𝑙(𝛽)

𝜕𝛽𝑘𝜕𝛽𝑘΄

=  − ∑ 𝑛𝑖𝑥𝑖𝑘  .  
 exp 𝑣(𝑥)

𝑑
𝑑𝑥

 𝑣(𝑥)

(1 + exp 𝑣(𝑥))2

𝑁

𝑖=1

 

=  − ∑ 𝑛𝑖𝑥𝑖𝑘   .  
exp 𝑣(𝑥)

1 + exp 𝑣(𝑥)
 .  

1

1 − exp 𝑣(𝑥)
 .  

𝑁

𝑖=1

𝑑

𝑑𝑥
 𝑣(𝑥) 

    =  ∑ 𝑛𝑖𝑥𝑖𝑘   .  
exp ∑ 𝑥𝑖𝑘𝛽𝑘

𝐾
𝑘=0

1+exp ∑ 𝑥𝑖𝑘𝛽𝑘
𝐾
𝑘=0

 .  
1

1−exp ∑ 𝑥𝑖𝑘𝛽𝑘
𝐾
𝑘=0

 .  𝑁
𝑖=1

𝑑

𝑑𝑥
∑ 𝑥𝑖𝑘𝛽𝑘

𝐾
𝑘=0 . 

Substituting (2.9) we get, 

𝜕2𝑙(𝛽)

𝜕𝛽𝑘𝜕𝛽
𝑘΄

=  − ∑ 𝑛𝑖𝑥𝑖𝑘
𝑁
𝑖=1 𝑝𝑖(1 − 𝑝𝑖) 𝑥𝑖𝑘΄   

The expression exp ∑ 𝑥𝑖𝑘𝛽𝑘
𝐾
𝑘=0 =  exp 𝑣(𝑥)  is strictly increasing function (monotone) of βk. 

The second derivative resultant is strictly negative for all βk and thus is a maximum. 

 

The MLE technique will be used to estimate the unknown parameters in the HIV status 

model.  

 

2.5.4 Likelihood function for Logistic regression 

According to Collett (1991), on fitting a linear logistic model with k+1 unknown parameters 

β0, β1, …, βk fitted values 𝑝𝑖  are obtained where    

     𝐿𝑜𝑔𝑖𝑡 (𝑝𝑖) = 𝛽0 +  𝛽1𝑥1 +  𝛽2𝑥2 +  … + 𝛽𝑘𝑥𝑘  

where x = (x1, x2, …, xk) denotes a set of k predictor variables.  

 

In modelling n binomial observations, where p(xi) is the fitted success probability 

corresponding to the ith observation yi / ni (i = 1,2, …, n) the logistic regression can be fitted 

using likelihood  



 

25 

 

𝐿 (𝛽|𝑦) =  ∏
𝑛𝑖

𝑦𝑖! (𝑛𝑖 − 𝑦𝑖)!
𝑝(𝑥𝑖)𝑦𝑖  (1 − 𝑝(𝑥𝑖))𝑛𝑖−𝑦𝑖

𝑁

𝑖=1

 

The β, for a simple linear likelihood function can be re-written as          

          𝐿 (𝜷𝟎, 𝜷𝟏) =  ∏ (
𝑚𝑗

𝑦𝑗
) 𝑝(𝑥𝑗)𝑦𝑗  (1 − 𝑝(𝑥𝑗))

𝑛𝑗−𝑦𝑗𝐽
𝑗=1  

Where j (j=1,2,…,J) is the covariate pattern mj is the number of observations within covariate 

pattern, 

log 𝐿 (𝛽0, 𝛽1) =  ∑ {log (
𝑚𝑗

𝑦𝑗
) +  𝑦𝑗 log 𝑝(𝑥𝑗) + (𝑚𝑗 − 𝑦𝑗) log(1 − 𝑝(𝑥𝑗))}

𝐽

𝑗=1

  

= ∑ {log (
𝑚𝑗

𝑦𝑗
) +  𝑦𝑗 log(

𝑝(𝑥𝑗)

1 − 𝑝(𝑥𝑗)
) + 𝑚𝑗 log(1 − 𝑝(𝑥𝑗))}

𝐽

𝑗=1

 

= ∑ {log (
𝑚𝑗

𝑦𝑗
) +  𝑦𝑗 (𝛽0 + 𝛽1𝑥𝑗) − 𝑚𝑗 log(1 + exp(𝛽0 + 𝛽1𝑥𝑗))}.  𝐽

𝑗=1    (2.20) 

 

The likelihood function summarises the information that the HIV data provide about the 

unknown parameters in a given model. 

 

2.5.4.1 Odds Ratio and Relative Risk 

In epidemiology, there is often interest in measuring the relationship between an exposure and 

an outcome which among other methods can be measured as relative risk or odds ratios. There 

has been debate about the relative merits of risk ratios compared with odds ratios as estimates 

of causal associations between an exposure and a binary outcome. Odds refers to the probability 

of occurrence of an event divided by probability of the event not occurring and relative risk is 

ratio of risk of an event in one group (e.g., exposed group) versus the risk of the event in the 

other group (e.g., non-exposed group). In studies where the outcome is rare, the odds ratio 

estimate of causal effects approximates the risk ratio; thereby making odds ratios from most 
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case-control studies interpreted as risk ratios (Cummings, 2009; Ranganathan et al., 2015). 

However, when the outcome is common, the odds ratio will not approximate relative risk. 

Although odds ratios are conveniently symmetrical regarding the outcome definition, they are 

not collapsible nor do they estimate the average change in odds among exposed individuals 

either, except under improbable restrictions. When outcomes are rare, odds ratios will 

approximate risk ratios thus  Mantel-Haenszel methods for odds ratios or logistic regression 

can be used to estimate risk ratios (Greenland, 2008). Odds ratio is better suited to sophisticated 

statistical inference. When outcomes are common, odds ratios will approximate risk ratios 

using regression with marginal standardization. Probit, Logistic regression or log-log 

regression models can be used to evaluate odds ratios while controlling for covariate effects 

(Nelder, 2001; Pepe, 2003). Logistic regression will be considered for the HIV data and thus 

odds ratio used. Confidence intervals can be estimated with delta or bootstrap methods 

(Carpenter & Bithell, 2000).  

 

2.5.5 Confidence interval for the regression coefficients and odds ratios 

The confidence level of the odds ratios shows the level of uncertainty around the effect and 

can be obtained as follows.  

In the logistic regression model  

𝑙𝑜𝑔𝑖𝑡 (𝑝𝑖) =  𝒙𝑖
΄𝜷 =  𝛽0 + 𝛽1𝑥𝑖1 + ⋯ + 𝛽𝑘𝑥𝑖𝑘 

the (1 - α/2) x 100% confidence interval estimate for the coefficients βj, (j = 0,1,…,k) is given 

as  

𝛽�̂� ± 𝑍1−𝛼/2𝑠. �̂� (𝛽�̂�) 

Using the general form of confidence intervals: estimate ± critical value × standard error of 

the estimate, the (1 - α/2) x 100% confidence interval estimate for the odds ratio is  
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[exp( 𝛽�̂� − 𝑍
1−

𝛼
2

𝑠. �̂� (𝛽𝑗  ̂ )), exp( 𝛽�̂� + 𝑍
1−

𝛼
2

𝑠. �̂� (𝛽�̂�))] 

 

The confidence interval is used to test significant effect on Y, outcome. In the analysis, if there 

is a significant effect of a risk factor Xj on HIV status, the 95% confidence interval for the odds 

ratio will not contain 1.  

 

2.5.6 Model Diagnostics 

Model fitting is followed with diagnostics which examines the model for indications if 

statistical assumptions have been violated. There are different ways of making the assessment 

which includes study of influential values, examination of the structure of the model and 

exploration of the model’s underlying statistical assumptions. Linearity assumption is done by 

checking the relationship between continuous predictor variables and the logit of the outcome. 

A description of the techniques used to examine the resultant joint model is given below: 

 

2.5.6.1 Deviance 

Setting the unknown parameters equal to their maximum likelihood estimates in (2.20), the 

value of the likelihood can summarise the extent to which the sample data are fitted by an 

assumed model. This is noted as the maximised likelihood under the current model, written as 

𝐿𝑐.  

Deviance, a goodness of fit test, measures the extent to which the fitted model deviates from 

the full model. 

 

To derive the deviance statistic, D, under the current model, 𝐿𝑐 the likelihood is  

log �̂�𝑐 = ∑ {log (
𝑚𝑗

𝑦𝑗
) + 𝑦𝑗 log �̂�(𝑥𝑗) + (𝑚𝑗 − 𝑦𝑗) log(1 − �̂�(𝑥𝑗))}𝐽

𝑗=1 , 
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where �̂�(𝑥𝑗) =  𝑦�̂�/ 𝑚𝑗 are the fitted proportions within the jth covariate pattern. 

 

A baseline model, taken to be a model for which the fitted values coincide with the actual 

observations is compared with 𝐿𝑐. The model is denoted 𝐿𝑓, the full model, and the likelihood 

is  

log �̂�𝑓 = ∑ {log (
𝑚𝑗

𝑦𝑗
) +  𝑦𝑗 log 𝑝(𝑥𝑗) + (𝑚𝑗 − 𝑦𝑗) log(1 −  𝑝(𝑥𝑗))}𝐽

𝑗=1 , 

where 𝑝(𝑥𝑗) =  𝑦𝑗/ 𝑚𝑗 are the observed proportions within the jth covariate pattern. 

 

Comparing the likelihoods and conveniently multiplying the ratio by -2 since the difference 

between the log-likelihoods is equal to the logarithm of the ratio of the two likelihoods, yields 

the Deviance, D. 

𝐷 =  −2 log
�̂�𝑐

�̂�𝑓

=  −2(𝑙𝑜𝑔�̂�𝑐 − 𝑙𝑜𝑔�̂�𝑓) 

= 2 ∑   {𝑦𝑗 log (
𝑦𝑗

�̂�𝑗
) + (𝑚𝑗 − 𝑦𝑗) log(

𝑚𝑗 −  𝑦𝑗

𝑚𝑗 − �̂�𝑗
)}

𝐽

𝑗=1

 

Deviance compares the observed values with the fitted values for covariate pattern j. 

 

Deviance can be further reduced to 

      𝐷 =  −2 ∑ �̂�(𝑥𝑖) log �̂�(𝑥𝑖) + log(1 −𝑁
𝑗=1 �̂�(𝑥𝑖))              (2.21) 

When under the full model yi log yi and (1 - yi) log (1 – yi) are both 0 for the only two 

possible values of yi, 0 and 1, log �̂�𝑓 = 0.  

 

The deviance depends on the binary observations yi only through the fitted probabilities �̂�𝑖 and 

so it can tell us nothing about the agreement between the observations and their corresponding 

fitted probabilities (Collett, 1991). Since the deviance is the likelihood-ratio statistic for 
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comparing a tested model with the model with no predictors, the null distribution of the 

deviance follows directly from a result associated with likelihood-ratio testing. This deviance 

is asymptotically distributed as χ2 with (n-r) degrees of freedom, where n is the number of 

binomial observations and r is the number of unknown parameters included in the logistic 

model. According to (Agresti, 2007), p-values less than 0.05 and large deviance values are a 

sign of the tested model’s lack of fit.  

 

2.5.6.2 Pearson Chi-square test 

The Pearson Chi-square tests the likelihood that an observed distribution is due to chance. 

For a specific covariate pattern, the Pearson residual is defined as  

𝑟(𝑦𝑗 , �̂�𝑥𝑗) =
𝑦𝑗 −  𝑚𝑗�̂�(𝑥𝑗)

√𝑚𝑗�̂�(𝑥𝑗) (1 − �̂�(𝑥𝑗)) 
 

For the chi-square goodness-of-fit computation, the test statistic is defined as  

        𝜒2 =  ∑
(𝑦𝑖−𝑛𝑖𝑝𝑖)2

𝑛𝑖𝑝𝑖 (1− 𝑝𝑖)

𝑛
𝑖=1  , 

where χ2  = Pearson’s cumulative test statistic.  

 

Pearson χ2 statistic follows approximately a chi-square distribution. It requires a large sample 

for the chi-square approximation to be valid (Collett, 1991). A p-value less than 0.05 will 

suggest a very low probability / likelihood that the null hypothesis is correct. A low p-value 

will mean disproving the hypothesis that the risk factors are independent and thus help in 

affirming the model’s variables. 
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2.5.6.3 Hosmer-Lemeshow Test 

The Hosmer-Lemeshow tests for goodness of fit for the logistic regression model (Cole, 

1991). A comparison of the predicted values against the actual values of the dependent 

variable is done. Based on the estimated parameter values β0, β1,…, βk for each observation in 

the sample the probability that Y=1 is calculated, based on each observation covariate values 

𝑝 =  
exp(𝛽0 + 𝛽1𝑋1+ …+𝛽𝑘𝑋𝑘 )

1+ exp(𝛽0+ 𝛽1𝑋1+⋯+𝛽𝑘𝑋𝑘)
. 

The data are divided into groups based on the percentiles of estimated probability. The 

number of groups are usually a minimum of 6 (Cole, 1991). Using the expected and observed 

number of cases in each group, a Chi-squared statistic is calculated as follows 

𝑋𝐻𝐿 =  ∑  {
(𝑂𝑔− 𝐸𝑔)

2

𝑁𝑔𝜋𝑔 (1− 𝜋𝑔)
}, 

with Og, Eg, πg the observed events, expected events and number of observations for the gth risk 

decile group and Ng the number of groups. The test statistic approximately follows a Chi-

squared distribution with n-2 degrees of freedom. A large value of Chi-squared (small p-value 

<0.05) indicates poor fit and small Chi-squared values (large p-value closer to 1) indicates a 

good logistic regression model fit.  

 

2.5.6.4 Likelihood Ratio Test 

The Likelihood Ratio Test (LRT), is based upon the difference between the maximum values 

of likelihoods under the null and under the alternative hypotheses (Wilks, 1938). It tests the 

significance of all variables contained in the logistic regression model. The test statistic is twice 

the difference in log likelihoods of the model 

𝐷 =  −2 ln (
𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑣𝑎𝑙𝑢𝑒 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑜𝑓 𝑎 𝑠𝑖𝑚𝑝𝑙𝑒 𝑚𝑜𝑑𝑒𝑙

𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑣𝑎𝑙𝑢𝑒 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑜𝑓 𝑎 𝑓𝑢𝑙𝑙 𝑚𝑜𝑑𝑒𝑙
) 

𝐷 =  −2 ln (
𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑓𝑜𝑟 𝑛𝑢𝑙𝑙 𝑚𝑜𝑑𝑒𝑙

𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑓𝑜𝑟 𝑎𝑙𝑡𝑒𝑟𝑛𝑎𝑡𝑖𝑣𝑒 𝑚𝑜𝑑𝑒𝑙
) 
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 𝐷 =  −2 ln(𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑓𝑜𝑟 𝑛𝑢𝑙𝑙 𝑚𝑜𝑑𝑒𝑙) +  2 ln(𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑓𝑜𝑟 𝑎𝑙𝑒𝑟𝑛𝑎𝑡𝑖𝑣𝑒 𝑚𝑜𝑑𝑒𝑙) 

   𝐿𝑅 = 2 (∑ log 𝐿𝑐
𝑔

− log 𝐿𝑐) 

where Lc
g is maximum value for the likelihood function of a simple model. 

           Lc
  is maximum value for the likelihood function of a full model.            

 

The probability distribution of the  test statistic approximates a chi-squared distribution with 

df2 – df1 degrees of freedom, where df1 is the number of free parameters of the null model and 

df2 is the number of parameters of the alternative model. In cases where the p-value is less than 

the significance level alpha, all variables are considered to be important and added to the model. 

The approximation improves as sample size increases. Under multivariate normal distribution, 

for the LRT for the independence between two groups of variables to be robust type I errors 

are controlled even in small sample sizes (Brum et al., 2016). 

 

2.5.6.5 R2 for Logistic regression 

R2 in logistic regression measures the extent of variation in the outcome variable that is 

explained by the predictor variables. In logistic regression, there is disagreement on the 

importance of R2 measures in evaluating the predictive power of a model because of the 

different versions that approximate the amount of variance explained and not precisely 

calculate it (Harrell, 2010). A value of 0.05 is usually taken as the significance level. Tests and 

formulae used in the study that measure the amount of variation in the outcome variable 

accounted for by the predictor variables are given below: 
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Cox and Snell 

Cox and Snell’s pseudo R2 is founded on log-likelihood but considers the sample size. It is 

calculated as  

𝑅𝑐𝑠
2  = 1 − exp { 

−2

𝑛
 [ 𝑙𝑛 𝐿(𝑘) −  𝑙𝑛 𝐿(0)]} 

Using law of exponents,   𝑅𝑐𝑠
2  = 1 −

exp { 
−2

𝑛
 [ 𝑙𝑛 𝐿(𝑘)]}

exp { 
−2

𝑛
 [ 𝑙𝑛 𝐿(0)]}

  

Using exponential and logarithm rules,      𝑅𝑐𝑠
2 = 1 − 

−𝐿(𝑘)2/𝑛

−𝐿(0)2/𝑛
  

                                   = 1 −  {
 𝐿(𝑘)

𝐿(0)
}

𝑛

2 

The problem of the measure is that it cannot reach a maximum of 1. The upper bound is       

1- L(0)2/n  and is always less than 1. It depends only on the marginal proportion of cases with 

events (Cox & Snell, 1989). 

 

Nagelkerke Pseudo 

The Nagelkerke Pseudo measure adjusted the Cox and Snell’s pseudo measure for the 

maximum value in order to achieve 1. The statistic is given as follows  

𝑅𝑁
2 =    

𝑅𝐶𝑆
2

 𝑅𝑀𝐴𝑋
2  

where R2
MAX  = 1 – exp [2(n-1) LL(0)].  LL(0) is the log likelihood of model before predictors 

are added. 

 

The Wald test 

The Wald test statistic, W, assesses the significance of individual logistic regression 

coefficients i.e. importance of individual independent variables in predicting the dependent 

variable. It can be used to test 

Ho: p = p0  vs     HA:  p≠ p0 and is calculated to be  
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𝑊 =  
[�̂� −  𝑝0]2

1
ln(�̂�)

=  
�̂� −  𝑝0

𝑆�̂�(�̂�)
  ~ N(0,1)  

        

where �̂� is the Maximum Likelihood Estimate (MLE), 

In (p) is the expected Fisher information evaluated at the MLE and is given as      

 𝐼 𝑛(𝑝) =  
𝑛

𝑝(1−𝑝)
    and p0 is the proposed value.  

When the H0 is true,  𝑊2 =
𝑝−𝑝0

𝑉𝑎�̂�(𝑝)
 ~ 𝜒𝑑𝑓=1

2  since the square of a standard normal distribution 

is the χ2 with 1 degree of freedom. 

 

If a Wald statistic W for a coefficient is greater than 0.05, it suggests the variable is irrelevant. 

The standard error is often exaggerated when large estimates of the coefficient are produced 

by the data. This results in a lower Wald statistic, which leads to the explanatory variable being 

mistakenly assumed to be insignificant in the model. One drawback of the Wald test is that the 

standard error is estimated under the MLE (the alternative hypothesis). This possibly leads to 

strange results (e.g. when the sample proportion is valued to be or close to 0 or 1). 

 

The Score function 

The Score test assesses the importance of individual independent variables i.e. the sensitivity a 

likelihood function depends on its parameter. One advantage of the method is that the 

coefficients’ maximum likelihood estimates calculations are not necessary. The Score function, 

U(p), is the partial derivative of the log likelihood function, 

 

𝑈 (𝑝) =  
𝜕

𝜕𝑝
log[𝐿(𝑝)] . 
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Using  (2.11) for estimation, the MLE of p is that value that maximises L. That is  

𝑈(𝑝) =  
𝜕

𝜕𝑝
log {∑ 𝑦𝑖

𝑛
𝑖=1 log 𝑝 + (𝑛 − ∑ 𝑦𝑖)

𝑛
𝑖=1 log(1 − 𝑝)} ,  

𝑈 (𝑝) =  
𝜕𝑙

𝜕𝑝
𝑈 (𝑝) =  ∑

𝑌𝑖

𝑝
 −  

𝑛 − ∑ 𝑌𝑖
𝑛
𝑖=1

1 − 𝑝

𝑛

𝑖=1

. 

The MLE of p is given by setting U(p) = 0 

∑
𝑌𝑖

𝑝
−

𝑛−∑ 𝑌𝑖
𝑛
𝑖=1

1−𝑝

𝑛
𝑖=1 = 0  

(1 − 𝑝) ∑ 𝑌𝑖 = 𝑝(𝑛 − ∑ 𝑌𝑖)

𝑛

𝑖=1

𝑛

𝑖=1

. 

 

This gives an MLE of p as   �̂� = ( ∑ 𝑌𝑖 )/𝑛𝑛
𝑖=1  

The Score test follows a chi-square distribution with one degree of freedom. A coefficient 

with a p-value less than 0.05, shows the importance of the variable in the model.  

 

2.6 Log-linear model 

Log-linear modelling technique is used mainly to assess the relationship among categorical 

variables. Its goal is to establish the main effects and interactions which are important to retain 

in order to best account for the data. It is used for both modelling and hypothesis testing. 

Testing of models to find the simplest model that best accounts for the variance in the observed 

frequencies is done.  Log-linear model has the formula: 

Y = Exp {c + Σwi fi(W)} 

Where f(W) are the measurements that are functions of the variables c and wi are the model 

parameters. Basically log-linear analysis involves modelling the expected (log) count of each 

cell directly. Since the response of a log linear model is the cell count, no measured variables 
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are considered the response. One major advantage of the technique is the flexibility of the 

model.  

 

2.6.1 Log-linear model estimation 

According to Eliason (1993), for any pair (x,y) such that x ∈X, and y ∈Y, the conditional 

probability under the model is  

 p(y | x; v) =
𝑒v·f(x,y)

∑ 𝑒v·f(x,y΄)
 y΄  

   

The inner products v·f(x,y) play an important role in this expression and take any value in the 

real. Defining a conditional distribution p (y|x), we take 𝑒v · f(x,y) for any label y, to give a value 

that is greater than zero. When v ·f(x,y) is low, the value will be low (close to zero) and when 

v ·f(x,y) is high, the value will be high.  

 

Dividing the above quantity by ∑ exp(𝑣. (𝑓𝑥, 𝑦′))𝑦′𝜀𝑦  we obtain the conditional probability, 

p(y | x; v) =
𝑒v·f(x,y)

∑  𝑒v·f(x,y)
𝑦′𝜀𝑦

   

The denominator is a normalization term which ensures that we have a distribution that 

amounts to one. This means the function  

  
𝑒v·f(x,y)

∑ 𝑒v·f(x,y)
𝑦′𝜀𝑦

      

performs a transformation which takes as input a set of values {v·f(x,y) : y ∈Y}, where each 

v · f(x,y) can take any value in the real, and as output produces a probability distribution over 

the labels y ∈Y.  

From the above definitions it can be seen that,  

log[ p(y | x; v)] = log { 
exp(v · f(x, y))

∑ exp (v · f(x, y΄)𝑦′𝜀𝑦 )
 } 

     = v.f(x,y) – log ∑ exp (v · f(x, y΄)𝑦′𝜀𝑦 ) 
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     = v. f(x, y) –  g(x) 

where 𝑔(𝑥) =  log ∑ exp (v · f(x, y΄)𝑦′𝜀𝑦 ) . 

This means that as long as x is fixed, the log probability, log p(y), is a linear function in the 

features. 

 

2.6.2 Parameter Estimation in Log linear models 

Referring to Eliason (1993), the Maximum likelihood estimates x(i), y(i) for i = 1,…n, each 

x(i), y(i) є X Y:  

VML = argmax vϵRm
 L(v), are obtained by differentiating the likelihood function. 

Where  𝐿 (𝑣) =  ∑ log 𝑝(𝑦(𝑖)|𝑥(𝑖): 𝑣)𝑛
𝑖=1  

Using the equation,        log
𝑒𝑣𝑖  𝑓(𝑥)

∑ 𝑒𝑣𝑖  𝑓(𝑥)  =  𝑣𝑖  𝑓(𝑥) − log ∑ 𝑥 , 

The equation L(v) becomes 

   𝐿(𝑣) =  ∑ v. f(x(𝑖), y(𝑖)) – ∑ 𝑙𝑜𝑔𝑛
𝑖=1 ∑ 𝑒𝑣.𝑓(𝑥𝑖,𝑦΄)

𝑦𝑖𝜖𝑌  𝑛
𝑖=1  

Calculating the gradients, the following is obtained 

𝑑𝐿(𝑣)

𝑑𝑣𝑘
= ∑ f𝑘(x(𝑖), y(𝑖))

𝑛

𝑖=1

−  ∑
∑ 𝑓𝑘(𝑥(𝑖), 𝑦΄) 𝑒𝑣.𝑓(𝑥(𝑖),𝑦΄)

𝑦𝑖𝜖𝑌

∑ 𝑒𝑣.𝑓(𝑥(𝑖),𝑧΄)
𝑧𝑖𝜖𝑌

𝑛

𝑖=1

 

=  ∑ f𝑘(x(𝑖), y(𝑖))

𝑛

𝑖=1

−  ∑  ∑ 𝑓𝑘(𝑥(𝑖), 𝑦΄)

𝑦𝑖𝜖𝑌

  
 𝑒𝑣.𝑓(𝑥(𝑖),𝑦΄)

∑ 𝑒𝑣.𝑓(𝑥(𝑖),𝑧΄)
𝑧𝑖𝜖𝑌

𝑛

𝑖=1

 

=  ∑ f𝑘(x(𝑖), y(𝑖))

𝑛

𝑖=1

−  ∑  ∑ 𝑓𝑘(𝑥(𝑖), 𝑦΄)

𝑦𝑖𝜖𝑌

  

𝑛

𝑖=1

𝑝(𝑦(𝑖)|𝑥(𝑖): 𝑣). 

 

2.6.3 Assumptions of the log-linear model 

The log-linear model has the following assumptions 

 The data variables are categorical. 
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 Observations are random and independent. 

 Over repeated samples, observed frequencies are normally distributed about expected 

frequencies. 

 The logarithm of the expected value of the response variable is a linear combination 

of the explanatory variables. 

 

2.7 Model Selection 

The objective of formulating models is only to approximate reality with the recorded data 

available. Selecting the final model for any regression requires some techniques. Deciding on 

which variable to include in a regression model is usually based on hypothesis testing 

mechanisms i.e. on p-values from the univariate analysis. Backward, forward and stepwise 

methods are widely used because of their simplicity (Cole, 1991; Kleinbaum & Kleinbaum, 

1998).  

 

The classical techniques have a problem of indirectly assessing the effect of including a 

parameter in a model to make predictions and in model selection do not perform well e.g. 

variables selected by backward, stepwise or forward approaches (Harrell, 2001). Other models 

are built from variables that are identified in the literature such that it makes sense to include 

them without any statistical tests (Kumarasamy et al., 2010b; Vittinghoff, 2012a). Though this 

is debated by some, better approaches do exist (Robinson & Wainer, 2002). Other approaches 

are Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC). The Akaike 

Information Criterion (AIC) is one of the information theoretic approaches and is based on 

(Akaike, 1974; Kullback & Leibler, 1951). It suggests a relative approximation of the 

information lost when a given model is used to present the process that generates the data. In 

doing so it takes care of the trade-off between the complexity of the model and goodness of fit 
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of the model. AIC has its own limitations i.e. the conclusions rely on the candidate models 

specified before the analyses are done and the model is only good as the data which have 

generated it (Burnham, 2004).  AIC is asymptotically ideal in choosing the model with the least 

mean squared error, under the assumption that the exact 'true' model is not in the candidate set 

(Yang, 2005). The general form of the model is  

AIC = -2Ln (L) + 2K 

Where ‘L’ represents the maximum likelihood of the model and ‘K’ is the number of 

independently estimated parameters included in the model (i.e. the number of variables + the 

intercept).  

 

The model with the minimum value of AIC is the preferred model since it represents the least 

information lost in generating the data. Two measures, the ΔAIC and Akaike weights, both 

associated with the AIC compare models. ΔAIC is a measure of each model in relation to the 

best model and is computed using  

 

∆𝐴𝐼𝐶 =  𝐴𝐼𝐶𝑖 − min 𝐴𝐼𝐶 

 

where AICi  is the AIC value for the ith model, min AIC is the AIC value of the 'best' model 

and is based on a certain criteria to choose the model (Burnham, 2004). Akaike weights 

provide a measure of the strength of evidence for each model and represent the ratio of ΔAIC 

values for each model relative to the complete set of R candidate models.   

 

2.8 Confounding 

A common objective of multiple logistic regression modelling is to examine the relationship 

between an outcome and primary predictor, accounting for the potential mediating or 



 

39 

 

confounding influence of additional measured predictors. Specifically, a confounding variable 

is defined to be a variable that is a risk factor for the disease under study and associated with 

but not a consequence of the exposure factor (Collett, 1991). If a variable is associated with 

both the outcome and the primary predictor, it is said to be a confounder of an association of 

primary interest. To assess confounding there is need for a hypothesised causal framework. 

The coefficient for the effect of the primary predictor on the outcome changes when the 

potential confounder is added to the model.  

 

To determine the possibilities of confounders being included in the linear logistic model, 

difference in deviance from including the potential confounding variable in the model is 

assessed. Examination of the effect of the confounder on estimates of odds ratios of interest 

will be assessed by comparing odds ratio (Cole, 1991). In the past very few studies mention 

any confounders (Kumarasamy et al., 2010a; Vu et al., 2012). Confounding can be controlled 

for at either the study design or analysis stages. Randomisation, Restriction or Matching can 

be used at the design stage while at the analysis stage stratification, restriction and multivariate 

analysis methods can be employed (Christenfeld et al., 2004; Keys & Rankin, 2015). 

Confounding can be controlled for by the use of one of the multivariate techniques, logistic 

regression analysis. Logistic regression involves complex statistical modelling that estimates 

the probability of an outcome given a particular exposure while simultaneously controlling for 

confounding variables (Carpenter et al., 2013; Elwood, 2007; Keys & Rankin, 2015). The 

mathematical model gives adjusted odds ratios which are controlled for covariates including 

confounders.  
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2.9 Interaction  

When considering the relationship among two or more variables, an interaction may arise. An 

interaction describes a variation in the size or direction of the relationship between the outcome 

and treatment taking into consideration the level of a third variable. Therefore, the presence of 

interactions has important implications on the interpretation of statistical models. It is thus 

important to explore interaction so as to have a better appreciation of the relationship between 

outcome and treatment (Stack, 2012). In practice, interaction creates complexity in predicting 

the results of altering the value of a variable, mainly if the variables it interacts with are difficult 

to control or measure. In some cases, because of complexity of developing and interpreting a 

model with interaction terms, assessment of interaction has been ignored (Haukoos et al., 2012; 

Kron, 2003). 

 

Centring  

Centring is an important step taken to obtain meaningful interpretation of results when testing 

interaction effects in multiple regression. It is defined as subtracting the mean (a constant) from 

each score, X, yielding a centred score. Aiken et al. (1991) demonstrated that using other 

transformations, additive constant, or uncentred scores can have a profound effect on 

interaction results. Centring the variables places the intercept at the means of all the variables. 

In the literature search, only a few studies reported on interactions (Zuma et al., 2014). A 

variety of reasons exist for the absence of information on interaction. According to Knol 

(2012), the absence of immediate interaction measurements in the output of logistic regression 

procedure could be a reason for underreporting. In some cases, sample size could be too small 

to detect an interaction (Montgomery et al., 2003). For other studies, it is not clear whether 

interaction was assessed or if it was assessed but not reported.  
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2.10 Multicollinearity 

The problem of multicollinearity makes it difficult to ascertain the effect of any single variable 

because of the various interrelationships that variable could have (Wakefield, 2006).  The risk 

of collinearity increases as higher order interaction terms correlate increasingly with lower 

order interaction terms and the main effects (Becker et al., 2015).  

 

The statistical model Y regressed on n covariates X1,…,Xn gives  

 

𝑌 = 𝛽0 +  𝛽1𝑋1 +  𝛽2𝑋2 +  … + 𝛽𝑛𝑋𝑛 +  𝑒 

 

Thus collinearity means that at least one covariate Xi can be expressed as  

𝑋𝑖 = 𝑎0 +  𝑎1𝑋1 +  𝑎2𝑋2 + … + 𝑎𝑖−1𝑋𝑖−1 +  𝑎𝑖+1𝑋𝑖+1 +  𝑎𝑛𝑋𝑛 

(‘Collinearity and Multicollinearity’, 2011). 

 

Multicollinearity problem 

The danger of multicollinearity lies in its ability to give invalid results about any individual 

predictor although indicating how well the predictors predict the outcome variable. Thus 

explanatory variables are difficult to analyse because their effects on the response can be due 

to either true collaborative relationship among the variables or false correlations. The specific 

problems are: 

 

Unstable regression models - One serious effect of multicollinearity is that it creates 

redundant information about the response skewing the result in a regression model which may 

result in unstable and unreliable regression estimates. The accuracy of the regression parameter 

estimates might be affected - Taking y, an n-dimensional vector of observations on a dependent 



 

42 

 

variate of interest; X, an n x p matrix of measurements on p predictors xi, i=1…p; β a p x 1 

vector of parameters, and e an n x 1 vector of error terms, the linear regression equation can be 

written as  

𝒚 = 𝑿𝜷 + 𝒆, 

 where e ~ N(0, δ2I).  

Using standardised variables, the estimated parameter estimates �̂� can be written in terms of 

correlations among covariates Rxx, and correlations between covariates and dependent 

variables Rxy are  

�̂� =  (𝑿′𝑿)−1(𝑿′𝒚) =  𝑅𝑥𝑥
−1 𝑅𝑥𝑦   when X is non-singular matrix 

and  �̂� =  
𝑟𝑦1−𝑟12𝑟𝑦2

1− 𝑟12
2  ,                when X is singular matrix.  

ry1 is the correlation between y and x1, ry2 is the correlation between y and x2 and r12 is the 

correlation between covariates x1 and x2, when X is singular. 

 

This means that when linear dependencies occur among covariates, X΄X will have a zero 

determinant and the inverse will not exist and thus parameter estimates will be undefined. 

Rxx = (rij)1 ≤ i,j ≤ p, rij is the correlation between the variates xi and xj.  

Rxy = (rij)1 ≤ i ≤ p, ryi is the correlation between y and xi. 

 

The variance of β can be estimated as  

�̂�2  (
1

𝑛
 𝑅𝑥𝑥

−1) =  
𝑛

𝑛 − 𝑝 
 
|𝑅𝑥𝑦|

|𝑅𝑥𝑥|
( 

1

𝑛
 𝑅𝑥𝑥

−1 ). 

involving the (p+1) x (p +1) matrix Rxy of both correlations among covariates and 

correlations between covariates and dependent variable (Van Steen & Molenberghs, 2012). 
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The occurrence of Rxy in the equation indicates that the relationship between response and 

covariates may adjust the effects of multicollinearity in terms of accuracy of the regression 

parameter estimates. Parameter estimates might be undefined when linear dependencies occur 

as shown in the above expression. 

 

In a multivariate regression with k covariates (k>2),  

𝑦 = 𝛽0 + 𝛽1𝑋1 +  𝛽2𝑋2 +  … + 𝛽𝑘𝑋𝑘 +  𝑒. 

The standard error of covariate βi, Sβi, is given by  

𝑆𝛽𝑖 = √
𝑀𝑆𝑟𝑒𝑠

∑(𝑥𝑖− �̅�𝑖) 2 (1− 𝑅𝑖
2)

, 

where MSres is the residual mean squared error and Ri
2 is the square of the multiple correlation 

coefficient for xi regressed on all remaining covariates. It essentially shows how the other 

covariates explain the variation in xi. If Ri
2 is large, then 1- Ri

2 is close to zero and hence Sβi 

will increase. This means the standard error of bi and the related confidence interval it gives 

rise to will be inflated. Consequently, significance testing of the covariates i.e. t-statistic will 

generally be very small and coefficient confidence intervals will be very wide (‘Collinearity 

and Multicollinearity’, 2011).  This means it will be harder to reject the null hypothesis and 

thus result in decreased reliability. Thus multicollinearity makes it difficult to measure how the 

dependent variables will be affected by the independent variables. A slight modification of the 

data might cause sizeable changes in the results of the regression analysis with regards to the 

model fit (R2) and direction of association. Little changes in the model of the data may cause 

the coefficient estimates to change erratically if multicollinearity is present (Vittinghoff, 2012). 

If the goal of modelling is to understand how the predictor variables influence the outcome, 

then it is important to assess multicollinearity.  
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Assessing multicollinearity 

The methods described below, are used to detect multicollinearity and the associated severity. 

This is a first step to handling the problem and giving better explanation to the regression 

model. 

 

Variance Inflation Factor 

Variance Inflation Factor (VIF) is a statistic used to measure possible multicollinearity amongst 

the predictor or explanatory variables.  

For each of the k-1 independent variable equations i.e. the reciprocal of a tolerance value, is 

computed as   

𝑉𝐼𝐹 =  
1

1 − 𝑅𝑖
2 

where 𝑅𝑖
2 is the measure of association between xi and other covariates. 

VIF measures the impact of multicollinearity on the accuracy of estimation among the X’s in 

a regression model. A VIF of 10 or more indicates a multicollinearity problem. When VIF 

values are inflated, this method obtains the same regression slope values but lowers both the 

standard error and VIF and thus the p-values for the component terms of an interaction, which 

improves the sensitivity and statistical conclusion validity of moderated regression (Francoeur, 

2013). Multicollinearity was tested by calculating Generalised variance inflation factor, GVIF, 

for sets of predictor variables (Fox & Monette, 1992). It is calculated as  

                𝐺𝑉𝐼𝐹 =  
1

det  (𝑅)
. 

Generally the GVIF involves the VIF corrected by the predictor variables number of degrees 

of freedom which will be written as 𝑉𝐼𝐹[
1

2
𝑑𝑓]

 . 
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Tolerances of the explanatory variables 

Tolerance of the explanatory variable is defined as a proportion of variance of the variable in 

question not explained by a regression on the remaining explanatory variables. Smaller 

tolerance values indicate stronger relationships.  

 

Correlations 

Principal components are achieved by calculating the eigenvalues and eigenvectors of the 

correlation or covariance matrix. The eigenvalues are the variances of the components. In the 

correlation matrix, the sum of variances (eigenvalues) of the component variables is equal to 

the number of variables while the variance of each input variable is one (Farcomeni & Greco, 

2015; Liu & Schisterman, 2012). A set of eigenvalues of relatively equal sizes suggests that 

there is little multicollinearity. If pairwise correlations rij are larger than the coefficient of 

determination R2, this indicates the presence of harmful multicollinearity. 

 

Solutions to multicollinearity 

Removal of redundant explanatory variables would be the most reasonable thing to do but in 

spite of overlap, variables may be obviously designed to measure different aspects and so will 

be meaningless to leave them out. In the presence of numerical data, substituting 

mathematically transformed variables for harmful ones can be used. 

 

Ridge regression 

Multivariate regression data that has a multicollinearity problem can be analysed using Ridge 

regression. In the presence of multicollinearity, least squares estimates are unbiased, but their 

variances are large and thus may be far from the true value. With multicollinearity, a ridge type 

estimator is suggested because it has a smaller total mean square error (MSE) than the 
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maximum likelihood estimator (MLE). In Ridge regression, both dependent and independent 

variables are initially standardised by subtracting their means and dividing by their standard 

deviations.  

 

In ordinary least squares, the regression coefficients are estimated using the formula 

�̂� = (𝑿′𝑿)−1 𝑿′𝒚 

Since the variables are standardized, X΄X = R where R is the correlation matrix of 

independent variables. 

Using y = Xβ + ϵ, the expected value of the estimates,    

   𝐸 (�̂�) =   E[(𝑿′𝑿)−1 𝑿′(𝐗𝜷 + 𝜖)]  

     = 𝜷 + E[(𝑿′𝑿)−1 𝑿′𝜖] 

    =  𝜷 + E [ E[(𝑿′𝑿)−1 𝑿′𝜖|𝐗] ] 

    =  𝜷 + E [(𝑿′𝑿)−1 𝑿′𝐸[𝜖|𝐗]]  

    = 𝜷   where E[ϵ|X] = 0 

since the estimates are unbiased 

The variance-covariance matrix of the estimates is  

    𝑉 (�̂�)  =   E[(�̂� − 𝜷) (�̂� − 𝜷)
𝑇

] 

    = E[((𝑿′𝑿)−1 𝑿′𝜖) ((𝑿′𝑿)−1𝐗′ 𝜖)𝑇] 

    = [(𝑿′𝑿)−1 𝑿′𝐸[𝜖𝜖′] 𝑿(𝑿′𝑿)−1] 

    =  [(𝑿′𝑿)−1 𝑿′𝜎2 𝑿(𝑿′𝑿)−1]  

    = [ 𝜎2(𝑿′𝑿)−1 𝑿′ 𝑿(𝑿′𝑿)−1]   

    =  𝜎2(𝑿′𝑿)−1  

    = 𝜎2 𝑹−1. 

Assuming the y’s are standardized, σ2 = 1 
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This means   𝑉 (�̂�𝑗) =  𝑟𝑗𝑗 =   
1

1− 𝑅𝑗
2 = 𝑉𝐼𝐹 

where Rj
2 is the R-squared value obtained from regression xj on the other independent 

variables.  

In the case of an orthonormal design matrix, a small value λ, is added to the diagonal 

elements of the correlation matrix.  

�̃� =  (𝑹 + 𝜆𝑰)−1 𝑿′𝒀, 

λ is a positive quantity less than 1. 

A measure of bias in the estimator is obtained by  

𝐸 (�̂� − 𝜷) = E[(𝑿′𝑿 + 𝜆𝑰)−1𝑿′𝒀] 

= 𝐸 {[𝑰𝑝𝑥𝑝 + 𝜆(𝑿′𝑿)−1]
−1

(𝑿′𝑿)−1𝑿′𝒀} 

= 𝐸 {[𝑰𝑝𝑥𝑝 + 𝜆(𝑿′𝑿)−1]
−1

�̂�} 

= [𝑰𝑝𝑥𝑝 + 𝜆(𝑿′𝑿)−1]
−1

𝐸(�̂�) 

   = [𝑰𝑝𝑥𝑝 + 𝜆(𝑿′𝑿)−1]
−1

𝜷             since 𝐸 (�̂�) =   𝜷 

   = 𝑿′𝑿(𝑿′𝑿 + 𝜆𝑰)−1𝛃. 

This shows that the amount of bias will never be equal to β for any λ>0. This implies the 

ridge estimator is biased. 

To find the MLE of the regression parameter, β, of the linear regression model, suppose  

𝑊𝜆 = [𝑰𝑝𝑥𝑝 + 𝜆(𝑿′𝑿)−1]
−1

 

The ridge estimator can be expressed as 𝑊𝜆�̂� 

𝑊𝜆�̂� =  𝑊𝜆(𝑿′𝑿)−1𝑿′𝒀 

= {( 𝑿′𝑿)−1[𝑿′𝑿 + 𝜆𝑰𝒑𝒙𝒑]}
−1

(𝑿′𝑿)−1𝑿′𝒀 

=  [𝑿′𝑿 + 𝜆𝑰𝑝𝑥𝑝]
−1

𝑿′𝑿(𝑿′𝑿)−1𝑿′𝒀 

= [𝑿′𝑿 + 𝜆𝑰𝑝𝑥𝑝]
−1

𝑿′𝒀 
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= �̂�(𝜆) 

Now     𝑉𝑎𝑟(�̂�(𝜆) = 𝑉𝑎𝑟[𝑊𝜆�̂�] = 𝑊𝜆𝑉𝑎𝑟(�̂�)𝑊𝜆
΄ 

= 𝜎2𝑊𝜆(𝑿′𝑿)−1𝑊𝜆
΄ 

     =  𝜎2(𝑿′𝑿 + 𝜆𝑰𝑝𝑥𝑝)
−1

𝑿′𝑿 {[𝑿′𝑿 + 𝜆𝑰𝑝𝑥𝑝]
−1

}
΄
, 

where  λ =   
𝑝𝑠2

𝛽′𝛽
 , an iterative method for selecting λ proposed by (Hoerl & Kennard, 1970).  

 

Ridge Estimators in Logistic Regression  

When the number of covariates are relatively large or when the covariates are highly 

correlated in logistic regression, ridge estimators can be used to improve the model. The ridge 

estimator is derived as a restricted maximum likelihood estimator.  

 

Suppose the probability function p follows the logistic regression model,  

𝑝(𝑋𝑖) =  
𝑒𝑋𝑖𝛽

1 +  𝑒𝑋𝑖𝛽
 

the log-likelihood, l, of the data (X,Y) under this model is  

𝑙(𝛽) =  ∑[ 𝑌𝑖 log 𝑝(𝑋𝑖) + (1 −  𝑌𝑖) log{ 1 − 𝑝(𝑋𝑖)}] 

maximisation of l(β) yields the ordinary MLE �̂� for β. 

According to Duffy and Santner (1989), the maximization of the log-likelihood function with 

a penalty on the norm of β: 

    lλ(β) = l(β) - λ||β||2, 

where l(β) is the unrestricted log-likelihood function and ||β|| = 1 / (∑βj
2), the norm of the 

parameter vector β. The ridge parameter λ controls the amount of shrinkage of the norm of β. 

When λ = 0 the solution will be the ordinary MLE. Shrinking the βs towards 0 and allowing a 

little bias will stabilise the system and provide estimates with smaller variance. The choice of 
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the ridge parameter depends on the cross-validation criterion which is used. The minus log-

likelihood prevents impossible predictions. 

   

2.11 Model Validation 

The last important step in model fitting is ascertaining predicted values from the model to 

precisely forecast responses on subjects not included to obtain the model. It is necessary to 

decide whether the results obtained from regression analysis are acceptable as descriptions of 

the data.  

 

Failure of the model to ratify is usually caused by either over-fitting or changes in subject 

inclusion criteria or categorical variables definition changes (Harrell, 2015). The main aspect 

of predictive precision that needs assessment is discrimination (the model’s ability to separate 

subjects’ outcomes) and reliability (model’s ability to make unbiased estimates of outcome). 

Two modes of model validation exist, namely internal and external validation. External 

validation is whereby the model is tested on a completely different dataset usually from a 

different geographic area. Internal validation is whereby the model is fit and validated using 

one series of subjects. There are numerous ways of validating a model which include analysis 

of regression residuals, goodness of fit and assessment of the model’s predictive performance 

when applied on a different dataset. These methods do have their shortcomings. R2 can be used 

as a validation technique when all parameters examined are included in the model.  

 

Another internal validation technique is called Data-splitting. The technique involves splitting 

the data into two and using one set of the data to generate a model and the other to measure its 

performance (Picard & Cook, 1984). Though it allows confirmation of hypothesis tests in the 

test sample, the method reduces the sample for both model development and model testing. 
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The split may be incidental such that different assessments of accuracy may be obtained for a 

different split. It requires the split to be done before the first analysis of the data thereby 

lowering precision and power.  

 

Cross validation is a method for evaluating the predictive error when fitting a function relating 

two or more variables and can be seen as an extension of the data splitting method. It uses the 

existing data to simulate the process of generalizing to new data. Cross validation’s main 

drawback is choosing the number of observations to hold out from each fit. The high number 

of repetitions required, often more than 200, to achieve accurate estimates of accuracy, makes 

implementation difficult. It may not fully represent the variability of variable selection (Efron 

& Gong, 1983). 

 

The Jack-knife technique involves leaving one observation from the analytical process and the 

response for that observation is predicted using a model derived from the remaining n-1 

observations. This is repeated n times, that is every case is left of out of the model and a test is 

done on the remaining n-1 cases, to obtain an average accuracy. The main advantages of this 

technique are that it does not require any random number generation and the possibility of 

finding the prediction on the left out point. The problem with this technique is that models fit 

to the training sets tend to be strongly correlated with each other (Efron & Gong, 1983). 

 

Bootstrapping is a robust, non-parametric method that replicates the process of sample 

generation from an underlying population F by drawing samples of size n with replacement 

from the original dataset of the sample size as the original dataset. In most cases F is estimated 

by the empirical formula 

 



 

51 

 

𝐹𝑛(𝑦) =  
1

𝑛
∑ (𝑌 𝑡 ≤ 𝑦)𝑛

𝑖=1 , 

where Fn is a density function that places probability 1/n at each observed data point. (k/n if 

that point were duplicated k times and its value listed only once (Harrell, 2015). 

Bootstrap method requires large sample sizes, n>100, since its distribution is discrete and can 

be dependent on a small number of outliers (Efron & Tibshirani, 1993). 

 

2.12 How past research contributes to this study 

Though it is evidenced by past research work that the identified factors have some effect on 

the HIV status, there is no or little mention of assessment of interaction nor multicollinearity.  

The investigation of these important aspects makes the results more credible and in addition 

give more meaning. The absence of such in past research has made it necessary to carry out the 

investigation that give possible explanations to the results. Silence of the matter suggests two 

things, either it was not done or was done but failed to show presence of any of the two 

characteristics. Insight into these will make it possible to come up with necessary steps to 

solving the problems if they exist. The discovery of expected multicollinearity among the risk 

factors, which means large variances for least squares estimates, will be handled using ridge 

regression. The study will try to help address the problem of why, even after so much research 

and interventions, the prevalence of HIV has taken so long to reach zero.  

 

2.13 Summary 

In chapter 2, the HIV risk factors that have been investigated in previous research were 

described. The different methods of analysis used, the findings and the results of an 

investigation of the effect of combining risk factors in modelling were discussed. For 

appropriate modelling, a description of the Logistic regression model including the 
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assumptions, the model estimators and the various diagnostics was given. The methods of 

detecting confounding, interaction and multicollinearity and the possible ways of dealing with 

the problems were explained in detail. The next chapter gives an overview of the source of data 

and the variables considered in the analysis. It describes the problem faced in dealing with 

missing data and how the problem was dealt with.  
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CHAPTER THREE 

 DATA EXPLORATION 

3.0  Introduction 

In addressing the research problem indicated in chapter one, secondary data analysis of the 

2010-2011 Zimbabwe Demographic and Health Survey was used (Zimbabwe National 

Statistics Agency (ZIMSTAT), 2011; ICF International, 2012). To better understand the nature 

of the data, data exploration was initially conducted. Data exploration entailed characterisation 

of the biological, behavioural and socio-economic factors in relation to the HIV status, review 

of the missing data to avoid misinterpretation of results and inspection of the data to determine 

the type of distribution and check presence of outliers. Statistical Product and Services 

Solutions, SPSS, was used to carry out data exploration.  

 

The selected variables contain enough data to enable exploration of the nature of joint effect 

the behavioural, socio-economic and biological factors have on HIV status for the productive 

age group 15-49 years. Through analysis there was interaction between certain factors but 

assessment of multicollinearity problem could not be well established. The study gave clarity 

in understanding the dynamics of modelling different risk factors in relation to HIV status. 

 

3.1 Data Source and Structure 

Secondary data analysis was employed on Demographic and Health Survey (DHS) data 

(https://dhsprogram.com). The DHS is a survey carried out by the national statistics 

organisation as part of the national household survey capability programme and the worldwide 

MEASURE DHS programme. Its aim is to provide updated estimates of health related 

information which encompasses the basic demographic and health indicators, fertility levels 
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and preferences, sexual activity, breast feeding practices, maternal and child health and 

knowledge and behaviour regarding HIV/AIDS and other Sexually Transmitted Infections 

(STIs). Due to the subject matter of the survey, women of reproductive age (15–49) are the 

focus of the survey. Thus the same age group was used for the males for comparison in the 

study. 

  

A stratified, two stage cluster sampling method was used to select the DHS sample. Each 

province in Zimbabwe is divided into districts and each district into wards. Wards are further 

subdivided into Enumeration areas, EAs. Enumeration areas were taken as the primary 

sampling units. A total of 406 EAs from both rural and urban areas were included in the sample. 

All households in the selected EAs were listed. The listing did not include institutional living 

facilities. Using the households as secondary sampling units, a representative sample was 

selected. All males and females in the age range 15-49 years who were either visitors who had 

stayed the night before the survey or permanent residents of the selected households were 

deemed eligible. The questionnaires were categorised into women, men and household 

questionnaires. The household questionnaires were used to collect information on the 

characteristics of each person in the household. For instance, age, sex, education of each 

household member and household’s dwelling. The potential interviewees were identified using 

this information. The men’s and women’s questionnaires collected information on age, 

knowledge and behaviour concerning AIDS and other STIs, education, marriage and sexual 

activity, and adult mortality. The women’s questionnaire went on further to collect more in-

depth reproductive history and questions on child and maternal health. Data was collected using 

personal digital assistants. There were no repeated measurements nor matched data. For all 

participants who agreed, blood specimens were collected for HIV laboratory testing. Blood 
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specimen collection and analysis followed a protocol that was based on an anonymous linked 

protocol specifically created for the survey. 

 

A household response rate of 96% was achieved after 9756 of the 10166 of the existing 

households were successfully interviewed. A total of 9171 (37.5 % urban and 62.5% rural) 

women and 7480 (33.9 % urban and 66.1% rural) men were successfully interviewed. Overall, 

75 percent of the respondents who were eligible for testing were both interviewed and tested. 

Fourteen percent were not willing to give blood samples and 8 percent were absent at the time 

of blood collection which possibly introduced some bias. Since there was unequal probability 

to ensure enough number of cases in the analysis in the selection process, sampling weights 

were calculated. The weights were based on sampling probabilities calculated separately for 

each sampling stage and for each cluster. The weight for each household was further adjusted 

for nonresponse to get the final sampling weight. Taking into account the weighting variable, 

13897 participants, 7852 women and 6045 men, were tested for HIV and used in the analysis. 

Permission to use the Demographic and Health Survey (DHS) 2010-2011 data in this study 

was granted (Appendix B). Taking clustering into account, the weighting variable was used in 

the analysis. 

 

3.2 Ethical Considerations 

Ethical considerations were followed as per the primary data source (ZDHS, 2010). The blood 

specimen collection for HIV testing protocol was appraised and consented by the Centers for 

Disease Control and Prevention (CDC), the Institutional Review Board of Informed Consent 

Form Macro (now ICF International), and Medical Research Council of Zimbabwe (MRCZ).   
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3.3 Description of variables 

The HIV status forms the dependent variable with the codes 1 denoting positive and 0 denoting 

negative HIV status of participants in the productive age group 15-49 years. The analysis 

considers independent variables consisting of demographic, behavioural and biological 

components. An outline of these variables and the universal definition follows: 

 

(a) Behavioural factors 

Number of sexual partners: Either the number of sexual partners in a lifetime or the number of 

sexual partners in the last 12 months. 

Sexual debut: Age at first time sexual intercourse.  

Condom use: Used a condom the last time had sexual intercourse. The response being either 

yes or no. 

Frequency use of condom: Was a condom used every time one had sexual intercourse with the 

person in the last 12 months?  The response is either yes or no.  

Type of partners:  The type of relationship with the person with whom one had sexual 

intercourse. A categorical variable with possible responses: (wife, live in partner, girlfriend not 

living with respondent, casual acquaintance, prostitute, and any other relation not mentioned 

in the list).  

Concurrent partners:  Cumulative prevalence of concurrent partners defined as percentage of 

respondents who had two or more sexual partners concurrently at any time during the 12 

months preceding the survey. Having sexual intercourse with any other person in the last 12 

months, apart from the last person.  

Paid sex: For male participants-- if they ever paid anyone in exchange for having sexual 

intercourse.  
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(b) Biological factors 

Circumcision:  For male participants -  circumcised or not.  

Sexually Transmitted Infection (STI): Any type of disease associated with sexual organs in the 

last 12 months.   

Type of STI: Any genital discharge or genital ulcer/sore in the last 12 months.  

 

(c) Demographic variables 

The available data has demographic variables such as gender, age, marital status, educational 

attainment, occupation, religion, place of residence and wealth status. Table 2 presents a 

complete set of variables considered in this study.   

 

Table 2: The HIV status, demographic, behavioural and biological variables and the 

associated data codes 

Variable Category  & Codes  Codes used in 

the analysis 

Dependent variable 

HIV status 0 = HIV negative 

1 = HIV positive 

Y 

Independent variables   

Demographic   

Sex 0=Female 

1=Male 

X1 

Age (15–49 years) Number X2 

Marital status 0 = single X3 
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1 = married 

2 = living with partner 

3 = widowed 

4 = divorced 

5 =  separated 

Highest education attained 0 = no education 

1 = incomplete primary 

2 = complete primary 

3 = incomplete secondary 

4 = complete secondary 

5 = higher 

X4 

Religion 1 = Traditional 

2 = Roman Catholic 

3 = Protestant 

4 = Pentecostal 

5 = Apostolic Sect 

6 = Other Christian 

7 = Muslim 

8 = None 

96 = Other 

X5 

Place of residence  0 = rural 

1 = urban 

X6 

Socio-economic   

Wealth status 1 = poorest 

2 = poorer 

X7 
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3 = middle 

4 = richer 

5 = richest 

Occupation 0 = Not working 

1 = Professional/technical/managerial 

2 = Clerical 

3 = Sales 

4 = Agricultural – self employed 

5 = Agricultural – employee 

6 = Household and domestic 

7 = Services 

8 = Skilled manual 

9 = Unskilled manual 

98 = Don’t know 

X8 

Biological   

Had genital sore/ulcer in 

last 12 months 

0 = No 

1 = Yes 

X9 

Had genital discharge in 

last 12 months 

0 = No 

1 = Yes 

X10 

Circumcised 0 = No 

1 = Yes 

X11 

Had STI in last 12 months 0 = No 

1 = Yes 

X12 

Behavioural   
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Number of sex partners in 

the last 12 months 

Number X13 

Total lifetime number of 

sex partners 

Number X14 

Age at first sex Number X15 

Paid anyone in exchange 

for sex 

0 = No 

1 = Yes 

X16 

Used condom every time 

had sex with most recent 

partner  

0 = No 

1 = Yes 

X17 

Cumulative concurrent 

sexual partners 

0 = No 

1 = Yes 

X18 

Relationship with most 

recent sexual partner  

1= Spouse  

2 = Boyfriend/girlfriend not living with 

respondent 

3 = Other friend 

4 = Casual acquaintance 

5 = Relative 

6 = Commercial Sex Worker 

7 = Live-in partner 

96 = Other 

X19 

 

This study utilises the data for variables outlined in Table 2. Summary statistics and graphical 

presentation presented later consider the nature of the variables. Continuous variables are 

summarised in form of mean, standard deviations, confidence intervals and skewness values 
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where the categorical variables are summarised using percentages. Proportions for the 

behavioural variables that are categorical are presented.  

 

3.4 Descriptive statistics 

A summary of statistics on demographic, biological and behavioural variables are presented. 

For quantitative variables, the means, standard deviation, standard errors, confidence intervals 

are presented. For qualitative variables, the proportions or percentages of each level within a 

category and sample sizes are presented. The information allows us to assess the variability, 

skewness, presence of outliers and contribution of each of the level in relation to HIV status of 

participants aged 15-49 years. Table 3 presents the summary statistics of continuous 

behavioural factors for HIV positive participants. 

 

Table 3: Summary statistics of continuous behavioural factors for HIV positive participants 

Variable  Percent (%) 

Number of sex partners (n=2274) 0 22.9 

1 70.3 

2+ 6.8 

Total lifetime number of sex partners (n=2274) 1 23.3 

2+ 76.7 

 

Results from Table 3 show that 70.3% of the HIV positive participants had one sex partner at 

the time of study. A greater proportion of the HIV positive participants, 76.7%, had two or 

more total lifetime number of sex partners. Figure 1 shows the distribution of the participant’s 

age at sexual debut in a boxplot.  
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Figure 1: Histogram of participant’s age at sexual debut 

 

The histogram in Figure 1 shows the presence of outliers in the age sexual debut.  The data was 

slightly positively skewed. There was high variability in current age for both males and females 

as shown in Figures A1 and A2 (Appendix A). Some outliers were noted for total number of 

lifetime sex partners for both samples and number of sex partners in the previous 12 months 

for females. The variable age at first sex showed potentially left skewness. The outliers were 

removed for the analysis. Table 4 presents the summary statistics on demographic, behavioural 

and biological factors for HIV positive participants aged 15-49. 

 

Table 4: Summary statistics on demographic, behavioural and biological factors for HIV 

positive participants  

Variable  Category Sample 

size (n) 

%HIV+ 

Sex Male 

Female 

6045 

7852 

13.4 

18.6 
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Marital  Never in union 

Married 

Living with partner 

Widowed 

Divorced 

4641 

7574 

271 

583 

828 

6.1 

17.3 

29.2 

56.9 

32.1 

Wealth  Poorest 

Poorer 

Middle 

Richer 

Richest 

2681 

2556 

2648 

3013 

2999 

17.5 

15.9 

17.1 

17.4 

14.0 

Religion Traditional 

Christian 

Muslim 

308 

11560 

68 

18.2 

16.1 

27.9 

Place of residence Rural 

Urban 

9483 

4414 

15.6 

17.9 

Occupation Not employed 

Formal 

Manual 

6644 

4288 

2754 

14.4 

17.7 

18.5 

Education No education 

Incomplete Primary 

Complete Primary 

Incomplete Secondary 

Complete Secondary 

Higher 

258 

1580 

2349 

8758 

271 

681 

17.1 

18.4 

19.4 

15.7 

8.5 

11.9 
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STI in the last 12 

months 

No 

Yes 

13507 

375 

15.7 

38.9 

Genital sore/ulcer No 

Yes 

13399 

477 

15.5 

39.8 

Genital discharge No 

Yes 

13313 

542 

15.6 

33.2 

 

Results in Table 4 show that there were approximately same proportions of HIV positive 

participants for the different categories of wealth, place of residence and occupation. 

Participants who had completed secondary education had the least HIV prevalence when 

comparing the education categories. HIV prevalence was much higher, more than 30%, for 

participants that either had an STI or genital ulcer or genital discharge in the previous 12 

months. Table 5 presents the HIV prevalence and marital status of all participants for selected 

age groups and by sex. 

 

Table 5: HIV prevalence and marital status for selected age groups and by sex 

Age groups  

 

Male 

 

Female 

N HIV % N HIV % 

15-24 Never in union 2286 3.3 1701 5.5 

 Married 273 4.8 1286 9.1 

 Living with partner 9 11.1 75 16.0 

 Widowed 2 5.0 16 56.3 

 Divorced 35 22.9 171 15.2 



 

65 

 

15-49 Never in union 2678 4.4 1956 8.3 

 Married 2755 18.7 4546 16.6 

 Living with partner 37 29.7 230 29.1 

 Widowed 52 63.5 516 56.0 

 Divorced 209 33.0 604 31.8 

 

The results in Table 5 show a general increase in HIV prevalence for both gender when 

comparing the marital status groups in the two age ranges. Males who were widowed and were 

in the 15-24 age group had an HIV prevalence of 5% but shows a huge increase to 63.5% in 

the 15-49 age range. This means there were more HIV older widowers. There was not much 

increase for all except ‘living with partner’ and ‘divorced’ for the females. Table 6 presents the 

HIV prevalence and fewer total number of lifetime sexual partners of all participants for 

selected age groups and by sex. 

 

Table 6: HIV prevalence and number of sexual partners for selected age groups and by sex 

 

Age 

groups 

Male Female 

1-5 partners 6+ partners  

P-value 

1-5 partners 6+ partners  

P-value N HIV 

% 

N HIV 

% 

N HIV 

% 

N HIV 

% 

15-24 36 3.4 63 4.1 0.8617 204 10.7 53 3.9 0.1288 

25-49 340 16.8 308 28.1 0.0005 1131 25.7 75 35.7 0.0567 

15-49 376 12.2 371 14.0 0.4662 1335 21.2 128 8.2 0.0005 
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Results from Table 6 show that for male participants, there was a significant HIV prevalence 

difference between participants who had less than 6 total lifetime sexual partners and those that 

had more in the 25-49 years age range. For the female participants, no significant differences 

in HIV prevalence was seen for the two separate age ranges though the difference was 

significant for the whole study sample i.e. 15-49 years old.  

 

 

Figure 2a: Graph of HIV Prevalence by education level and sex for 15-24 years 

 

 

Figure 2b: Graph of HIV Prevalence by education level and sex for 25-49 years 
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The results in Figure 2 show an increase in HIV prevalence in the different education levels 

when comparing the 15-24 years age range to the 25-49 years old participants. Generally HIV 

prevalence is higher among the female participants. A huge difference in HIV prevalence is 

seen between males (5.6%) and females (25.0%) among the not educated participants. Table 

7 presents information on females in respect of quantitative variables.  

 

Table 7: Comparison of HIV positive and HIV negative quantitative variables for the females 

aged 15-49 years (n=7852) 

Variables HIV status Mean Standard 

error 

t-statistic p-value 

Age at sexual debut HIV negative 

HIV positive 

18.14 

17.82 

0.043 

0.081 

3.378 0.001 

Number of sex 

partners in last 12 

months 

HIV negative 

HIV positive 

0.69 

0.74 

0.008 

0.015 

-2.618 0.008 

Total lifetime number 

of sex partners 

HIV negative 

HIV positive 

1.45 

2.31 

0.015 

0.069 

-18.638 <0.001 

 

Results in Table 7 indicate that there were substantial larger mean values for the variables ‘total 

lifetime number of sex partners’ and ‘number of sex partners in last 12 months’ for the HIV 

positive females than the HIV negative. HIV positive participants started having sex at an 

earlier age of about 17 years compared to the negative participants. Table 8 presents the 
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distribution of participants in the category levels of the various variables for the sample used 

in the analysis after removing the outliers. 

Table 8: Demographic, socio-economic and behavioural factors characteristics  

Variable (Sample size(n)) Category level Percentage 

(%) 

HIV status (n=13 897) HIV negative 84.6 

HIV positive 15.4 

Demographic   

Gender (n=13 897) Male 43.9 

Female 56.1 

Place of residence (n=13 897) Rural 66.2 

Urban 33.8 

Religion (n=13 897) Traditional 2.4 

Christian 84.1 

Muslim 0.5 

None 12.9 

Other 0.1 

Marital status (n=13 897) Never in union 32.1 

 Married 56.0 

 Living with partner 1.9 

 Widowed 4.0 

 No longer living together / separated 6.0 

Educational attainment (n=13 897) No education 1.7 

Incomplete primary 11.0 
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Complete primary 15.6 

Incomplete secondary 64.2 

Complete secondary 2.1 

Higher 5.4 

Socio-economic   

Wealth Index (n=13 897 Poorest 17.1 

Poorer 18.2 

Middle 19.6 

Richer 22.2 

Richest 22.9 

Occupation (n=13 897) Not employed 45.9 

Formal employment 32.6 

Manual labour 20.4 

Don’t know 1.1 

Biological    

Had STI in the last 12 months  

(n=13 897) 

No 97.1 

Yes 2.8 

Don’t know 0.1 

Had genital sore/ulcer in the last 

12 months (n=13 897) 

No 96.4 

Yes 3.5 

Don’t know 0.1 

Had genital discharge in the last 

12 months (n=13 897) 

No 95.8 

Yes 3.9 

Don’t know 0.3 
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Male Circumcision (for males 

only) (n=6 045) 

No 90.3 

Yes 9.0 

Don’t know 0.7 

Behavioural   

Relationship with most recent sex 

partner (n=13 897) 

Spouse or live in partner 57.1 

Live in partner 1.1 

Boyfriend not living with respondent 11.1 

Casual partner 0.6 

CSW 0.2 

NA 29.9 

Paid anyone in exchange for sex 

(for males only) (n=6045) 

No 76.2 

Yes 23.8 

Used condom every time had sex 

with most recent partner 

(n=13 897) 

No 55.4 

Yes 13.4 

NA 31.2 

Cumulative concurrent sexual 

partners (n=13 897) 

No 1.1 

Yes 4.1 

NA 94.8 

 

 

Results in Table 8 indicate that there were approximately 15.4% positive participants. There 

were more females (56.1%) in the sample and about 66% lived in the rural areas. Most 

participants (64%) had incomplete secondary education and (84%) were of Christian faith 

background. Very few of the male participants were circumcised, only nine percent. A very 

small proportion, less than four percent, of the participants either had an STI or genital ulcer 
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or discharge before time of survey. Most recent sex partners were either spouses or live in 

partners and a few participants used condoms every time they had sex with their recent partners. 
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CHAPTER FOUR 

 METHODOLOGY 

 

4.0 Introduction 

The chapter describes model estimation and validation procedures that were used in the 

analysis. It outlines how the techniques were applied in addressing the study objectives. The 

data was analysed using International Business Machines, IBM, Statistical Product and 

Services Solutions, SPSS, version 26 software. The data comprised of both categorical and 

continuous variables, logistic regression modelling was used for analysis. The study involved 

complete case analysis method of the logistic regression and assessment of the variables 

interrelationships. Separate models were fitted for the gender groups (male and female) because 

of the differences in variable information available for the two. Logistic regression involves 

complex statistical modelling that estimates the probability of an outcome given a particular 

exposure while simultaneously controlling for confounding variables and thus the approach 

controlled for confounding effect. 

 

4.1 The Logistic Regression model  

The nature of the available data made it possible to use logistic regression modelling technique. 

The logistic regression modelling technique fits models for categorical data with binary 

outcome. Unlike ordinary linear regression which uses a continuous response variable, the 

logistic regression considers a binary response variable. The latter can directly predict 

probabilities (values that are restricted to the (0, 1) interval). The dependent variable, HIV 

status with binary response, 0 being negative and 1 positive qualify for logistic regression.  



 

73 

 

 

The predictor variables were either continuous or categorical. Data was collected on males and 

females aged between 15 and 49 years of age in identified households. There were no repeated 

measurements nor matched data.  

 

The logistic regression model assumes that the log-odds of an observation y can be expressed 

as a linear function of the K input variables x. Consider a random variable Y, the HIV status 

of a participant associated with x covariates. Let 𝑃(𝑌 = 𝑦) be the probability density function. 

For a Bernoulli distribution, p=P(Y=1) denotes the probability of HIV positive and   

P(Y=0)=(1- 𝑝) denotes the probability of HIV negative. Thus, a log odds follows,  

𝐿𝑜𝑔𝑖𝑡 (
𝑝

1 − 𝑝
) =  ∑ 𝛽𝑗𝑥𝑗 . 

Adding the constant term 𝛽0 by setting xo=1, the number of parameters in relation to 

independent variables becomes (k+1). 

 

For optimal results from using Logistic Regression, any adjustment on a continuous 

independent variable should affect the log-odds of a positive outcome that is of the same size 

irrespective of the value of the independent variable (Concato, 1993). It is important to check 

continuous variables for compliance with linear gradient. In most studies in which continuous 

or ranked variables were used none tested for conformity with linear gradients.  

 

The modelling technique requires that the predictor variables should not be highly correlated. 

Some analysis of cross tables of the independent variables was done and there was no evidence 

of correlations (Tabachnick & Fidell, 2013). Interrelationships between predictors were 

checked using generalised variance inflation factor (GVIF) values, Table 8.  
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The data set considered had 13897 cases, which meet the condition that the sample be large, at 

least 400, in order to do a logistic regression analysis (Hair, 2010). The following section 

presents the estimation process of the parameters of the logistic regression model.   

 

4.2 Estimation 

By using Maximum Likelihood Estimation to solve for parameters for a given statistic, the 

known likelihood distribution was made a maximum. The likelihood function is given by: 

                            𝐿 (𝛽) =  ∏ 𝑃 (𝑌 = 𝑦𝑖
𝑛
𝑖=1 )).                                                 

This is described as the likelihood function of values of y, random variable with probable 

values of 0 and 1, when observations are independent. Each probability can be written as a 

Bernoulli distribution 

𝑃(𝑌 = 𝑦𝑖) =  𝑝𝑖
𝑦𝑖(1 − 𝑝𝑖)

1−y𝑖. 

Since P(Y = 1) = p  and P( Y  =  0) = 1 – p, substituting the binomial distribution into (4.1) 

will produce the binary logistic distribution likelihood function,  

𝐿(𝑦; 𝑝) =  ∏ 𝑝𝑖
𝑦𝑖(1 − 𝑝𝑖)

1−𝑦𝑖

𝑛

𝑖=1

  

= 𝑝𝑖
∑ 𝑦𝑖(1 − 𝑝𝑖)

𝑛−∑ 𝑦𝑖 

𝑙𝑜𝑔𝐿(𝑦; 𝑝) = ((∑ 𝑦𝑖)(𝑙𝑜𝑔𝑝𝑖)) + (𝑛 − ∑ 𝑦𝑖)log (1 − 𝑝𝑖). 

 

With the 𝑝𝑖 = 𝑒∑ 𝑥𝑖𝑘𝛽𝑘 , (2.14) in terms of 𝛽 becomes,  

log 𝐿 (𝛽|𝑦) =   ∑ 𝑦𝑖 (∑ 𝑥𝑖𝑘𝛽𝑘) + (𝑛 − ∑ 𝑦𝑖)log (1 − 𝑒∑ 𝑥𝑖𝑘𝛽𝑘)𝐾
𝑘=0

𝑁
𝑖=1   and applying 

the logarithm function, the log likelihood is obtained,  

log 𝐿  (𝜷) =   ∑ {𝑦𝑖[ (∑ 𝑥𝑖𝑘𝛽𝑘) − 𝑛𝑖. log ( 1 + exp ∑ 𝑥𝑖𝑘𝛽𝑘)]𝐾
𝑘=0

𝐾
𝑘=0

𝑁
𝑖=1 }.           (4.1) 
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The logarithm is an increasing function such that the maximum from the original equation 

will also be the maximum for the logarithm (Mendes & Fard, 2014). 

 

4.2.1 Odds Ratio 

Odds ratio is the probability of an event occurring compared to the event not occurring. In 

this case, it is the likelihood that an individual will test HIV positive divided by the likelihood 

that an individual will test HIV negative. 

Formula for the odds is given by  

     𝑂𝑑𝑑𝑠 =  
𝑃(𝑐𝑎𝑠𝑒)

𝑃 (𝑛𝑜𝑛 𝑐𝑎𝑠𝑒)
.   

Thus the odds ratio is given by  

𝑂𝑑𝑑𝑠 𝑟𝑎𝑡𝑖𝑜 =   
𝑂𝑑𝑑𝑠 𝑜𝑓 𝑐𝑎𝑠𝑒

𝑂𝑑𝑑𝑠 𝑜𝑓 𝑛𝑜𝑛 𝑐𝑎𝑠𝑒
. 

An odds ratio value of one means that the likelihoods of a case and non-case are equal. A value 

smaller than one indicates that the case was not likely to exist and a value greater than one 

signified a high likelihood for belonging to the group. The odds ratio will be used to measure 

the association of HIV and the risk factors i.e. examine the risk factor with the least odds of a 

participant sero-converting to HIV positive. 

 

The presence of correlated factors suggested the use of stepwise directed search for variable 

selection. This method enabled all risk factors to be considered in the modeling process and 

finally remain with the significant factors only. The level of significance assumed for inclusion 

and exclusion of predictors in the model determined the amount of predictors to retain in the 

final model. A significance level of 0.05 in α was used. 
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Predictor variables that are highly correlated create multicollinearity problem which has a 

direct effect on the estimation of the parameters and test of hypotheses on them. Detection of 

the presence of multicollinearity which involved reviewing correlation matrices and GVIF, was 

followed with application of elimination procedures which included removal of the highly 

correlated predictors from the model and carrying out a principal component analysis 

(Farcomeni & Greco, 2015; Fox & Monette, 1992). Other procedures applicable are partial 

least square regression and principal component analysis. Multicollinearity can result in large 

and opposite signed estimator values for correlated predictors, thus unstable estimates leading 

to large confidence intervals. To avoid type I and II errors, and distortion of the interpretation 

of the regression model, multicollinearity was assessed using generalised variance inflation 

factors. A GVIF value of above 4, indicated a severe collinearity problem (‘Collinearity and 

Multicollinearity’, 2011). Another detection method is the condition number (CN) of the 

predictor matrix. It is defined as 

𝐶𝑁 = √
𝜆𝑚𝑎𝑥

𝜆𝑚𝑖𝑛
 , 

where 𝜆𝑚𝑎𝑥   and 𝜆𝑚𝑖𝑛 are the largest and smallest eigenvalues in the predictor matrix, 

respectively. A value of CN> 15 indicates the possible presence of multicollinearity, while a 

CN > 30 indicates serious multicollinearity problems (Dormann et al. 2013). 

 

4.3 Interaction 

Interaction occurs when the effect of levels of one factor on response variable changes with the 

change of levels of another factor.  Interaction is when the degree of association between a 

disease and an exposure factor is different for each level of a confounding variable (Vetter & 

Mascha, 2017). Interaction in logistic regression model was assessed by testing the significance 

of product terms that reflect interaction. Interaction terms including higher order terms were 
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included in the model and an evaluation of their impact on the model fit evaluated. If the 

interaction term was found to be significantly different from zero, then there was evidence of 

an interaction effect between the factors in the term. It implies that, interpretation of the effect 

of one factor depends on the effect of another factor.  

 

4.4 Confounding 

A confounder is defined as a variable that is influential to both the dependent and independent 

variables which causes a false association. This means the presence of a confounder affects the 

variables under study such that the results do not reflect the actual relationship. Some factors 

that are connected with the exposure and affect risk of developing the disease result in 

distortion of the observed association between exposure and disease and thus present a type 1 

error. This causes a threat to the validity of the inferences. To avoid false associations between 

HIV status and the risk factors, it was important and necessary to assess confounding. The 

degree of confounding for all identified risk factors was assessed by comparing the crude and 

adjusted estimates of odds ratios. Variables were each dropped from the model and the impact 

of dropping was checked. A huge change in the statistics suggested the presence of a 

confounding effect meaning the confounder was associated with the exposure of interest and 

with HIV status, the outcome variable. 

 

The confounder was not supposed to be a result of the exposure or of an intermediate step in 

the causal pathway of interest. Confounding was controlled for by fitting linear logistic models 

with terms for such factors and stratification factors used in the design of the study. This was 

to improve the estimate of the underlying association (Stack, 2012). 
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4.5 Model Validity 

Validation of the logistic regression models were done to see if the models had captured 

essential relationships and were not distinctive. The sample size was not big enough, n < 15000, 

to employ the splitting method. Alternatively, the cross validation method, where a set of 

observations is withdrawn to operate as test cases was done. The procedure was repeated for 

each of the observation subsets and the mean of the withheld subsets was taken to assess the 

model’s goodness of fit (Vittinghoff, 2012). 

 

Statistics were computed using SPSS package. Odds ratios, AIC were calculated using given 

formulae to determine the values. In the next chapter, the findings of the analysis are presented. 
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CHAPTER FIVE 

 RESULTS 

 

5.0 Introduction 

This section outlines the results on each of the study objectives. Two demographic variables 

for males and four for females were identified as variables that drive the HIV pandemic in 15-

49 years old in Zimbabwe. Logistic regression, successfully modelled HIV status data with 

biological and behavioural factors and Principal Component Analysis addressed the problem 

of multicollinearity. We illustrate statistical techniques applied to the health studies and the 

findings and finally discuss these findings in relation to the existing information on HIV in 

Zimbabwe.   

 

5.1 Checking for Multicollinearity 

The presence of multicollinearity inflate the variance leading to unstable standard errors. It 

becomes a requirement to check for its presence prior to model fitting. Several procedures exist 

for checking the presence of multicollinearity. The immediate procedure is the correlation 

matrix among the independent variables. Variables that are highly correlated are the main 

causes of multicollinearity. A correlation matrix is produced and an assessment done to 

determine the highly correlated variables. One of the highly correlated variable is omitted from 

the model as a way of dealing with multicollinearity. The variance inflation factor (VIF) is 

another procedure for detecting the presence of multicollinearity. The VIF is computed as  

𝑉𝐼𝐹 =  
1

1−𝑅𝑖
2. The generalised inflation factor is a method for set of predictor values and is 

calculated as 𝐺𝑉𝐼𝐹 = 𝑉𝐼𝐹[
1

2
𝑑𝑓]

. 
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Tables A1 and A2 in the Appendix presents the correlation matrix for the female and male 

independent variables respectively. The highest female pair-wise correlation was 0.895 which 

was between condom use and relationship with recent sex partner. There were strong 

correlations between wealth index and place of residence (r=0.667), number of sex partners 

and relationship with recent partner (r=0.673) and condom use and number of sex partners 

(r=0.762). Most of the pair-wise correlations among the other independent variables were weak 

(all were less than 0.6 in each case) Table A1 (Appendix A). From Table A2, condom use and 

relationship with recent partner showed a high correlation (r=0.993). All absolute values of the 

correlations were generally small in the male matrix as shown in Table A2 (Appendix A). Since 

pair-wise correlations can be limiting, generalised variation inflation factors were employed. 

Table 9 presents the GVIF values obtained after regressing the predictor variables. 

 

Table 9: GVIF results for multicollinearity detection 

Variable Females  

(GVIF value) 

Males  

(GVIF value) 

Marital status 1.167 1.040 

Occupation 1.012 1.038 

Religion 1.002 1.031 

Type of place of residence 1.330 1.280 

Educational attainment 1.164 1.135 

Wealth index 1.392 1.360 

Circumcision  1.002 

Age at sexual debut 1.100 1.060 
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Condom use with recent partner 3.868 4.750 

Had any STI in last 12 months 1.016 1.029 

Had genital sore/ulcer in last 12 months 1.177 1.046 

Had genital discharge in last 12 months 1.173 1.027 

Number of sexual partners in last 12 months 3.868 1.079 

Relationship with most recent sex partner 2.220 4.728 

Paid for sex  1.048 

Total lifetime number of sex partners 1.178 1.064 

Cumulative concurrent partners 1.582 1.110 

 

 

Results in Table 9 indicates that there was multicollinearity present for both samples. The risk 

factors condom use with recent partner, number of sex partners in the last 12 months and 

relationship with most recent sex partner were multicollinear with other factors. The results for 

male sample showed evidence of multicollinearity between condom use with recent partner 

and relationship with most recent sex partner with other risk factors. The predictors could not 

be retained in the model. 

 

5.2 Principal Component Analysis 

Presence of any interrelationships among the predictor variables which could potentially lead 

to wrong interpretation was assessed using Principal components analysis. It was operated on 

the correlation matrix to reduce dimensionality among the variables. The assumptions were 

checked and these included normality, independence, correlation between variables and linear 

relationships between variables. For the females, six variables namely ‘had genital sore/ulcer’, 

‘had genital discharge’, ‘wealth index’, ‘age at sexual debut’, ‘condom use’ and ‘relationship 
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with most recent partner’ were correlated at low levels with other variables so did not meet all 

the assumptions as shown in Table A1 (Appendix A).  Based on greater than unit and total 

accounted for selection criteria, four components were retained and subsequently rotated to 

attain orthogonality. All four components accounted for 72% of the total variance with the first 

component accounting for approximately 26%. Table 10 presents the variables and component 

loadings for the rotated components, with loadings greater than 0.40 in boldface.  

 

 

Table 10a: Females component Loadings for the Rotated Components (N =7725) 

Variable Component Loading Communality 

 1 2 3 4  

Wealth index 0.015 -0.909 -0.039 0.009 0.829 

Had an STI in last 12 months 0.010 -0.004 0.749 -0.019 0.561 

Had genital sore/ulcer in last 

12 months 

-0.001 0.027 0.727 -0.078 0.535 

Had genital discharge in last 12 

months 

-0.031 0.047 0.741 -0.018 0.553 

Number of sex partners 0.926 -0.008 -0.029 0.265 0.930 

Condom use 0.967 -0.033 -0.002 -0.027 0.937 

Relationship with most recent 

sex partner 

0.901 -0.007 -0.001 -0.125 0.827 

Total lifetime number of sex 

partners 

-0.048 0.002 -0.081 0.782 0.621 

Cumulative concurrent sexual 

partners 

0.091 0.034 -0.021 0.772 0.606 
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Type of place of residence -0.021 0.907 0.031 0.050 0.827 

      

Eigen value 2.642 1.767 1.616 1.200  

Percentage of variance 26.42 17.67 16.16 11.99  

 

Results in Table 10a indicate that the new variable, FA1 measures the mean value for the 

number of sex partners, condom use and relationship with most recent sex partner (sexual 

relation variable).  FA2 measures contrast between wealth index and type of place of residence 

(residential status variable). FA3 measures mean value for Had an STI in last 12 months, Had 

genital sore/ulcer in the last 12 months and had genital discharge in the last 12 months (STI 

status variable). FA4 measures mean value for Total lifetime number of sex partners and 

cumulative concurrent sexual partners (Sexual partnership variable). It was observed that each 

of the four new factors were constructed from variables of the same type i.e. different 

behavioural factors were transformed to a factor. The same was for biological and demographic 

factors. For FA1, all three variables were behavioural, FA2 was made up of demographic 

variables, FA3 had biological variables and FA4 was behavioural.  

 

Table 10b: Males component Loadings for the Rotated Components  

Variable Component Loading Communality 

     

Wealth index 0.077 -0.898 0.005 0.813 

Had an STI in last 12 months -0.088 0.026 0.744 0.562 

Had genital discharge in last 12 

months 

-0.076 0.033 0.749 0.568 

Condom use 0.948 0.027 0.045 0.901 
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Relationship with most recent 

sex partner 

0.949 0.034 0.043 0.904 

Total lifetime number of sex 

partners 

0.888 0.010 0.021 0.790 

Paid for sex 0.942 0.049 0.019 0.891 

Type of place of residence -0.043 0.900 -0.048 0.814 

     

Eigen value 3.498 1.623 1.122  

Percentage of variance 43.727 20.292 14.022  

 

 

Table 10b shows the male sample’s three factors constructed when using principal 

component analysis. All three accounted for about 78% of the total variation. Similar to the 

females’ model all factors were constructed from the same type of variables. The first factor 

for the males’ sample measures behavioural factors, condom use, relationship to most recent 

partner, total number of lifetime sex partners and paid for sex (sexual relation variable). The 

second factor measures wealth index and type of place of residence (residential status 

variable). The third variable STI episode variable measures STI occurrence and genital 

sore/ulcer. Table 11 presents the results of regressing all four female factors on HIV. 

Included in the table are the estimates, standard error (SE), p-value, odd ratio and the 

associated 95 % confidence interval (CI). 
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Table 11: Females component score regression 

 Estimate SE P-value  OR[95%CI] 

Factor 1 0.379 0.030 0.000 1.460[1.378,1.547] 

Factor 2 -0.097 0.037 0.010 0.908[0.843,0.977] 

Factor 3 0.273 0.030 0.000 1.314[1.240,1.393] 

Factor 4 -0.360 0.072 0.000 0.697[0.606,0.803] 

Constant 1.424 0.042 0.000 4.154 

 

Results in Table 11 show that all factors were significant and had a positive impact. Table A3 

in Appendix A shows two factors of the three from the male sample are significant when 

regressed on HIV.  

 

5.3 Univariate Analysis 

To determine the effects of demographic, socio-economic, behavioural and biological factors 

on HIV status of female participants aged 15-49 years, logistic regression analysis was applied. 

A univariate logistic regression model was fitted for each risk factor to investigate its 

relationship with HIV status. Table 12 presents the results for fitting a univariate logistic model 

for females’ sample.  

   

Table 12: Logistic regression analysis of the demographic, socio-economic, behavioural and 

biological factors on HIV status for females aged 15-49 years 

  Female (n=7725) 

Variable Variable 

categories 

Estimate  SE P-

value 

OR 
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 Rural (Ref.) 1.000   1.000 

Place of residence Urban -0.181 0.08 0.003 0.834 

Constant -1.419 0.048 0.001 0.242 

Religion Traditional (Ref.) 1.000   1.000 

Christian 0.015 0.367 0.950 1.024 

Muslim 0.507 0.503 0.299 1.660 

 Constant -1.537 0.363 0.001 0.215 

Education No education 

(Ref.) 

1.000   1.000 

Incomplete 

primary 

0.187 0.260 0.47 1.206 

Complete primary 0.454 0.177 0.010 1.575 

Incomplete 

secondary 

0.537 0.170 0.002 1.710 

Complete 

secondary 

0.287 0.161 0.074 1.333 

Higher -0.473 0.370 0.201 0.623 

 Constant -1.627 0.227 0.001 0.197 

Wealth Index Poorest (Ref.) 1.000   1.000 

Poorer -0.057 0.110 0.664 0.945 

Middle 0.186 0.120 0.042 1.205 

Richer 0.165 0.108 0.047 1.179 

Richest -0.125 0.109 0.198 0.883 

 Constant -1.575 0.083 0.001 0.207 
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Marital status Never in union 

(Ref.) 

1.000   1.000 

Married 0.838 0.113 0.000 2.311 

Living with 

partner 

1.566 0.172 0.000 4.786 

Widowed 2.764 0.149 0.000 15.859 

No longer living 

together/divorced 

1.625 0.137 0.000 5.079 

 Constant -2.520 0.103 0.000 0.080 

Occupation Not employed 

(Ref.) 

1.000   1.000 

Formal 0.389 0.077 0.001 1.476 

Manual labour 0.519 0.096 0.001 1.680 

 Constant -1.734 0.050 0.001 0.177 

Had STI in the last 

12 months 

No (Ref.) 1.000   1.000 

Yes 1.234 0.148 <0.001 3.436 

Constant -1.587 0.039 <0.001 0.205 

Had genital 

sore/ulcer in the last 

12 months 

No (Ref.) 1.000   1.000 

Yes 1.184 0.143 <0.001 3.267 

Constant -1.602 0.04 <0.001 0.201 

Had genital 

discharge in the last 

12 months 

No (Ref.) 1.000   1.000 

Yes 0.900 0.110 <0.001 2.460 

Constant -1.6 0.04 <0.001 0.202 
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Relationship with 

most recent sex 

partner 

Spouse or live in 

partner (Ref.) 

1.000   1.000 

Boyfriend not 

living with 

respondent 

0.957 0.108 <0.001 2.605 

Casual 

acquaintance 

1.488 0.458 0.003 4.428 

Live-in partner 0.869 0.198 0.001 2.386 

Constant -1.676 0.05 <0.001 0.187 

Cumulative 

concurrent sexual 

partners 

No (Ref.) 1.000   1.000 

Yes 0.102 0.539 0.002 1.107 

Constant -0.697 0.434 <0.001 0.498 

Age Age -0.057 0.003 <0.001 0.944 

Constant 3.239 0.1 <0.001 25.513 

Total lifetime 

number of sex 

partners 

Total number of 

lifetime sex 

partners 

0.465 0.047 <0.001 1.592 

Constant -2.143 0.087 <0.001 0.117 

Number of sex 

partners in last 12 

months 

Number of sex 

partners 

-0.127 0.104 0.224 0.880 

Constant 1.627 0.079 <0.001 5.09 

Age at first sex Age at first sex 0.038 0.011 0.001 1.039 

Constant 0.675 0.209 0.001 1.963 
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The results in Table 12 show evidence of the determinants having an effect on HIV status. The 

three biological risk factors were significantly related to acquiring HIV.  The odds of having 

HIV after having had an STI or a genital sore/ulcer were both approximately 3 times more than 

that of not having had an STI. Four of the behavioural risk factors were univariately related to 

HIV status. Besides the variable ‘the number of sexual partners’ the other behavioural risk were 

related to getting HIV infection.  There were significantly higher chances of testing HIV 

positive for those who had a partner than those who had never been in union (P-value<0.05) 

e.g. widows’ odds were 15.9 times that of never been in union. The married women had the 

lowest likelihood of 2.3 times to test HIV positive. Having a casual acquaintance as the last 

sexual partner compared to spouse increased the likelihood of testing HIV positive by about 4 

times. The likelihood for testing HIV positive doubled for boyfriend and live-in partners. 

Variables were then selected for the multivariate analysis. For the demographic variables, two 

risk factors, religion and educational attainment had some categories that showed no 

relationship with HIV status.  

 

The results from Table A4 (Appendix A) show a difference in the relationship of the 

determinants with HIV status for the males. There was not enough evidence to show a 

relationship of getting HIV infection for four behavioural risk factors. Two categories (casual 

partner and commercial sex worker) for relationship with most recent partner, cumulative 

concurrent sexual partners, number of sex partners and age at first sexual debut were not 

significant. Similar to the females’ sample, there were some categories for some demographic 

risk factors that were not related to testing HIV positive. The Muslims, the widowed and all 

categories for education failed to show some significance. Three biological risk factors, had 

STI, had genital sore/ulcer, had genital discharge, all showed some significant relationship with 
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HIV status but circumcision was not significant. For a variable whose univariate test had a p-

value less than 0.05, it was considered for the multivariate analysis.  

 

5.4 Multivariate logistic regression analysis 

Variables that were significant in Table 6 were fitted jointly in one model to determine their 

combined effect on HIV status. The variables that were classified as important in the univariate 

analysis were put into fixed effects logistic regression models. The stepwise method was 

employed to determine the best model for each of the two groups, males and females. An 

assessment was made and insignificant variables were excluded from the model one at a time 

until a best model was obtained. Variables with a p-value < 0.05 on the Wald test, for at least 

one category, were retained and those with large p-values were discarded. Table 13a and Table 

13b present the results of the best multivariate logistic regression models obtained for females 

and males respectively.   

 

Table 13a: Joint effect of the determinants of HIV status among the females aged 15-49 years  

Variable Variable Categories Estimate SE P-value  OR[95%CI] 

Age Age 0.027 0.005 <0.001 1.027[1.018,1.037] 

Marital 

status 

Never in union (Ref.) 1.000   1.000 

Married 0.043 0.219 0.846 1.043[0.679,1.604] 

Living with partner 0.543 0.269 0.0043 1.721[1.016,2.917] 

Widowed 1.430 0.191 <0.001 4.180[2.874,6.080] 

No longer living 

together/separated 

0.290 0.175 0.098 1.336[0.948,1.802] 
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Place of 

residence 

Rural (ref) 1.000   1.000 

 Urban -0.180 0.077 0.020 0.835[0.717,0.992] 

Educational 

attainment 

No education (ref) 1.000   1.000 

Incomplete primary 0.639 0.260 0.014 1.894[1.138,3.153] 

Complete primary 0.941 0.253 <0.001 2.564[1.554,4.228] 

Incomplete secondary 0.956 0.252 <0.001 2.601[1.587,4.264] 

Complete secondary 0.588 0.461 0.203 1.800[0.729,4.446] 

Higher 0.427 0.309 0.167 1.532[0.837,2.805] 

Had genital 

sore/ulcer 

No (ref) 1.000   1.000 

Yes 0.519 0.154 0.001 1.680[1.242,2.272] 

Don’t know 1.450 0.536 0.007 4.263[1.490,12.200] 

Had STI No (ref) 1.000   1.000 

Yes 0.707 0.170 <0.001 2.028[1.453,2.882] 

Don’t know -1.033 1.476 0.484 0.356[0.020,6.424] 

Age at first 

sex 

Age at first sex -0.034 0.013 0.011 0.967[0.941,0.992] 

Total 

lifetime 

number of 

sex partners 

Total lifetime number of 

sex partners 

0.332 0.033 0.011 0.967[0.941,0.992] 

Condom use No (ref) 1.000   1.000 

Yes 1.181 0.107 <0.001 3.259[2.643,4.018] 

Don’t know -0.646 0.314 0.040 0.524[0.283,0.970] 
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Relationship 

with recent 

partner 

Spouse or live in partner 

(ref) 

1.000   1.000 

Live in partner -0.505 0.205 0.014 0.603[0.404,0.902] 

Boyfriend not living 

with respondent 

-0.361 0.638 0.571 0.697[0.199,2.435] 

 Casual partner -0.170 0.281 0.544 0.843[0.487,1.462] 

CSW -3.018 1.532 0.049 0.049[0.002,0.984] 

NA 1.091 0.352 0.002 2.977[1.493,5.937] 

Constant -3.380 0.419 <0.001  

 

 

In the female model, four demographic variables (age, marital status, education level, place of 

residence), two biological factor (had an STI and had genital sore), and four behavioural factors 

(total lifetime number of sex partners, condom use, relationship with most recent partner and 

age at first sexual encounter) were significantly associated with the HIV status.  

 

The female model showed 79.6% chance of being accurate from the classification table. 

Married and no longer living together/separated were two categories for marital status that had 

p>0.05 which indicated non-significance. Two categories for educational attainment, complete 

secondary and higher education did not show significant relationship with HIV status when 

compared to no education. There was a highly significant overall effect of marital status on 

testing HIV positive, ‘widowed’ category and the confidence interval did not contain 1.  The 

odds for widows were about 4 times that of individuals who were never in union. The B 

coefficient was negative, -0.034 (p-value=0.011), for age at first sex indicating that a unit 

change in age was associated with a decreased odds of testing HIV positive while controlling 
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for other variables. A participant who had an STI in the previous 12 months was 2.028 times 

more likely to acquire HIV virus compared to a participant who had no STI. The confidence 

interval did not contain the value 1 which translated to sufficient evidence to reject the hull 

hypothesis, odds ratio is one. The behavioural factor, total lifetime number of sex partners, 

showed that an increase in number of partners by 1 increased the likelihood of the participant’s 

HIV status converting to positive by 1.394 times. There was sufficient evidence to accept the 

alternative hypothesis. 

 

Table 13b: Joint effect of the determinants of HIV status among the males aged 15-49 years 

Variable Variable 

Categories 

Estimate SE P-value  OR[95%CI] 

Age Age 0.036 0.005 <0.001 1.037[1.027,1.048] 

Marital status Never in union (ref) 1.000   1.000 

Married 1.587 0.184 <0.001 4.889[3.407,7.014] 

Living with partner 1.920 0.462 <0.001 6.819[2.757,16.864] 

Widowed 2.887 0.313 <0.001 17.932[9.703,33.143] 

No longer living 

together/separated 

1.811 0.215 <0.001 6.115[4.010,9.324] 

Had Genital 

discharge 

No (ref) 1.000   1.000 

 Yes 0.579 0.219 0.008 1.784[1.161,2.743] 

Don’t know 2.149 0.961 0.025 8.577[1.304,56.404] 

Total lifetime 

number of sex 

partners 

 0.005 0.002 0.001 1.005[1.002,1.009] 
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Condom use No (ref) 1.000   1.000 

Yes 1.089 1.115 <0.001 2.971[2.369,3.725] 

Don’t know  0.673 0.194 0.001 1.960[1.340,2.868] 

Ever paid for 

sex 

No (ref) 1.000   1.000 

Yes 0.459 0.095 <0.001 1.582[1.314,1.905] 

Don’t know  -0.317 0.286 0.269 0.729[0.416,1.277] 

 Constant -4.870 0.207 <0.001 0.008 

 

 

The male model Table 13b showed a significant relationship with HIV status for three 

behavioural risk factors, one biological risk factor and two demographic factors. The model 

correctly classified the outcome for 7.4% of the cases and Nagelkerke R2 was 0.193 which 

suggested that the model explained roughly 19.3% of the variation in the outcome which was 

a good percentage level. For a male participant that had a genital discharge in the previous 12 

months, it was 1.78 more times likely to seroconverge to HIV positive than a participant who 

did not. It was 1.58 times more likely for a person had paid for sex to get HIV infection than a 

person who had not. For all risk factors, the confidence intervals did not contain the value 1 

giving sufficient evidence to say the odds is not equal to 1. Paying for sex introducing the risk 

of not using any protection and therefore increasing the chances of acquiring HIV.  

 

Results in Table 13a for females and Table 13b for males show the different multivariate 

models obtained. Both models contained behavioural, biological and demographic variables. 

In the male model, age, marital status, genital discharge, condom use, ever paid for sex and 

total lifetime number of sex partners were significantly associated with HIV status. 
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5.5 Multivariate logistic regression analysis including the interaction components  

To investigate the joint effect of demographic, socio-economic, behavioural and biological 

factors on the HIV status for participants aged 15-49, interaction components were included in 

the multivariate logistic regression analysis. The anticipated problem of model over fitting does 

not occur because the data used is large. The model fitting omitted variables that were assessed 

to cause multicollinearity.  The variables that were found to be significant in Table 12 were 

investigated further in relation to presence of interaction effect. Table 14 present results upon 

fitting a multivariate logistic regression model that included the interaction terms for the female 

data.  Main effects for significant interaction are included in the model even when they are 

insignificant. 

 

Table 14: Multivariate logistic regression analysis including interaction components for 

female data  

Determinant variables Estimate

s 

S.E. Sig.  OR[95%CI] 

Main effects Variable categories     

Constant -3.479 0.423 <0.001   

Age  0.027 0.005 0.000 1.027[1.018,1.037] 

Place of 

residence 

Rural (ref) 1.000   1.000 

Urban -0.182 0.078 0.019 0.834[0.716,0.971] 

      

Educational 

attainment 

No education (ref) 1.000   1.000 

Incomplete Primary 0.648 0.263 0.014 1.912[1.142,3.201] 

Complete Primary 0.943 0.258 <0.001 2.568[1.548,4.259] 
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Incomplete 

Secondary 

0.958 0.255 <0.001 2.606[1.580,4.299] 

Complete 

Secondary 

0.571 0.464 0.219 1.769[0.712,4.397] 

Higher 0.417 0.311 0.180 1.518[0.814,2.795] 

Marital status Never in union (ref) 1.000   1.000 

Married 0.077 0.222 0.729 1.080[0.699,1.667] 

Living with partner 0.593 0.272 0.029 1.809[1.062,3.082] 

Widowed 1.454 0.193 <0.001 4.278[2.928,6.251] 

No longer living 

together /separated 

0.325 0.177 0.065 1.384[0.979,1.957] 

Had STI in the 

last 12 months 

No (ref) 1.000   1.000 

Yes 1.079 0.253 <0.001 2.941[1.792,4.826] 

Had genital 

ulcer/sore in 

the last 12 

months 

No     

Yes 0.600 0.183 0.001 1.823[1.274,2.608] 

Don’t know 1.888 0.578 0.001 6.609[2.127,20.534] 

Total lifetime 

number of sex 

partners 

 0.357 0.035 <0.001 1.429[1.335,1.529] 

Age at first 

sex 

 -0.033 0.013 0.014 0.967[0.942,0.993] 

Used condom No (ref) 1.000   1.000 

Yes 1.167 0.107 <0.001 3.214[2.606,0.963] 
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Don’t know -0.655 0.315 0.038 0.519[0.280,0.963] 

Relationship 

with most 

recent partner 

Spouse (ref) 1.000   1.000 

Boyfriend/girlfrien

d not living with 

respondent 

-0.379 0.210 0.071 0.684[0.453,1.033] 

Casual 

acquaintance 

-0.249 0.655 0.704 0.780[0.216,2.815] 

Live-in partner -0.167 0.300 0.578 0.846[0.470,1.524] 

Other -3.026 1.535 0.049 0.049[0.002,0.982] 

NA 1.080 0.354 0.002 2.945[1.470,5.900] 

Interaction components     

Had STI*Totalsexpartner -0.181 0.090 0.043 0.834[0.700,0.994] 

Had genital ulcer* 

Boyfriend/girlfriend not living with 

respondent 

-1.058 0.399 0.008 0.347[0.159,0.760] 

Had genital ulcer* Casual 

acquaintance 

-0.746 1.984 0.707 0.474[0.010,23.176] 

Had genital ulcer* Live-in partner 0.005 0.688 0.994 1.005[0.261,3.871] 

 

 

Table 14 results show significant interaction for all interaction terms included in the model. 

Two of the two-way interaction terms were found to be significant in the female model as 

shown in Table 14. The interactions genital ulcer/sore*relationship with most recent partner 

(p=0.032) and STI*total number of lifetime sex partners (p=0.043) were significant. The results 

show that holding the other variables at fixed values, the odds for participants who had STI 
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versus those who did not amongst participants who had 0 total number of lifetime sex partners 

was 2.941. The odds corresponding to a change in total number of lifetime sex partners by 1 

amongst participants who had STI and the odds corresponding to an increase in total number 

of lifetime sex partners by 1 amongst participants who had no STI was 0.834. The difference 

between log odds ratio comparing who had genital ulcer/sore and those who did not in 

‘Boyfriend/girlfriend not living with respondent’ category and the log odds ratio comparing who 

had genital ulcer/sore and those who did not in ‘spouse’ category was -1.058. The negative result 

indicates a negative association. Figure 3 illustrates the interaction between ‘had ulcer/sore in 

the last 12 months’ and ‘relationship with most recent partner’ in a chart.  

 

 

 
Figure 3: Plot of an interaction term in the female model 

 

The chart in Figure 3 shows the presence of interaction between a biological risk factor (had 

genital sore/ulcer) and a behavioural risk factor (relationship with most recent partner). The 

HIV status will likely depend on the type of most recent relationship with partner given their 

genital sore or ulcer in the last 12 months status.  
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5.6 Characterising confounders 

A confounder was taken as a variable that is a factor of risk for HIV positive but not of primary 

interest. It is associated with the independent variables but not a result of it. Thus incorrect 

estimates of the odds ratio can be obtained if confounding is ignored. A confounder differs 

with interaction in that interaction occurs when the route or extent of an association between 

two variables is affected whenever a third variable is introduced.  

 

Tables 15a and 15b show the results of comparisons between univariate and multivariate 

regressions to assess for confounders in the female model. If a multivariate model including a 

confounder and a predictor is fit, the univariate association with predictor should disappear or 

reduce. 

 

Table 15a: Assessing for confounders in female model 

Variable Univariate Multivariate 

 Estimate  [OR][95%CI] Estimate  OR[95%CI] 

Age 0.057 1.059[1.052, 1.066] 0.031 1.032[1.022, 1.042] 

Marital Status 

Married 

Living with partner 

Widowed 

No longer living 

together/ separated 

 

 

0.838 

1.566 

2.764 

1.625 

 

 

2.311[1.850, 2.887] 

4.786[3.416, 6.705] 

15.859[11.831, 

21.259] 

5.079[3.880, 6.651] 

 

 

-0.144 

0.393 

1.479 

0.262 

 

 

0.866[0.634, 1.183] 

1.481[0.993, 2.209] 

4.388[2.996, 6.426] 

1.300[0.919, 1.839] 
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Had STI in the last 12 

months 

1.234 3.436[2.569, 4.595] 0.914 2.493[1.762, 3.529] 

Age at first sex -0.038 0.963[0.942, 0.984] -0.039 0.962[0.937, 0.988] 

Educational 

attainment 

Incomplete Primary 

Complete Primary 

Incomplete Secondary 

Complete Secondary 

Higher 

 

 

0.209 

0.303 

0.043 

-0.697 

-0.248 

 

 

1.232[0.781, 1.943] 

1.353[0.867, 2.113] 

1.044[0.666, 1.637] 

0.498[0.201, 1.234] 

0.780[0.437, 1.391] 

 

 

0.606 

0.923 

0.978 

0.642 

0.484 

 

 

1.833[1.045, 3.214] 

2.516[1.456, 4.346] 

2.659[1.527, 4.628] 

1.900[0.616, 5.855] 

1.623[0.785, 3.352] 

Place of residence -0.181 1.199[1.025, 1.402] -0.224 0.800[0.658, 0.971] 

Total lifetime number 

of sex partners 

0.465 1.592[1.450, 1.747] 0.358 1.430[1.297, 1.578] 

 

 

Results from Table 15a show that the odds ratio of the variables become substantially smaller 

when compared to the individual variables in univariate regression with two of the marital 

status categories becoming insignificant. Two of the ‘educational attainment’ variable 

coefficients change sign in the multivariate regression when compared to the single variable 

regression. All of the confidence intervals of the categories of the ‘educational attainment’ 

variable were insignificant in the univariate model as shown in bold in Table 15a, two of them 

remain insignificant in the multivariate model but the other three become significant. All odds 

ratios for the variable ‘educational attainment’ increase in the multivariate regression. These 

changes allude to possible interrelationships of the variables in the regression. To further 

ascertain the confounder, odds ratios and the confidence intervals were assessed and 
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comparisons made when a new variable was introduced in the model. Table 15b shows the 

results of adding new variables in the model to assess for confounders. 

 

Table 15b: Checking for confounders when adding variables in the female model 

Variables Model without possible 

confounder 

Model with possible 

confounder 

 B Sig Exp(B) B Sig Exp(B) 

Age 

Place of res 

Educational attainment 

Incomplete Primary 

Complete Primary 

Incomplete Secondary 

Complete Secondary 

Higher 

Marital status 

Married 

Living with partner 

Widowed 

No longer living 

together/ separated 

0.057 

-0.181 

 

0.209 

0.303 

0.043 

-0.697 

-0.248 

 

0.838 

1.566 

2.764 

1.625 

0.000 

0.023 

0.001 

 

 

 

 

 

0.000 

 

1.059 

0.834 

 

1.232 

1.353 

1.044 

0.498 

0.780 

 

2.311 

4.786 

15.859 

5.079 

0.037 

-0.250 

 

0.713 

1.043 

1.061 

0.707 

0.555 

 

-0.503 

0.260 

1.185 

0.257 

 

0.000 

0.011 

0.000 

 

 

 

 

 

0.000 

 

1.038 

0.778 

 

2.041 

2.839 

2.889 

2.029 

1.742 

 

0.605 

1.297 

3.270 

1.293 

 

Age at first sex    -0.063 0.000 0.939 
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Results from Table 15b indicate that when the variable ‘Age at first sex’ was added to the 

female model, the odds ratio decreased by a huge amount, approximately more than 50%, for 

all marital status categories. This suggests that ‘age at first sex’ could influence the result of an 

observed association between HIV and marital status, and is thus a confounder. The odds ratios 

for marital status were analysed after stratifying by ‘age at first sex’. ‘Age at first sex’ was 

divided into ranges, less than 18 years, 19 to 28 years and greater than 28 years. Notable 

differences in frequencies and means of other factors were observed among the ‘age at first 

sex’ ranges which suggested confounding in the model. 

 

Since the study sample was large, logistic regression which was used in the analysis was able 

to control for the confounder, ‘age at first sex’ in the female model (McNamee, 2003).  

 

 5.7 Summary 

Checking for multicollinearity, logistic regression modelling and investigation of interaction 

between behavioural and biological risk factors was done. There was evidence of 

multicollinearity amongst the risk factors. PCA successfully addressed the problem of 

multicollinearity. There was evidence of interaction and confounding in the logistic regression 

models. The next chapter gives a discussion of the findings. 
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CHAPTER SIX 

DISCUSSION 

 

The results obtained in the modelling of the demographic and socio-economic factors in 

relation to the biological and behavioural risk factors are discussed. The summary statistics 

allowed for the assessment of the characteristics of the various factors. The initial data 

exploration ensured the analysed data were free of outliers and was adequate. Of the nineteen 

variables, only six had less than 1% of the missing data. In this case, complete case analysis 

was done following deletion of the missing cases.  The modelling considered multivariate 

logistic regression because the response variable was binary and the determinant factors were 

assumed to be associated. The multivariate logistic regression analysis allowed for the 

assessment of the joint effect the biological and behavioural risk factors have on the HIV status 

for 15-49 years age group in Zimbabwe. Separate models for the male and female were fitted 

because of the difference in data available for each of the gender.  

 

To assess the variability, skewness and presence of outliers, boxplots were produced for the 

quantitative variables, age at first sex, current age, number of sex partners, and total number of 

sex partners in lifetime. The boxplots for the females and males were almost similar. Age at 

sexual debut indicated slight positive skewness, less variation and several outliers; current age 

indicated almost symmetric and moderate variation with no outliers; the number of sex partners 

indicated several outliers to both extremes and small variation; and the total lifetime number 

of sex partners indicated several outliers and small variation.   
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 Based on the univariate analysis, some behavioural and biological risk factors were associated 

with the HIV status. . The number of sex partners did not necessarily contribute to the 

participants’ HIV status for both females (p-value=0.224) and males (p-value=0.278). Two 

other behavioural factors, age at sexual debut (p-value=0.888) and cumulative concurrent 

sexual partners (p-value=0.08) were not significant for males. These results could suggest that 

the status and type of partners were more important risk factors in determining the male 

participant’s HIV status. One male biological risk factor, circumcision (p-value=0.136) was 

not significant. The results concur with those reported by the Centres for Disease Control and 

Prevention report. The not statistically significant circumcision results were a contradiction to 

other studies (Weiss et al., 2010). There was insufficient evidence that circumcision reduces 

the chance of getting HIV. Circumcision combined with other prevention methods may be 

needed for effective HIV prevention (Bailey et al., 2007). Concurrency was not, on its own, a 

driver for HIV acquisition and this was supported by the findings of the male univariate 

analyses (Sawers, 2013; Tanser et al., 2011). Three demographic factors namely, place of 

residence (p-value=0.321), education (p-value=0.064), wealth index (p-value=0.183), did not 

show that the three factors contributed to the HIV status.  

 

Multivariate logistic regression analysis considered the demographic, behavioural and 

biological risk factors that were significant in the univariate logistic regression analysis. The 

results showed that males (age and marital status) and females (age, place of residence, 

educational attainment and marital status) were different demographic predictor variables that 

determine their HIV status. The joint multivariate logistic regression model for the males aged 

15-49 years   had three behavioural factors (total number of sexual partners, paid for sex and 

age at sexual debut), one biological factor (had genital discharge) and two demographic factors 

(age and marital status) significant as determinants of the HIV status. Perhaps the young single 
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male who had early sex debut engaged with multiple sex partners increasing chances of genital 

infections leading to acquiring HIV. The joint multivariate logistic regression analysis for 

females’ data had four demographic factors (age, place of residence, educational attainment 

and marital status), two biological factors (genital sore and had STI) and two behavioural 

factors (total number of sexual partners, relationship with most recent partner, condom use, age 

at sexual debut) significant as determinants of the HIV status. In Zimbabwe, some families do 

not value female education and some due to poverty will not send the girl child to school and 

this could explain the young female’s early sexual debut. There are high chances of having 

many lifetime sexual partners which in turn spreads the risk of getting STI which could possibly 

lead to acquiring HIV. These findings support those reported by Kong et al. (2012) and 

Mustanski et al. (2013), where the marital status and having had an STI were determinants of 

the HIV status. Further evidence suggested an increased possibility of HIV transmission due 

to the HIV positive partner having had an ulcerative STD infection specific to genital ulcer 

(https://www.cdc.gov/std/hiv/stdfact-std-hiv-detailed.htm viewed Sept 2020). Irrespective of 

gender, the age, condom use, total number of partners and marital status were significant as 

determinants of the HIV status. Combining biological, behavioural and demographic in the two 

models gave an appreciation of the significance of statistics in solving some real life issues and 

giving meaningful explanations to the results. In the formulation of future interventions in the 

control of HIV pandemic, these significant findings should be considered. 

 

The process of introducing the interaction terms in the model fitting and in the selection of an 

appropriate one was based on the AIC values, where the model with the least value prevailed.   

For the females multivariate logistic regression model, two interaction terms namely genital 

sore*relationship with most recent partner and STI*total lifetime number of sex partners were 

significant. This means the relationship between total number of lifetime sex partners with HIV 



 

106 

 

status for the females is dependent on STI status. Likewise, the HIV status of a participant who 

had genital sores will be determined by the relationship they had with the most recent partner 

and HIV relationship will likely depend on the age of the participant.  

 

The quantitative variables from behavioural and biological components produced a correlation 

matrix Tables A1 and A2 (Appendix A). Correlation among the determinant variables exists 

for the female data, the correlation ranging from 0.003 to 0.895 while for the male data it ranged 

from 0.049 to 0.631. The correlation was high within the components (behavioural and 

biological factors) than across them. The high correlation among the determinants indicates 

presence of multicollinearity.   The presence of multicollinearity was confirmed using 

generalised variance inflation factors (GVIF). The highest GVIF values were 3.868 for females 

and 4.750 for males. These values suggest a problem in the regression models developed.  

 

Principal component analysis addressed the problem of multicollinearity by constructing 

factors made up of variables of the same type. For the females, the first factor, FA1, was loaded 

with behavioural factors only. The dimensionality of the three behavioural risk factors was 

reduced to simpler factor, sexual relation variable. Most probably the relationship of the most 

recent partner determined the number of sex partners and whether they used a condom and thus 

was reduced to measure sexual relationship. The second factor likely measured the participant’s 

wealth status in relation to their place of residence. The participants’ health history was 

measured using the third factor. This factor reduced all three biological factors into one 

measuring the health status of the participant. The fourth factor was made up of behavioural 

factors that were transformed to a simple factor measuring the frequency of changing partners. 

The dimensionality of the male dataset was reduced in a similar way.  
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The factors were significant when regressed with HIV status showing the uncorrelated 

relationship between the dominating variables constituting the factor. Generating the four 

factors that are independent and using them as determinants of the HIV status, showed that the 

problem of multicollinearity was addressed.  
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CHAPTER SEVEN 

 CONCLUSION 

The results show existence of demographic factors that are associated with risky sexual 

behaviour in relation to HIV status. Two variables were shown, age and marital status for 

males, and different factors, age, place of residence, educational attainment and marital status 

were noted for the female sample. The results show that demographics contribute to the HIV 

status of an individual. Significant results were observed after including both biological and 

behavioural factors in a model. This was evidence of both types of factors having an effect in 

driving the pandemic in the (15-49) year-old age group in Zimbabwe. For males, three 

behavioural factors, total number of sexual partners, condom use and ever paid for sex and one 

biological, had genital discharge, were noted. Four behavioural and two biological factors were 

seen to be significant for the female sample.  

 

Using logistic regression, successful modelling of the HIV status data with biological and 

behavioural factors was achieved. Different models were observed for the females and males. 

There was significant interaction between the biological and behavioural risk factors that was 

noted for the female sample. This means though biological and behavioural variables can be 

jointly modelled, caution should be taken in the interpretation of the model. There was evidence 

of multicollinearity among the risk factors in the correlation matrices and the GVIF values. The 

principal component analysis successfully showed four factors for the females and three for 

the males’ sample. A fitted model involving the four factors ensured the behavioural, biological 

and demographic variables were accounted for, while the problem of multicollinearity was 

addressed.  
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In support of Johnston et al. (2017), exploratory procedures should be deployed when 

empirically testing models in which the outcome is believed to be influenced by a number of 

contributory factors (independent variables) that are not structured in a causal path. Therefore 

it is important to thoroughly assess the relationships of the variables and understand them 

before giving conclusion in multivariate regression analysis.  

 

Results from the study ought to be viewed in light of their limitations. The data was collected 

specifically for the Demographic and Health survey and had its own study design, stratified, 

two stage cluster survey design, which might have not been the best design for this study. The 

idea of using cross sectional data and not longitudinal was a limitation in itself. Data were 

collected in the context of a survey which limits the extent to which the data could be used for 

such investigations. As presented in the WHO report, national surveys may not be the best 

source of data as there is increased evidence of sensitive data being underreported (Kalichman 

et al., 2011; Kelsey et al., 2012; Kong et al., 2012; Mustanski et al., 2013). Self-report of highly 

sensitive issues and recall bias could have been introduced when participants were asked to 

report for some variables e.g. number of lifetime sexual partners in the last 12 months.  

 

Having many predictor variables to consider in developing a logistic regression model has a 

lot of challenges. A lot of attention should be given in the preparation of the data to fit in the 

model. For cases where variables have many categories a well informed decision is necessary 

on whether to recode or work with all the categories in the data. In this study, to avoid power 

loss, data was analyzed using the original categories. The presence of many variables’ 

categories introduced challenges in interpretation of the regression models. Studies of risk 

factors among the population are likely to be more effective if they are targeted differently for 
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males and females as seen in the results which showed difference in risk factors associated with 

the HIV status.  
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APPENDIX A 

 

 

Table A1: Female sample correlation Matrix 

 

 

Current 

age 

Type of 

place of 

residence 

Religion Educational 

attainment 

Wealth 

index 

Curre

nt 

marita

l 

status 

Age at 

first sex 

(imputed) 

Occupati

on 

(grouped

) 

Had any 

STI in 

last 12 

months 

Had genital 

sore/ulcer 

in last 12 

months 

Had 

genital 

discharg

e in last 

12 

months 

Number of 

sex 

partners, 

including 

spouse, in 

last 12 

months 

Relation

ship 

with 

most 

recent 

sex 

partner 

Total 

lifetime 

number 

of sex 

partners 

Cumul

ative 

concur

rent 

sexual 

partner

s 

Correl

ation 

Current age 1.000               

Type of place of residence -0.046 1.000              

Religion 0.017 -0.022 1.000             

Educational attainment 0.206 -0.282 0.044 1.000            

Wealth index 0.037 -0.667 0.03 0.400 1.000           

Current marital status -0.385 0.039 0.003 -0.125 -0.07 1.000          

Age at first sex (imputed) 0.113 0.194 -0.021 -0.387 -0.237 0.015 1.000         

Occupation (grouped) -0.233 -0.115 -0.044 0.088 0.167 0.178 -0.095 1.000        

Had any STI in last 12 

months 

-0.052 0.032 -0.003 -0.036 -0.04 0.068 0.026 0.008 1.000       

Had genital sore/ulcer in last 

12 months 

-0.056 0.044 -0.011 -0.063 -0.061 0.098 0.039 0.043 0.325 1.000      

Had genital discharge in last 

12 months 

-0.048 0.061 0.011 -0.075 -0.071 0.076 0.053 0.025 0.342 0.327 1.000     
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Number of sex partners, 

including spouse, in last 12 

months 

0.174 -0.055 0.023 0.072 0.08 -0.08 -0.031 -0.08 -0.084 -0.102 -0.113 1.000    

Relationship with most recent 

sex partner 

0.255 -0.093 0.023 0.091 0.113 -0.04 -0.014 -0.085 -0.054 -0.065 -0.094 0.673 1.000   

Total lifetime number of 

sex partners 

0.062 0.051 0.004 0.031 0.006 -0.175 -0.123 -0.077 -0.083 -0.096 -0.058 0.161 -0.103 1.000  

Cumulative concurrent 

sexual partners 

-0.011 0.034 -0.003 0.025 -0.027 -0.081 -0.025 -0.043 -0.057 -0.075 -0.073 0.246 0.028 0.227 1.000 

 Condom use during last sex 

with most recent partner 

-0.218 0.103 -0.031 -0.102 -0.125 0.079 0.042 0.077 0.057 0.070 0.094 -0.762 -0.895 0.044 -0.045 
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Table A2: Male sample correlation Matrix 

 

 

Current 

age 

Type of 

place of 

residence 

Religion Educational 

attainment 

Wealth 

index 

Curre

nt 

marita

l 

status 

Age at 

first sex 

(imputed) 

Occupati

on 

(grouped

) 

Had any 

STI in 

last 12 

months 

Had genital 

sore/ulcer 

in last 12 

months 

Had 

genital 

discharg

e in last 

12 

months 

Number of 

sex 

partners, 

including 

spouse, in 

last 12 

months 

Relation

ship 

with 

most 

recent 

sex 

partner 

Total 

lifetime 

number 

of sex 

partners 

Cumul

ative 

concur

rent 

sexual 

partner

s 

Correl

ation 

Current age 1.000               

Type of place of residence -0.011 1.000              

Religion 0.045 0.116 1.000             

Educational attainment -0.045 -0.284 -0.176 1.000            

Wealth index 0,001 -0.626 -0.141 0.411 1.000           

Current marital status 0.497 0.038 0.084 -0.054 -0.064 1.000          

Age at first sex (imputed) 0.306 -0.031 -0.095 0.112 0.043 0.143 1.000         

Occupation (grouped) -0.319 0.088 0.014 -0.075 -0.135 0.086 -0.081 1.000        

Had any STI in last 12 

months 

0.029 0.000 -0.003 -0.035 -0.021 0.059 -0.053 -0.016 1.000       

Had genital sore/ulcer in last 

12 months 

0.043 -0.006 -0.003 -0.037 -0.022 0.077 -0.044 -0.027 0.195 1.000      

Had genital discharge in last 

12 months 

0.05 0.000 -0.008 -0.039 -0.026 0.017 -0.040 -0.015 0.131 0.170 1.000     

Number of sex partners, 

including spouse, in last 12 

months 

0.160 -0.013 0.037 0.005 -0.002 0.168 -0.037 -0.145 0.032 0.040 0.025 1.000    
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Relationship with most recent 

sex partner 

-0.532 -0.014 -0.121 -0.005 0.043 -0.412 -0.101 0.371 -0.055 -0.069 -0.040 -0.345 1.000   

Total lifetime number of 

sex partners 

0.210 -0.064 0.083 0.021 0.041 0.121 -0.146 -0.039 0.027 0.030 0.019 0.101 0.090 1.000  

Cumulative concurrent 

sexual partners 

-0.054 0.026 -0.059 -0.034 -0.004 -0.092 0.122 0.111 -0.037 -0.060 -0.053 -0.357 0.229 -0.224 1.000 

 Condom use during last sex 

with most recent partner 

-0.547 -0.018 -0.118 0.001 0.051 -0.422 -0.125 0.377 -0.054 -0.067 -0.039 -0.341 0.993 -0.033 0.222 

 Paid for sex in last 12 months -0.558 0.001 -0.117 -0.007 0.028 -0.465 -0.042 0.403 -0.060 -0.080 -0.058 -0.284 0.821 0.186 0.176 

 Circumcised -0.008 0.010 -0.006 -0.049 -0.019 -0.002 -0.003 -0.001 -0.008 -0.003 -0.007 -0.007 0.015 0.001 0.001 
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Table A3: Male component score regression  

   

 Estimates S.E. Sig. Exp(B) [OR][95%CI] 

Factor 1 -0.512 0.051 <0.001 0.599[0.542,0.662] 

Factor 2 -0.004 0.039 0.912 0.996[0.922,1.075] 

Factor 3 0.094 0.028 <0.001 1.098[1.039,1.161] 

Constant -2.030 0.043 <0.001 0.131 
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Table A4: Logistic regression analysis of the demographic, socio-economic, behavioural and 

biological factors on HIV status for males aged 15-49 years 

  Males  

Variable Variable categories Coeffic

ient 

SE P-

Value 

Exp(B) 

[OR] 

Place of residence Rural (ref) 1.000   1.000 

Urban 0.102 0.087 0.321 1.107 

Constant 1.891 0.087 <0.001 6.624 

Religion Traditional (ref) 1.000   1.000 

Christian 0.320 0.203 <0.001 1.377 

Muslim -0.216 0.464 0.729 0.806 

Constant 1.767 0.197 <0.001 3.974 

Education No education (ref) 1.000   1.000 

Incomplete primary -0.064 0.492 0.064 0.938 

Complete primary -0.093 0.475 0.852 0.911 

Incomplete 

secondary 

0.119 0.472 0.683 1.126 

Complete secondary 0.565 0.547 0.159 1.760 

Higher 0.438 0.505 0.354 1.550 

Constant 1.863 0.467 <0.001 6.443 

Wealth Index Poorest (ref) 1.000   1.000 

Poorer 0.213 0.131 0.183 1.237 

Middle 0.191 0.128 0.015 1.211 

Richer 0.264 0.142 0.010 1.302 

Richest 0.296 0.145 0.001 1.344 

 Constant 1.759 0.091 <0.001 5.807 

Marital status Never in union (ref) 1.000   1,000 

Married -1.637 0.119 0.000 0.195 

Living with partner -2.026 0.400 0.000 0.132 

Widowed -3.675 0.290 0.694 0.025 

No longer living 

together/divorced 

-2.335 0.190 0.000 0.097 

 Constant 3.207 0.109 0.000 24.711 

Occupation Not employed (ref) 1.000   1.000 

Formal -0.344 0.113 <0.001 0.709 

Manual labour -0.538 0.111 0.018 0.584 

 Constant 2.274 0.083 <0.001 9.716 

Had STI in the last 

12 months 

No (ref) 1.000   1.000 

Yes -0.997 0.214 <0.001 0.369 

 Constant 1.994 0.048 <0.001 7.342 

Had genital 

sore/ulcer in the last 

12 months 

No (ref) 1.000   1.000 

Yes -1.301 0.188 <0.001 0.272 

 Constant 2.020 0.048 0.03 7.542 



 

132 

 

Had genital 

discharge in the last 

12 months 

No (ref) 1.000   1.000 

Yes -0.819 0.238 0.001 0.441 

 Constant 1.987 0.046 <0.001 7.296 

Relationship with 

most recent sex 

partner 

Spouse or live in 

partner (ref) 

1.000   1.000 

Boyfriend not living 

with respondent 

0.562 0.122 <0.001 1.753 

Casual acquaintance 0.066 0.326 0.974 1.068 

Commercial sex 

worker 

-0.346 0.573 0.999 0.708 

Live-in partner -0.362 0.481 0.000 0.696 

 Constant 1.588 0.056 <0.001 4.895 

Condom use No (ref) 1.000   1.000 

 Yes -0.430 0.102 <0.001 0.651 

 Constant 1.820 0.059 <0.001 6.174 

Cumulative 

concurrent sexual 

partners 

No (ref) 1.000   1.000 

Yes 0.171 0.302 0.080 1.187 

 Constant 1.574 0.270 <0.001 4.825 

Age Age -0.069 0.003 <0.001 0.933 

 Constant 4.149 0.127 <0.001 63.394 

Total lifetime 

number of sex 

partners 

Total number of 

lifetime sex partners 

-0.037 0.005 <0.001 0.963 

 Constant 1.998 0.056 <0.001 7.377 

Number of sex 

partners in last 12 

months 

Number of sex 

partners 

-0.045 0.041 0.278 0.956 

 Constant 1.999 0.058 <0.001 7.384 

Age at first sex Age at first sex 0.002 0.013 0.888 1.002 

 Constant 1.703 0.261 0.001 5.492 

Circumcision No (ref) 1.000   1.000 

Yes -0.161 0.136 0.237 0.851 

 Constant 1.972 0.048 <0.001 7.184 

Have ever paid for 

sex 

No (ref) 1.000   1.000 

Yes -0.824 0.101 <0.001 0.438 

 Constant 1.960 0.056 <0.001 7.098 
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Figure A1: Box plot of outliers for the males 

 

 

 

 

 

 

 

 

 

Figure A2: Box plot of outliers for the females 
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APPENDIX B 

 

Approval letter from ZIMSTAT 

 

Ref : POPC/2/A/1 

 

 

UNISA 

 

12 January 2020 

 

To Whom It May Concern! 

 

This letter serves to inform you that Mrs Patricia T. Gundidza, a Masters in Statistics student 

at your institution requested for data from ZIMSTAT for research purposes. ZIMSTAT had no 

objection to her request hence granted her permission to access the data. 

It is the policy of the agency to give access to data for research purposes upon request as long 

as a formal request is send to us through the office of the Director General. We sincerely hope 

Mrs. Gundidza and other students from your institution will continue utilising data from 

ZIMSTAT for their academic development. 

 

Sincerely yours, 

Godfrey T. Matsinde 

Acting Director Population Census & Surveys 

263-04-794757 

263-712 878 786 
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APPENDIX C  

SPSS Syntax 

Missing value analysis 

MVA VARIABLES=Age Ageat firstsex Numsexpartners Totalsexpart Gender HIV03 

Placeofres Religion Educattain Wealthindex Circumcised Maritalstat Occupation STI 

Genitalsore Genitaldischarge Relationpartner1 Paidforsex Condomusepart1 Ptconcurrent 

Cumconcurrent 

  /MAXCAT=25 

  /CATEGORICAL=Gender HIV03 Placeofres Religion Educattain Wealthindex 

Circumcised Maritalstat Occupation STI Genitalsore Genitaldischarge Relationpartner1 

Paidforsex Condomusepart1 Ptconcurrent Cumconcurrent 

  /TTEST NOPROB PERCENT=5 

  /CROSSTAB PERCENT=5. 

/TPATTERN PERCENT=1 DESCRIBE=Age Ageatfirstsex Numsexpartners Totalsexpart 

  /EM(TOLERANCE=0.001 CONVERGENCE=0.0001 ITERATIONS=25). 

 

 

Analyze → Descriptive statistics → Explore 

EXAMINE VARIABLES=Age Maritalstat Genitalsore Ageatfirstsex Totalsexpart 

  /PLOT BOXPLOT STEMLEAF HISTOGRAM 

  /COMPARE VARIABLES 

  /STATISTICS DESCRIPTIVES EXTREME 

  /CINTERVAL 95 

  /MISSING LISTWISE 

  /NOTOTAL. 

 

 

Multicollinearity 

 

/MISSING LISTWISE 

/STATISTICS COEFF OUTS R ANOVA COLLIN TOL 

/CRITERIA=PIN(.05) POUT(.10) 

/NOORIGIN  

/DEPENDENT HIV03 

/METHOD=ENTER Ageat firstsex Numsexpartners Totalsexpart Placeofres Educattain 

Wealthindex Circumcised Maritalstat Occupation STI Genitalsore Genitaldischarge 

Relationpartner1 Paidforsex Condomusepart1 Ptconcurrent Cumconcurrent. 

 

 

CORRELATIONS 

  /VARIABLES=Age Maritalstat Ageatfirstsex Genitalsore Totalsexpart 

  /PRINT=TWOTAIL NOSIG 

  /MISSING=PAIRWISE. 
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PCA  

 

FACTOR 

  /VARIABLES Wealthindex STI Genitaldischarge Condomuse Relationpartner1 

Totalsexpart Paidforsex Placeofres 

  /MATRIX OUT(FAC=*) 

  /MISSING LISTWISE 

  /ANALYSIS 

   Wealthindex STI Genitaldischarge Condomuse Relationpartner1 Totalsexpart Paidforsex                  

Placeofres 

  /PRINT INITIAL EXTRACTION ROTATION 

  /CRITERIA MINEIGEN(1) ITERATE(25) 

  /EXTRACTION PC 

  /CRITERIA ITERATE(25) 

  /ROTATION VARIMAX 

  /METHOD =CORRELATION 

 

Logistic regression 

GET 

  FILE='F:\Men\thesiscompletefinal males.sav'. 

DATASET NAME DataSet1 WINDOW=FRONT. 

LOGISTIC REGRESSION VARIABLES HIV03 

  /METHOD=ENTER Age Maritalstat Ageatfirstsex Genitalsore Totalsexpart 

  /CONTRAST (Maritalstat)=Indicator(1) 

  /CONTRAST (Genitalsore)=Indicator(1) 

  /PRINT=GOODFIT CI(95) 

  /CRITERIA=PIN(0.05) POUT(0.10) ITERATE(20) CUT(0.5). 
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