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ABSTRACT 

While there are a number of studies that have compared the adequacy of different socio-cognitive 

models, there appears to be a scarcity of studies that have compared statist ical analytical 

approaches or strategies used to determine the adequacy of these in raising awareness of condom use 

and therefore mitigating tlie incidence of HIV and AIDS. This study sought to select an appropriate 

statistical analysis method for modelling latent variable dRta among several modelling techniques . 

Using secondary, cross-sectional data from a randomis<::'d control trial involving n = 7Y4 Batswana 

in-school adolescents, t he study applied Structural Equation Modelling (SEM), Multiple Regression 

(MR ), Least Absolute Shrinkage and Selection Operator (LASSO) regression and the Generalised 

Additive Model (CAM) in explicating the influences that explain intention to use condoms among 

these adolescents and compared the results. Bootstrapping using 1000 samples of size, n = 794, 

was also carried out for the MR and structural equation models. The predictors of interest were all 

latent variables derived from t he Theory of Planned Behaviour (TPB). St udy results revealed that 

the structural equat io11 model was 111orc a(l<-quatc fur cxplai11iug Datswa11a in-school adolescents 

intentions to use condoms as it explained 57% of the variance in the model compared to 47.9% in 

the CAM and 44.7% in both the MR and LASSO regression models respectively. Furthermore, 

TPB predictors apart from both affective and instrumental atti tude in the structural equation 

model as well as both the bootstrapped models and affect ive attitude in the remaining models 

were predict ive of condom use intention among Batswana adolescents. Given that identical items 

were used to measure instrumental att itudes in all models , the study resolved that the difference in 

significance could be ascribed to t he dist inct methodological approaches. Tlie structural equation 

model was more adequate for explaining Batswana in-school adolescents intentions to use condoms 

than tlw CAM, MR aud LASSO rcgn.:ssion models. GAMs would be a good choicl' in instances 
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where linearity is not assumed or model is not specified a priori. LASSO regression is very handy 

in instances where the researcher needs to select a few variables from a myriad variables. 

The study recommends t he applicat ion of SEM when estini a t.ing abstract concepts such as atti­

tudes or perceptions towards a certain behaviour since SEM is a more appropriate and adequate 

approach than MR, LASSO regression and the CAM. This study expanded upon t he growing body 

of HIV/ AIDS prevention literature with a new focus on the choice of a relevant statistical analysis 

methodology. In addition. the TPB is rcumrnwndccl as a framework to establish t he prognosticators 

of condom use intention among Batswana in-school adolescents. The study further recommends 

that policy makers working on developing HIV education programs or interventions targeted at 

adolescents should irnprove the intention to use condoms via promotion of positive instrumental 

attitudes, subjective norms and perceived behavioural control beliefs of condom use. 

Keywords: theory of planned behaviour , generalised additive model, least absolute shrinkage and 

selection Operator, structural equation modelling, instrnmcntal att itudes 
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CHAPTER 1. STUDY ORIENTATION 

1.1 Introduction to the study 

The existence of a variety of stc1,tistical techniques that researchers could use to examine rela­

tionships among variables necessitates the need for careful rnethod selection.According to Jeon 

(2010:1634), it i8 imperative that any meaningful intcrprPt.at.ion of statistical calcnlations must be 

based on a sound comprehension of appropriate modelling, based on informed methods. When this 

has beC:'n catcn·u for, then thC:' results cm.du be fully tabk<l to iuform <lccisio11s llla<le by policy­

makers . Such results could also be useful in adding to horizons of knowledge in the research 

academies. 

It is unfortunate that researchers at times apply statistical techniques they saw others apply in 

the hope of getting results similar to those that others got while lacking a full understanding 

of whether the techniques applied actually fit t he specific needs of their study. The choice of a 

modelling approach cannot therefore be ignored as it has a bearing on the results obtained and 

their intcrprctatiou. Furthermore, Goocllmc ct al. (2 ll12) stated that research that compares 

statistical methods is valuable to researchers as it provides guidance concerning which statistical 

technique could be more useful and appropriate in a given setting. It is for this reason that this 

study explored the appropriateness of modelling approaches : Structural Equation Modelling (SEM) , 

Multiple Regression (~R.), Least Absolute Shrinkage and Selection Operator (LASSO ) regression 

and Generalised Additive Models (GA fs ) in analysing data collected among Batswana in-school 

adolescents based on the Theory of Planned Behaviour (TPB) while attempting to understand 

condom use intentions among Batswana adolescents. 

The TPB is a well-established socio-cognitive model for predicting a diversity of human behaviours 

(Aj:,,:,t•n, 2011). The theory pm;tulatcs that behavioural iuteutiou is iuflueuce<l by attitu<le, uorrnat.ivc 

beliefs and perceived behnviournl control. Although the TPB has been extensively applied in the 
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study of sexual risk behaviour in the western world (Albarracn et a l. , 2001) , its applicability and 

suitability have however been quest ioned in non-western and , especially, African settings. This 

study therefore further validat;ed the applicability of the TPB in predicting condom use intention 

among Batswana in-school adolescents . 

The rest of this chapter is organised as follows: Section 1.2 outlines t.J1 e background and rationale 

for the research. The problem statement is defined in section 1.3. Section 1.4 lists the study 

objectives and research quc:-;tious arc po:-;cd iu :-;ectiou 1.5. Stn<ly hypotheses arL! stated iu section 

1.6. The significance of the study is identified in section 1. 7 while t he organisation of the study is 

out lined in section 1.8. Lastly, a summary of Lhe whole chapLer is given in section 1.9. 

1.2 Background of HIV/ AIDS in Botswana 

Knowledge with respect to adolescents in tentions to engage in defonsive sexual behaviours is still 

deficient in numerous nations around the globe, particularly in Sub-Saharan Africa (SSA) where 

HIV prevalence is the highest (Sacolo ct al. , 2013). While tlwrc is growing cwiclcucc t hat shows 

that behavioural interventions based on grounded theoretical frameworks and theory-based de­

terminants could reduce HIV risk-associated behav iours such as premarital unprotected sex and 

having multiple sexual partners , few studies have been conducted in SSA, more especially with 

Batswana adolescents. 

In Botswana, t he HIV and AIDS epidemic is largely driven through sexual transmission. The 

Botswana government therefore recognised behaviour change as t he solitary lasting answer to the 

prcve11tion of the HIV a11d AIDS cpidc1uic (U AIDS. 2012). Yomig people arc major casualties 

in this epidemic hence there is a need to come up with informed , culturally sensitive and effective 

intervention programmes especially targeted at adolescents aged between ages 15 19 years. 

Data from a statist ical report published by Statistics Botswana (Botswana. Stntistics Botswana. 

(2013)) , revealed high risk sexual behaviom patterns, especially among young men. According to 

the survey results, about 50% of the young men, ngecl between 15-19 years , reported more than one 

sexual partner in the year preceding the report in contrast to their female counterparts at 25.2%. 



There was decreased condom use among the general population, for both genders, and across all 

age groups. For instance, the survey revealed that a decline in condom use was observed in the 

general population from 90.2% recorded in the 2008 Botswana AIDS Impact Survey (BAIS) III to 

81.9% recorded in the 2013 BAIS IV . Furthermore, decreased rates of condom use were evident in 

all females from 89 .5% to 83.14% and all males from 90.4% to 81.2%. 

Agyei & Abrefa-Gyan (2016) in their study that sampled 17- 24 year old students from the Univer­

sity of Botswana. examined risky sexual patt.crus and the use: of coudorus among youth in Botswana. 

The study indicated t hat 33% of the sexufllly act ive respondents had unprotected sex in the month 

preceding the sur vey. The foregoing statistics are indicative of a challenge regarding the use of 

condoms and point to a need for condom use promotion, especially targeted at young people. 

While a number of studies (e.g. Airhihenbuwa & Obregon, 2000 ; Bryan et al., 2006 ; Espada et al. , 

2016; Noar, 2007) have cont rasted the adequacy of several socio-cognit ive models, to the best of the 

researchers knowledge , there are no studies that have compared statistical analytical approaches or 

strategics used to determine the Rdcqnacy of t hese in rnising awareness of condom nse and therefore 

mitigating the incidence of HIV and AIDS. It is also iuteresting to note that most studies about 

socio-cognitive model applicatious to co11dorn use i11tc11t ious focus on young adults and adults. 

Few studies have fully examined condom use intentions among in-school adolescents. This study 

therefore attempted to fill the afore-mentioned gap by considering applicable statistical models such 

as the Structural Equation fodel, MR model and related models while simultaneously validating 

the applicability of the TPB in the Botswana sett ing. 

1.3 Problem Statement 

Selection of methodology is an important part of any research study (Davis, 1996; Stevens, 2009). 

Lowry & Gaskin (2014) concurred and suggested n, careful selection of statistical techniques on the 

basis of the type of data collected. Furthermore, statist ical techniques should be carried out in the 

context of theory using measures der ived from theory (Lowry & Gaskin, 2014:123) . Whilst MR 

is one of t he most widely used of all statistical methods, it has a number of limitat ions especially 
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when dealing with latent variables. For instance, regression analysis supposes that independent 

variables (IVs) are measured without error and this method is not capable of dealing with mult iple 

dependent variables (DVs) simultaneously. Tlie failure to take account of measurement error in 

parameter estimates is potentially quite severe since find ings presented by Principal Component 

Analysis (PCA)/MR analysis concerning tlie discrimi nant and predictive validity may possibly be 

artifactual (Langdrigde et al. , 2007) . 

In spite of its limitations, MR is often a preferred choice due its rdntivc sirnplicity (Tabadmick 

& Fidell , 2014). SEM, on the other hand , is a second generation multivaria te method that allows 

tht> simultaneous analysis of all variables a.s opposed Lo analysing them independently. Besidt>s 

the capacity to handle both observed and late11t variables, SEM can also be applied to assess the 

reliability and validity of t he model measures. Despite the fact that both approaches have been 

applied to n variety of research problems, adequacy and effectiveness of the methods are rarely 

t aken into consideration. MacCallum & Austin (2000) observed that the constraints of statistical 

modelling arc sometimes not mentioned or disregarded by researchers. 

In spitt> of modern regression techniques such as LASSO regression and GAM expanding modelling 

ted111ique choices for researchers , they seem to uc side-lirn,·Ll. LASSO rcgr<Jssio11 , for i11sta11cc, pro­

vides greater prediction accuracy in addi tion to increasing model interpretability. GAMs, on the 

other hand , are a flexible approach that provides excellent fit for both linear and non- liner rela­

tionships. They relax the usual parametric assumptions and allow for the uncovering of structure 

within the rt>lationship between independent and dependent variables (Kapoor et al. , 2016). In 

addition, GAMs can be usecl to verify results of linear 111oclels and are very powerful for prediction 

and interpolation. This study thus sought to determine and compare the adequacy of t he SEM 

awl the :v'IR model a.-; well as LASSO regression allCl GA:-;Is nsi11g data collected 011 the basis of the 

TPB. 

The TPB , which was the data collection theoretical framework for t his study, has bt>en extensively 

utilised to study condom use intention among different groups, for instance, men who have sex with 

mt>n (Wolitski & Zhang, 2007), injection drug users ( Macalino et a l. , 2009), female commercial sex 
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workers (J anner et al. , 1998) , and high school-age adolescents (Bryan et al., 2002; Rannie & Craig, 

1997; Wise et al., 2006) . The outcomes in a meta-investigation showed that the TPB variables 

were among the most grounded indicators of condom use (Guo et. al. , 2014; Sheeran et al. , 1999). 

This theory has likewise demonstrated efficacy in predicting both intention to utilise condoms and 

actual condom use (Alvarez et al., 2010; Bennet & Bozionelos, 2000). 

While the TPB has been utilised as a theoretical framework for predicting condom use in such 

popnlatious of the Enropuau (Carmack & Lewis-Moss, 2lHHJ ; l\lfansbach ct nl. , 2009; Munoz-Silvn 

et al. , 2009) , African (Bryan et al. , 2006; Sacolo ct al. , 2013; Schaalma et al. , 2009) and Asian 

(Cha et a l. , 2007; Molla et a l. , 2007) stocks, to the best of the researchers knowledge , the TPB 

has not been utilised in iuvestigating the influence of attitudes , normative beliefs, and perceived 

behavioural control with respect to Batswana in-school adolescents condom use intentions. 

It is worth noting that theories thnt could be relevant to certa in popula tions may not be appropriate 

for other populations as a result of variances in culture, language, history and education . It is for 

this reason that so me authors (e.g. Airhilicnbuwa & Obregon , 2000; Campbell & :vfurray, 2004; 

Campbell et al. , 2007) have intensely quizzed t he applicability and suitability of socio-cognitive 

theoriet:i, as wdl as the TPB, iu uou-wet:i tcrn an<l , particularly, African t:idtiugs, advancing cultural 

and pnrticularly community considerations as more essential. In reaction to this, the TPB has 

been proven to have good predict ive competences outside a vVestern context where it was first 

established (Schaalma et a l. , 2009 ). Even though the constructs of the TPB a.re deemed universal, 

it is recognised t hat cult ural variations have an effect on t he dynamics of attitudes, subjective 

norms , and perceived behavioural control. Since Botswarias culture is unlike cultures in western 

or Asian countries, it is essential to investigate t he Batswana populat ion to ascerta in whether t he 

TPB could be a suitable framework to study the dcuwnts tha t motivate cornlom use intention 

among Batswana in-school adolescents while applying appropriate stat istical methods. 
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1.4 Aim and Objectives 

The aim of this study is to select an appropriate statist ical analys is method between SEM, MR, 

LASSO regression and GAM when dealing with data involving latent var iables. 

The specific objectives of this study are to : 

l. u.eterrniue the adequacy of the structural t'quatiou modeL the MH model , LASSO regres­

sion and GAM in explaining and predicting condom use intention using Bntswana in-school 

adolescent sample data, 

2. apply the TPD to study factors tha1- influence Datswana in-school adolescents ' intention to 

use condoms, 

3. formulate suggestions for intervention programs using the findings. 

1.5 R esearch questions 

The specific research questions to be answered are: 

l. ·which model, between the structural equation model, MR , LASSO regression and GAM, is 

more adequate for explaining and predicting Batswana in-school adolescents intentions to use 

comlo111s? 

2. \Vhich TPB elements contribute significantly to explaining Batswana in-school adolescents 

condom use intent ions? 

3. What suggestions can be mau.e towaru.s iutervent iun program formulation? 

1.6 Hypotheses 

Research studies conducted in the recent past sliow tliat that att it udes towards and beliefs about 

condoms affect both individuals intentions to use condoms and actual condom use. Such studies 

have established that. adolcsccuts arc mow likely to n:-;e condoms when they identify taugiblc bcnl'fits 
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from such use. Based on the perceived benefi ts, theses adolescents are likely to cult ivat e upbeat 

attitudes toward condorns(Maharaj & Cleland, 2006; Taylor et al. , 2014). Thus the first hypothesis 

tested in this study was: 

H1: Instrumental attitude (Instr_A tt) has a positive and signifi cant effect on condom use intention 

( Cdm Use~Intention) . 

In contrast to Hi , Van Rossern & Meekers (2011), noted t hat youth are less likely to use condoms 

when t hey perceive barriers aud develop m·gativc att it udes 1·oward tlH.'m . Furthermore, young 

people may neither use nor intend to use condoms when they believe and perceive condoms as 

unreliable and capable of reducing sexual pleasure (Katikiro & Njau , 201 2; Ochieng et al. , 2011). 

This led to t he second hypothesis tested in t he study: 

H2: Affective attitude ( Afj~ A tt) has a negative and significant efj·ect on condom use intention ( Cd­

m Use_Intention). 

Bennet & Bozionelos (2000) in their review of 20 studies focusing on t he utility of t he T PB in pre­

dicting condom use established t hat t here was a posit ive and. significant relationship between nor­

mative beliefs and condom use intentions in 14 of the studies. Moreover , Ebrahim et al. (2017), in 

t heir study of "psychosocial determinants of intention to use condoms am ong Somali and Ethiopian 

immigrants in the U.S.", hypothesised that higher condom use intentions will be predicted by higher 

posit ive attit udes, norms and greater perceived behavioural cont rol. Consequent ly the following 

hypotheses were tested in t his study: 

H3: Normative beliefs (N orms) have a positive and S'ignificant efj·ect on condom use intention 

(CdmUse_Intention). 

H4: Perceived behavioural control (Perceived control) has a positive and significant efj·ect on condom 

use intention (CdmUse_ Intention). 

1. 7 Significance of the study 

T he findings of t his study emphasise the importance of choosing and using appropriate analysis 

methods when using data with latent variables. Thus statisticians and researchers that apply the 
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recommended approach derived from the results of this study are able to apply appropriate analysis 

techniques that fi t the specific needs of their studies and give robust results. Policy makers on the 

other hand will benefit from the identification of a more reasonable , data related , analysis method 

as their policy decisions will be est ablished on more accurate results. Furthermore, researchers and 

policy makers will be guided by the findings fro rn t he TPB validation on the variables tliat t hey need 

to target when designing intervent ions targeted at condom use among Batswana adolescents. The 

cmmnunity will in turn benefit from appropriate thcory-gniclcd arnl cnlturally scrn;itivc intcrvc11tion 

programs that may be formulated on the basis of robust statistical methods that give more reliable 

results. 

1.8 Organisation of the Thesis 

The rest of the thesis is organised as foll ows: 

Chapter 2: Literature review 

Chapter 2 is a review of existing literat ure on the subject under consideration in order to identify 

gaps in the li terature and thus buttress the purpose for this research. 

Chapter 3: Methodology 

Chapter 3 explains in detail the SEM and nmltiple regression approaches that are applied in this 

research . 

Chapter 4: Resul ts 

Chapter 4 is the presentation of data and analysis of the results . 

Chapter 5: Summary, Discussion and Cunclusiuus 

Chapter 5 provides a summary of t he study as well as t he discussion of the find ings . Conclusions 

drawn from the findings and implications for practice are also highlighted in t his final chapter . 

1.9 Summary 

In this chapter , an introduction as well as backp;ronnd to the stn<ly was given. The importance of 

selecting appropriate modelling approaches when performing statistical analysis was emphasised. 
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HIV prevalence statistics as well as condom use rate for Botswana were also presented in this 

chapter. The stat istics indicated a decrease in condom use among the general population, for both 

genders, and across all age groups . A brief background that focused on TPB as a framework 

for studying condom use intention was given in t he chapter. The chapter then highlighted the 

aim and object ives of the study. Four hypotheses to be tested in tliis study were stated . The 

chapter concluded by considering the significance of the study as well as giving a summary of the 

organi:-;ation of the thcsiH. 
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CHAPTER 2. LITERATU RE REVIEW 

2.1 Int roduction 

This chapter examines literature and recent studies on condom, especially targeted at adolescents, 

carried out by other researchers wit h a view of identifying gaps in this literature such that the con­

tribution of this current study is discernible and justificxl. To begin with , the researcher highlights 

the importance of targeting adolescents with regards condom use. A discussion on applications of 

so t:io-cognitive theories iu Lehavioural rescard1 is t lwu uudertakeu. T he d1aptcr t:oududcs by look­

ing at modelling approaches namely, structural equation modelling, multiple regression alongside 

its related models and generalised additive models. 

2.2 Imp orta n ce of targeting a dolescents 

Of the 35 million people living with HIV iu 2015 worldwide, a lift h arc minors aud youth under the 

age of 25 (UNAIDS , 2014) . Adolescents aged 10 to 19 years account for an estimated 2.1 million 

HIV infections (Idele et al , 2014), and young adults aged 20 to 24 account for an estimated 2.8 

million infections (UNAIDS , 2014), implying that almost 5 million young people between the ages 

of 10 and 24 are living with HIV. Approximately 300 ,000 new HIV infections occur annually among 

adolescents aged 15-19 years, based on 2012 estimates (Idele et al. , 2014). Worldwide, two-thirds of 

these infections are among girls , but in some countries more than 80% of new infections are among 

girls (ldele et a l. , 2014). The problem of adolest:ent HIV is concent rated in sub-Saharan Afri t:a, 

with 82% of th world 's HIV-posit ive adolescents living in this region , mainly in southern Africa 

(Idelc ct al. , 2014). 

Adolescents face crit ical development tasks such as formation of identity and self-esteem, social 

and psychological pressures , and the introduct ion of adult roles and accountabilities which may 

include income generation and caring for fam ily members (Ea.pogiannis & Legins, 2014). Yi et al. 
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(2010) added that adolescents are time and again regarded as being at a life phase of increased 

experimentation and adventure concomitant with an assor tment of risky behaviours, including risky 

sexual behaviours. Girls and young women face particular environments of risk , including being 

coerced into marriage or unwanted sexual experiences. All of t hese facets may place young people 

in danger of sexual practices wl1ich expose them to possibilities of HIV infec t ion , comprising early 

sexual debut , multiple partners, non-use of condoms, transactional or forced sex, inter-generational 

sex, awl sex uudcr t.he iuflueu('c of alcohol or drug use (Kapogiauuis & Lcgins, 2014). 

Risky sexual behaviours such as early sexual debut , multiple sexual partners, and non-use of con­

doms expose and put adolescents at risk of HIV infection (Ide le et al. , 2014). Adolescence is 

therefore a critical time to encourage healthy sexual behavioms; healthy pract ices established dur­

ing adolescence are likely to be retained t hrough adulthood (Romero et al. , 2011 ). Kapogiannis 

& Legins (2014) concurred that "adolescence and young adulthood are crit ical times of life in 

which attitudes, behaviours, and lifestyles are established which will affect health and well-being 

throughout the li fe-course .. , J emmott (2012) snggest.ed that young adolescents, before or just after 

becoming sexually active, are very suitable and important intervent ion targets due to their high 

vuhwrability aud thl' fac t t hat they arl' yet to cstabfo;h habitual s<..'xual behaviour pattl'rns . Avail­

able data suggest that a vast number of new infections in many parts of t he African continent 

occur in adolescents, with female adolescents exhibiting a more prominent likelihood to acquire 

the infection (Okonofua, 2013 ). The manifestation of new infect ions among adolescents could be 

ascribed to yo ung people's engagement in sexual risk behaviours that could lead to unintended 

healtl1 outcomes. In order to 11aviga.te tl1 e maze around risky sexual behaviom s, it is imperative 

to devise sensitive and effective interventions, taking into cognisance the cultures of the people 

engaged in the aforesaid risky behaviours , such t hat, in the pcrmltimatc, au acceptable approach 

is specifically developed to reduce t he high risks and manipulat ive effects for African adolescents. 
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2.3 Socio-cognitive Theory Applications in Behavioural Research 

A whole host of theories whose goal is to appreciate health-related behaviour and offer tools for 

behaviour modification coexist in health promotion research (Michielsen et al , 2012). Among 

the most commonly utilised t heoret ical models in the sphere of HIV/ AIDS are the Socio-Cognitive 

Model (SCM) (Bandura, 1977 , 1986, 1994) , Information-Motivation-Behavioural (1MB) skills model 

(Fisher et al. , 1996; Fisher et al. , 2002; Fisher et al. , 2003) and the TPB (Ajzen , 1985, 1991 ; Fishbein 

& Ajzcn, 1975) . 

These theories in general indicate that berrnviour is mostly influenced by intention(motivation) to 

pracfo;e the behaviour, aml that intention is , in t urn , Jctcrn1i11eJ by au inuiviuual't:; valuation of t he 

consequences of the behaviour (attitude) , the behaviour and sentiments of significant others (per­

ceived norms), and personal control over carrying out the behaviour (PBC). Bandura's construct 

of self-efficacy puts more emphasis on the degree to which a person feels confident that he or she 

can successfully accomplish the target behaviour. Widespread experiments confirm and support the 

sufficiency of the TPB , SCM. and IMB model in predicting healthy behaviours generally (Fishbein 

& Ajze11, 1975; Bandura, 1994: Fisher & Fisher, 1992), especially condom use among adolescents. 

2.3.1 The Socio-Cognitive Model 

The basis of t he SCM is t.hat new behaviours are learnt by either observing the behaviour of 

others or by direct involvement. According to Bandura ( 1977), the SCM stresses the important 

roles played by indirect, representative and self-regulatory processes in psychological functioning 

and considers human behaviour as a constant collaboration between cognitive behavioural and 

environmental factors. Central principles of the SCM are: 

1. self-efficacy - the belief in one self 's capacity to implement the required behaviour 

2. sitnation-ontcomc anticipation - bdid abont which outcomes will result with no iutcrforing 

personal act ion and 
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3. action-outcome anticipation - the belief t hat a specified conduct will not lead to a particular 

result . 

Doth outcome l'Xpectaucie:; and self-effi cacy beliefs play a sig11ifi rnnt part in embracing fresh health 

behaviours, eradicating potent ially harmful practices and upholding whatever novel behaviours 

have been attained (Luszczynska & Schwarzer , 2005). 

The SCM has been applied in different behaviours for prirrrnry prevent ion such as stop- smoking 

programmes and problem-solving skills. It has likewise found its part in ancillary prevention pro­

grammes such as di abetes education progrnms and condom use promotion programmes. T he social 

cognitive predictors of condom use have been researched in different populations. Backing for SCT 

has been established in a research of sexually active college students (Dilorio et al. 2000). Self­

efficacy was found to be directly linked to condom use, but positive self-beliefs were also indirectly 

a.--;sociatcd with condolll lU:il' via the i11litH:ncc of sdf-efii.cacy on outcollle cxpcctancil'S. 

Consistent with Bandurn's theory (Bandura, 1977), self-efficacy predicted emotional state (anxi­

ety) , but t his state was not linked to health protecting behaviour . Sexually ac tive teenagers who 

expressed confidence in their skill to wear a condom and proclivity in their ability to decline inter­

course with a sexual partner without a condom were more likely to use condoms regularly. More­

over, maintaining positive outcome expectancies, rela,ted to condom use, predicted more protective 

behaviours (Dilorio et al. , 2001 ). 

Kanekar & Sharma (2009) conducted a stmly to ddenninc predictors of safer sex belmvioun; among 

sexually active African-American college students using SCT. The study utilised a cross-sectional 

study design and applied stepwise mult iple regression as a modelling technique. Results of the 

study revealed that self-efficacy toward safer sex (B = 0.594, p < 0.001 ) was a significant predictor 

of safer sex behaviour. Self-effi cacy towards safer sex accounted for 14. 7% of the variance towards 

the dependent variable. 
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2.3.2 The Informa tion-Mot ivation-B eh avioura l skills mode l 

The IMB model is one of the few theories tlrn,t was specially developed to understrmd HIV risk 

behaviour (Noar , 2007). The INIB model, proposed by Fisher and Fisher (1992) to explicate HIV­

rdate<l behaviours, i<lentifi<:'s thre(:· coustructs narnuly i11format io11 , motivat ion. an<l behavioural 

skills necessary to participate in a specified health behaviour, as precise and distinct causes of 

behaviour and behavioural change (F isher & F isher , 1992; Norton, 2009). Based on this model, 

Misovich et al (2003) , defined informat ion as "au initial prerequisite for enacting health behaviour." 

This consists of not only behaviour-related information but then again myths and heuristics that 

permit spontaneous or cognitively easy behaviour-relc1,ted decision-making (Fisher et al. , 2003). 

Motivation cornprises of two aspects : personal motivation, which embraces views regarding the 

i11terventio11 result in a.<lditio11 to att itudes toward a specific health behaviour (Fisher ct al. , 2003), 

and social motivation, which embraces the perceived social support or social norm for participating 

in a certain behaviour (Fisher et a l. , 2003). Behavioural skills, the t hird factor iu the 1MB model, 

are abilit ies needed for fulfilling specific health behaviour. To enable behavioural modification, 

behavioural skills in the IMB model stress the development of a person 's independent abilit ies plus 

boosting professed self-efficacy (Fisher et al. , 2003). 

Liu et al. (2014) applied the IMB model in their study designed to exarnme the predictors of 

regularity of condom use among Chinese college students. Their study fo llowed a cross-sectional 

research design and applied SE f in the assessment of the IMB model. The final 1MB model in the 

study provi<le<l acceptable fit to the data (GFI = 0.992, CFI = !U.!92, . FI = 0.989 a n<l RMSEA 

= 0.028). Additional results from the study showed that preventative behaviour was significantly 

predicted by behavioural skills (/3 = 0.754, p < 0.001 ) while both information and motivation were 

not significantly associated with preventative behaviour. Information (fl = 0.138, p < 0.001 ) and 

motivation (f-3 = 0.363, p < 0.001 ) significantly and positively predicted behavioural ski lls, which 

indirect ly affected consistent condom use . 

The applicability of the IMB model in predicting condom use was likewise tried among approx­

imately 400 sexually act ive secondary school st udents in Mbararn, Uganda. According to the 
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results obtained using SElVI, the 1MB model predicted condom use to some extent (Ybarra et al. , 

2013) . Condom use was precisely predicted by HIV prevention information as well as behavioural 

skills concerning access to and making use of condoms. Cai et al. (2013) also applied SEM in a 

cross-sectional, !MB-based study conducted to ascertain predictors of regular condom use among 

senior high school students in China. The study found that motivat ion (/3 = 0.175 , p < 0.01) 

and behavioural skills (/3 = 0.778, p < 0.01 ) were significant predictors of consistent condom use. 

Information was an indirect prc<lictor and was rucdiatcd by bchavionral skills (/3 = 0.2fi!J. p < 

0.05). 

2.3.3 The Theory of Planned B ehaviour 

The TPB has its roots in socio-cognitive theory. The main thrust in TPB is to interrogate the 

influence of an individual 's att itudes, subjective norms and perceived behavioural control on the 

intentions to carry out a specific behaviour (Ajzen, 1985). The TPB fully explains sexual behaviours 

in different ethnic adolesce11t popnlahons insofar as it cmnbincs the social and cognitive components 

in explicating behaviours(Bryan et al. , 2002; Cha et al. , 2007; Espada et al. , 2016; Gebhardt et 

a l. , 2003 ; Jemmott et al. , 1998, Kalolo & Kibusi, 2015; Sacolo eL al. , 2013; Teye-Kwadjo ei a l. , 

2017a and 201 7b ). For example, J emmott et al. (1998), applied the TPB in a study to elucidate 

delayed sexual initia tion among African American youth while safer sex deliberations and condom 

procurement in minority inner-city youth were investigated by Bryan et al. (2002) using the same 

theory. The theory has similarly been expedient in describing the effects of condom use attitudes, 

norms, and control beliefs on condom use in Hispanic adolescents (Villarruel et al. , 2004). 

Meta-analytic and review studies offer widespread experiential backing of t he TPB in predicting 

co11dom u:;e in addition to other health behaviours among J ivernc populations, for example, ado­

lescents and college students (Albarracin et al. , 2001; Armi tage & Conner , 2001 ; Godin & E ok, 

1996; :\-1:cEachan et al. , 2011 ; Sheeran & Taylor , 1999; Webb & Sheeran, 2006). In a meta-analytic 

analysis of 185 studies, Armitage & Conner (2001) , saw that the TPB explained 39 and 27 % of the 

variance in intention and behaviour , correspondingly. Godin & Kok (1996) obtained comparable 
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results ( 41 % and 34 % variance accounted for by intention and behaviour , respectively) in a review 

of 56 studies testing the applicability of the TPB to health-related behaviours. Albarracin et al. 

(2001) meta-analysed 96 studies mainly carried out in Europe and the United StRtes, and resolved 

that attitude is the leading predictor of condom use intention (r = 0.58; (3 = 0.47) fo llowed by 

perceived control (r = 0.45 , /3 = 0.20), and perceived norms (r = 0.39; (3 = 0.20). Conversely, 

perceived norms have been identified as being more prognostic of t he behaviour in adolescents 

compared to adults (McEadian ct al., 2011) . Furtlwr conhrmatio11 011 the impact of the intention's 

predictors is nonetheless required , particularly in teenage samples. 

According to Sheeran & Taylor (1999) and Sutton (1999), a substantial number of empirical st udies 

have applied the T P B to trace the predictors of condom use intentions in heterosexual adolescents 

based on the T PB. The majority of such st udies concur that at titude and subjective norm sig­

nificantly predicted intention to use condoms . Still more, these studies have confirmed that a 

combination of attitude and norm contribute significantly to sway adolescents towards use. The 

sig;nificance of perceived control in predicting intention of condom use has similarly been empiri­

cally backed , however conclusions have been inconsistent. Ajzen (1991) and Fishbein et al. (1992) 

iudicate<l that variations rcgardi11g the relat ive importance of predictors are anticipated among 

diverse population samples. 

2 .4 Modelling Approaches 

A variety of modelling approaches such as logistic regression, General Linear Models ( GLMs) , 

Generalised Estimat,i11)!; Equations (GEEs) and Structural Equation Modelling (SEM) arl' applicable 

to studies involving the TPB . The various approaches are discussed below with a view of providing 

justification for the selection of the modelling approaches that were applied in this study. 

2.4 .1 Logistic R egression 

Logistic regression investigates the relationship between a categorical DV and a set of IVs (I..,::eith, 

2015; Pituch & Stevens , 2016 ; Wu & Little, 2011). Similar to standard regression, logistic regression 
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can be applied in a confirmatory model to test the association between explanatory variables and a 

binary outcome. Wu & Little (2011), further stated that "logist ic regression predicts the probability 

of being a case (p(Y = 1)) instead of predicting whether sorneone is a case or not ." 

A general expression for the logistic regression model is: 

(2. 1) 

where /3o represents the predicted value when all the Xs are equal to O and /31 , . , f3m are regression 

coefficients. f3rn is such that for a unit change in the mtlt IV, the logit changes by /3m units keeping 

the other IVs constant. Since the logit (In (odds Y = 1)) is not easy to comprehend , researchers 

frequently choose to explain the influence of the IVs by making use of the odds ratio (OR) . For a 

single unit increase in Xm , the odds ratio increases by a factor of eflm . 

Krugu et al. (2016) applied logist ic regression in tlicir study t;o investigate "Psychosocial correlates 

of condom use intentions among junior students in the Bolgatang Municipality of Ghana." Results 

from the study revealed that attitude::; toward condo111 availability, injunctive norms toward co11do111 

use, sex experience, perceived susceptibility towards STis, and perceived behavioural control toward 

purchasing in addition to making use of condoms set apart people with different levels of intentions 

to use condoms. Kalolo & Kibusi (2015) performed binary logistic regression to identify factors 

associated with intention to use and reported use of condoms among adolescents aged between 14 

and 19 years in rural Tanzania. The TPB with addi t ion of t lie empowerment component was used 

as the theoretical framework for the cross-sectional st udy. Results obt ained in the study revealed 

that perceived behaviour control prcdict.c(l intentions to nsc condoms (AOR = 3.059; % % CI: 1.324 

- 7.065) while a positive attitude (AOR = 3.484; 95% CI: 1.132 - 10.72) and empowerment (OR 

= 3.694; CI: 1.295 - 10.535) predicted reported condom use. 

Multivariate logistic models were applied by Couture et a l. (2010) in their study to examine 

determinants of condom use intentions among female sex workers' clients in Haiti . A cross-sectional 

survey was carried out with the TPB as a t heoretical fram ework. Their study found that subject ive 

norms (OR = 1.75; 95% confidence interval (CI): 1.06 - 2.88) , PBC (OR= 1.34: 95% CI: 1.09 -
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1.63) and attitudes (OR= 1. 23; 95% CI: 1.04 - 1.44) were predictors of condom use intention, with 

norms being more significant. On the other hand, Alvarez et al. (2010), conducted multiple logistic 

regression analyses to evaluate the influences of att itudes, subj ective norms, control beliefs (impulse 

control, condom negotiation, technical skills, condom availability, self-efficacy) and condom use 

intention predicted occurrence of unprotected sex and proportion of recent protected sex, consistent 

condom use and condom use at last sex. Compared to adolescents who inconsistently used condoms, 

adolescents who had better impubc control (OR = '.H)2; Wi % CI: l.G2 - !-J.49) aml gTandcr intentions 

to use condoms (OR = 4.79; 95% CI: 1.0 - 22.8) were three and four times more likely to use 

condoms consistently. Adolescents who reported greater bel ief in their condom negotiating skills 

were less likely to use condoms consistent ly (OR = 0.32; 95% CI: 0.11 - 0.91). Since condom use 

intention was not measured as a binary outcome, t he logistic regression model was not suitable for 

t his study. 

2.4.2 General Linear Models 

Traditionally, GLMs have been the predominant analysis tools in the social sciences ("\Vu & Little, 

2011). T he General Linear Model (GLM) is a valuable framework for comparing how several 

variables have an effect on different cont inuous variables. According to Rutherford (2001:3), the 

simplest form of the GLM is repre~ented as: 

Data = Model + Error (2 .2) 

Included under general linear models are techniques such as ANOVA, ANCOVA and MR , which is 

t he most common and adaptable approach (Wu & Little, 2011 ). otwithstanding their variations, 

each of the tests matches the definition in equation (2.2) above. In A OVA, "data'' represents t he 

dependent variable scores, "model" is the experimental conditions and the "error" is the portion 

of the model t hat is unexplain cl by the data. ·wi thin regression analysis, "data·· represents the 

dependent variable scores, "model' ' are the independent predictors a11cl the "error" components are 

t lie residuals. ANCOVA, being a cornbi11ation of ANOVA and regression , can also be represented 

by equation (2 .2). 
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2.4.2.1 Multiple R egression 

According to Tabadmick and Fidell (2014) there are t hree major strategies t hat can be applied in 

multiple regression. These are standard (simultaneous) multiple regression, hierarchical (sequent ial) 

regression an<l stepwise (statistical) rcgrnssiun. Tl1t• three strategies arl' <lisc ussccl below with a view 

of selecting the most suitable approach for this study. 

2.4.2.2 Standard R egression 

In standard (simultaneous) mult iple regression , all IVs or predictor variables a.re entered into the 

regression equation in one step. Keith (2015:80) suggested that explanatory research is critically 

important , specifically when one uses simultaneous regression to est ablish the extent to which one 

or more variables t·x<:·rt a <l t·monstrable impact. 

Keith (2015) further suggested that st andard regression could be useful in instances where a re­

searcher needs to find the extent to which a collection of variables predicts an outcome as well as 

the relative significance of the w1rious IVs. The abili ty of standard regression to fo cus on both the 

overall effect of all variables and the ind ividual variable effect makes it very useful in explanatory 

research . Furthermore, when the choice of variables to be included in the regression is t heory-based , 

standard regression gives good effect estimates of the IVs on t he DVs. One limitation of standard 

regressioll is t hat, depeudillg 011 the IVs included in t lie regression equation regress ion , coefficients 

may be unstable . 

2.4.2.3 Hierarchical Regression 

In hierarchical (at t imes known as sequential) regression, IVs go into t he equat ion in a sequence 

indicated by the data analyst or researcher . T he order of IV entry may be based on logical or 

theoretical considerat ions. At each step , one or more IV is added to t he model, and each IV or set of 

IVs' cont ribution to t he model is assessed . Sequential regression unfortunately t ends to overestimate 

the effects of variables if t hey are entered into the model too early while underest imating t he effects 

of those variables which are entered later. 
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2.4.2.4 Stepwise R egression 

Stepwise multiple regre8sion , also known as statisticrd regression, is a way of processing regression 

in phases. Izenman (20 13) suggested two principal types of stepwise procedures: backward elim­

ination, forwanl elimination along with a fu::;ion method that combines concepts from both main 

types. Backward elimination , according to Izenman (2013), commences with the complete set of 

variables and then drops at each step, the variable whose F-ratio, 

F = ( R S SO - R S S l ) / ( lJQ - l/1) 
RSS1/v1 

(2.3) 

is least , where RSSo is t he residual sum of squares (with vo = n - k degrees of freedom) for the 

n·duced model, RSS1 is the rc::;idual sum of squares (with v1 = n - k- l dcgr<.;es of freedom) for the 

larger model and k represents the number of variables in the larger model. Iterations are stopped 

when all variables retained in the model have F -ratios greater than some predetermined value, 

F dclete = Fo.1, 1, n -k- 1 (Izenman , 2013). 

Forward selection , in contrast , ini t iates with an empty seL of variables. The variable wit h the largest 

F-ratio is chosen from the variable list at each step , wit l1 vo - v1 = 1 and v1 = n - k - 2, where k 

is the number of variables in the smaller model. The chosen variable is included in t he regression 

model and then the enlarged model is refit. . Tho selec t.ion of variables for the model is halted when 

the F value for each variable not currently chosen is lower than a specific fixed value, F enter = 

Fo.25, 1, n-k-1 (faemnau , 2013). 

Stepwise, forward, and backward methods of regression, have however received more censure than 

any of the other techniques of multiple regression (Aron & Aron , 1999; Chat terjee & Price, 1991; 

Cohen, 2001 ). Frequently, t hese approaches are d isapproved since they yield variable results that 

are sample restricted and do not precisely or reliably reveal the obtainable relationships in the pop­

ulat ion. Additionally, stepwise methods have frequently led t o erroneous calculations owing to the 

neglect of correct degrees of freedom, along with incorrect deductions regarding the comparative 

::; ig11ifica11ce of predictor variable::; t hat arl' statistically rclia11t 011 var iables previously c11tereJ iuto 

the investigation (Huberty, 1989; T hompson, 1989). Izenman (2013 :146) added t hat "there is no 

guarantee that the subsets obtained from either forwards selection or backwards elimination step-
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wise procedures will contain the same variables or even be the "best" subset. " Stepwise regression 

is consequently used in the exploratory stage of research or for purposes of pure prediction, not 

theory testing. 

Given the foregoing discussion on the different multiple regression strategies and the fact that this 

study sought to identify the TPB elements that contributed significant ly to explaining Batswaria in­

school adolescents' condom use intentions , standard multiple regression was the most appropria te 

choice. Sta11danl mult iple rcgrcs8ion was t hcrdorc 011e of the procedures applied in this study. 

LASSO regression and GAtvis which were also applied in th is study are discussed in t he sections 

that ensue below. 

2.4.3 LASSO R egression 

Lasso regression analysis is a shrinkage and vari ~tb le select ion method for linear regression models 

that was introduced by Tibshirani (1996). The objective of LASSO regression is to find t he subset 

of predictors that rni11imiscs prcdictio11 error for a qua11tihabk dcpe11dent variable . It docs so by 

applying a shrinking process where it penalises the coefficients of the regression variables shrinking 

some of them to zero . T he loss function of LASSO can be represented as : 

where }"i repn:·sents ul.>:,t•rvcd values 

t represents fi tted values 

(3 denotes regression coefficients and 

A 2: 0 is a t uning parnmeter. 

(2.4) 

Variables t hat end up with a coeffi cient of zero subsequent to the shrinkage process are excluded 

from the model. The LASSO regression analysis helps in determining which amongst a set of 

predictors are most important . Inconsequent ial variables which are not related to t he response 

variable are excluded tlms overfi tt.inp; is lessened . 
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2.4.4 Generalised Additive Model 

The Generalised Additive Model (GAM) developed by Hastie & Tibshirani (1990), is an extension 

of the generalised linear model. It is a more versatile approach where each 1"i is linked with X i 

by a smoothing func tio11 i11stcad of a codlicic11t /3. Its adaptability for non- noru1ally distributed 

variables is seen as a plus (Tao et al., 2012 ). The basic additive model can be represented as: 

(2.5) 

where f i(X i) , i = 1,2, ... , p are non-parametric smoothing functions (splines) for explanatory 

variable X i. The functio11 J.; is cst imatcJ iu a fl (;•xiblc way using parametric or uo11-parametric means 

thereby affording the potential for better fits t han when applying other methods. Introduction of 

a link function into Additive fodels (AMs) results into Generalised Additive Models (GAMs) of 

t he form: 

(2.6) 

The spline functions in GAMs arc penalised splines or smoothing splines aimed at minimising the 

function: 

where Y is t he response vector 

X is the data matrix 

/3 is t he vector of covariates 

>. is a s1110othing parameter and 

j'' (x) is t he second derivative of the smoothing function. 

(2 .7) 

GAMs are data-driven rather than model-driven, that is, the res ul tant fitted values do not come 

from an a priori model. GAMs are said to be non-parnrn et.ri c (Yee & Mitchell , 1991) or semi­

parametric (Guisan et al. , 2002), which denotes in this ca::3e the absence of a specific functional 

fo rm of the relationship between t he response variable Y and the independent variable X. GAMs 
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can handle non-linear , linear and non-monotonic relationships between t he dependent variable and 

independent variables. In contrast to AMs, GAMs are not limited to the normal distribution , but 

can be applied to any probability distribut ion fro m the exponential family (Liew & Forkman, 2015). 

2.4 .4 .1 Smoothing Functions 

Equation (2. 2) shows that linear models split dat a into "model + error". Smoothing functions, 

0 11 t he other haucl , part it ion clata into ''::; rnoot h + rough"' alld attempt to reduce the rough part 

as much as possible (Hastie & T ibshirani, 1990). ·while several types of smoothing functions are 

obtainable, they all rely on the same principles as listed below: 

1. A regn·ssion mutlel fi.tte tl tu the surruu11Ji11g observations prctlicts each observation in the 

data set. 

2. The curve of t he smoot hing function is smooth . 

3. A smoothing parameter ,\ controls the smoothness of t he curve . 

The srnuothiug parauwter ,\ is freqnent ly dd,errn incd i)l(li rc:ct ly throngh tlw choice of effect ive 

degrees of freedom ( edf). The number of effective degrees of freedom is comparable to the number 

of tlegrees of freetlom of a liuear moclel, which is the 1mmber of liuear coustraiuts or, iu t he case of 

the error , the difference between the number of observations and the number of linear constraints. 

A high edf value implies a highly non-linear curve . According to Liew & Forkman (2015:44), "The 

choice of the appropriate level of smoothi ng, by specify ing the edf, is among the most crucial steps 

in fi tting GAMs ."' An edf value between 3 and 5 is commonly chosen in practice. Cross validat ion 

can also be used to autorna t.i cally choose the number of effect.ive degrees of freedom. 

2 .4.5 Generalised Es timating Equat ions 

The GEEs methodology, pioneered by Liang and Zeger (1986), is a not able strategy in the anal­

ysis of correlated data. GEEs are an expansion of GLMs, which enable regression analyses on 
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dependent variables that are non-norrnaJly distributed (McCullagh & Nelder , 1989; Nelder & Wed­

derburn, 1972). Wang (2014) defined GEEs as "a marginal model popularly applied for longitudinal 

or clustered- <la.ta analysis in clinical trials or b iomedical studies." GEEs estimate regression co­

efficients and standard errors with sampling distributions that are asymptot ically normal (Liang 

& Zeger , 1986). GEE estimates are identical to those produced by ordinary least squares (OLS) 

regression in the absence of correlation within t he response and when the dependent variable follows 

a normal distribution. The prime aim of GEE is the approximatio11 of the uican 1110dd: 

(2.8) 

where 

In a GEE model, response variables are represented by {1'i,1, 1'i,2, ... , Yi ,n,J , where i E [1 , NJ is the 

index for clusters or subjects, and j E [1 , nt] is t he index of the measurement within cluster /subject. 

{ X i, 1, X i,2, ... , X i,nt} denotes the covariate vector. 

In addition , GEEs can be used to analyse main effects and interactions and can be utilised to 

appraise categorical or continuous independent variables. GEEs are applicable when 

l. a generalised linear model regression parameter , fi, characterizes systemat ic variation across 

covariate levels, 

2. tbe data represents repeated measurements , clustered data or multivariate response, and 

:~. t he correlation structme is a nuisance feature of the data. 

Fitting a GEE model needs the researcher "to specify (a) t he link function to be utilised, (b) t he 

distribution of t he dependent variable and ( c) t he correlation structure of the dependent variable" 

(Ballinger , 2004:131). The link function is what "makes generalised linear modelling techniques 

part of a larger family of log-linear models; nonlinear and distinct from multiple linear regression 

in the link function and fam iliar in terms of tht': string of regression parameters" (Harrison , 2002: 

454) . The available options for the link functiou are displayed in Table 2 .1 below. 
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Table 2.1 Distribution choices and link functions available in GEEs 

Distribut ion Link Function Description 
Normal I<le11t ity link Fits the same model as t he geu-

eral linear model 
Binomial Logit link Fits logistic regression models 

Probit link Fits cumulative probability func-
tions 

Poisson Log link Fits Poisson regression models 

In a<l<lition to the link functions <lisplaye<l iu Taule 2.1 auove, there are power link functions 

associated with the three distributions listed in the table as well as with the negative binomial and 

gamma distributions. The power link functions are in the form of any power transformation such 

as the square root or the square of t he variable. There are also reciprocal link functions for the 

distributions listed in the table in addition to negative binomial and gamma distributions. The 

reciprocal link fun ct ions utilise the reciprocal of the dependent variable( l / J..L ) . 

McCullagh & Nelder (1989), emphasized the need for the researcher to make every attempt to 

accuratdy state the <listributiou of the respo11sc variable, when fitti11g a GEE, in order t hat the 

variance can be efficiently calcul;.i,ted as a function of t he rne;.i,n r-rnd regression coefficients can be 

correctly elucidated . For binary data, researchers must stipulate the binomial distribution. In 

the case of count data, either the Poisson or negative binomial distribution ought to be indicated , 

depending on the dispersion of the data (Gardner et a l , 1995) . Usually, the researcher will have 

some prior kn owledge of the distribution of t he response vari able. 

Specification of the form of correlation of responses within subj ects or nested within group in 

the sample follows specification of the link function and t he dependent variable dist ribution. The 

specification of the correlat ion structure will vary depending on the nature of the data collected. 

Once specific<l , the workiug corrulatiou matrix allows GEEs to approximate models that represent 

the correlation of the responses (Liang & Zeger , 1986). Table 2.2 below gives a summary of 

commonly used correlation structures. 
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Table 2.2 Surnrnary of commonly used "working"' correlation structures for GEE 

Correlation structme .. ( .. Tu) Sample matrix 

Independent {1j = k 

G 
0 ~) Corr(YiJ, Yik) = O j * k 1 
0 

Exchangeable {1 j = k 

G 
a 

;) Corr(YiJ, Yik) = . k 
aJ* 1 

a 

k-dependent Corr(YiJ, Yi.J +m) G al 

~·) 1 

=(a~ 
m = O 

a1 
m = 1,2, ... ,k 
m > k 

Autoregressive AR 1) Corr(Y;1, YcJ+m) = am,-m = 0,1,2, ... , ni - j (:, a ~) 1 
a 

Toeplitz Corr (YiJ, Yi ,J+m) ( ;, al a,) 
1 al 

= {:m m = O 
a 2 a 2 1 

m = 1,2, ... , n1 - j 

Unstructured { 1 j = k (a~, a12 a.,) Corr(YiJ, v;,c) = . k 1 a23 ajk j * 
a31 a32 1 

Source: Wang (2014) 

For data that are correlated within cluster over time, an autoregressive correlation structure is 

specified (Wang, 2014). Horton & Lipsitz ( 1999) , recommended the use of an exchangeable corn'­

lation matrix when there is no logical ordering for observations within a cluster. GEEs are suitable 

for analysing longitudinal or clustered data thus they were not an appropriate model in t his study 

as single period data was used. 
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2.5 Structural Equation Modelling 

Ever since Joreskog's (1967) gro und-breaking work on the maximum likelihood factor analysis and 

its subsequent expansions to the estima tion of structural equation sys tems (J oreskog, 1973) , SEM 

has grown into one of the most significant techniques of empirical research. SEM is a technique 

for determining relationships among unobserved (lat ent) variables and has been operat ional since 

early in the 20th century (Shah and Goldstein , 2006) . According to Lei & Wu (2007), SEM refers 

to a large number of stnJ.istical models that arc nsed to c'wtlnatc the va lictity of substantive theories 

with observed data. Structural equation models (SE:tvis) allow complex modelling of interrelated 

mult ivariate Jata for asst·ssiug i11terrelatiunships amung ubscrvc<l anJ la tent variables (Lue & Sung, ___ ,\ 
)-, 2012). SEM was established to test and improve theoretical models endeavoring to clarify or predict 

:::) ~ 1 social or behavioural phenomena (Bentler , 1988). 

3: a: SEMs have been advanced in numerous academic specialties to confirm and test theory (Schumacker 

Z ~t & Lomax, 2016). They a re frequently used to evaluate unobservable 'latent ' constructs. Gefen et ..J . 
- - -- ' al. (2000) indi cated t ha t SEMs allow the examination of both t li e measurement and structural 

components of a model by analysing the relations among several independent and dependent con­

structs concurrent ly. Hair et al. (2010:6:35) further suggest that "SEM is particularly useful when 

one dependent variable becomes an independent variable in a later dependence relat ionship and it 

gives rise to t he inter<lcpcn<lent nature of t he structural rno<lcl. '' Applicat iou of SE:./[ is generally 

acceptable in the socia l sciences for the reason that SE f has the capacity to assign rela tionships 

between latent variables from observable variables (Ha ncock, 2003). The approach is quite suitable 

for modelling data in this study. 

SEM promotes confirmatory, rather than exploratory, modelling; hence, it is appropriate for the­

ory testing, rather than theory development. It typically begins with a hypothesis, denotes it as 

a model, operationalises the constructs of interest with a measurement instrument and tests the 

model. A structural equation model is cr0,atecl on th0, basis of appropriate and t heoretically-sound 

constructs or t he discoveries of a priori investigation , which serve as reasoning for hypothesising 

causal paths among latent variables au<l t heir subsequent in<licators (Gallagher et a l. , 2008). The 
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afore-mentioned steps were applied in the study. Given that this research study involves multivari­

ate dependent-independent relationships, SEJvl was deemed an appropriate theory-test ing model. 

Byrne (2001) contrasted SE f alongside other multivariate methods and recorded the fo llowing four 

distinctive features of SEM: 

1. SEM takes a confirmatory methodology to data analysis by stating the relationship among 

variables a prior-i . 

2. SEM offers clear approximations of error variance parameters. 

3. SEM processes integrate both latent ancl observed variables. 

4. SEM has t he capacity to moc.lel rnult.ivariate associatiom;, and approximate direct and 

indirect influences of the set of variables under examination. 

In the field of SEM, there are two approaches: Covariance-Based SEM (CB-SEM) and component­

based SE 1 (also known as P artial Least Squares (PLS)) . Even though CD-SEM and PLS are two 

different approaches to the same conundrum, they are at variance not only with respect to their 

basic assm11pt iom; anc.l results , uut abo with respect to their approximat ion teclmiques (Hair et al. , 

2014b; Shook et al.. 2004). Reinartz et al. (2009 : 334) concur and state that "both start from the 

same set of theoretical and measurement equations but differ in how they approach t he parameter 

estimation problem." A brief discussion of the two approaches is given in the paragraphs that 

follow . 

2.5.1 Covariance-Based SEM 

Tenenhaus (2008) sta ted that CB-SEM is typically applied with an objective of model authentica­

tion and requires a substant ial sample (preferably more than 200 subjects). Crisci (2012) concurred 

that the goal of covariance structure analysis is the reproduction of t he covariance matrix of the 

manifest variables by means of the model parameters and that it is a large sample approach. The 

covariance structure model comprises of two parts: the structural model and measurement model. 



29 

Kaplan (2009) and h]ine (2011) concurred and stated that, "SEMs often involve a measurement 

model that defines latent variables using one or more observed variable, and a structural model 

that ascribes relntionships between latent variables." The general full structural covariance-based 

model is expressed as: 

(2.10) 

where rJ ( eta) is vector of endogenous latent variables, B (beta) is matrix of regression coefficients 

between endogenous latent variables , I' (gamma) is a matrix of regression coefficients between 

endogenous and exogenous latent variables , ~ (xi) is a vector of exogenous latent variables and 

((zeta) is a vector of disturbances. 

Additionally, Crisci (2012), stated that for the structural part of the model to be wholly specified 

the following two, square and symmetric, matrices are required: 

<J> (phi) - a variance-covariance matrix of thr! cxogcnons latent variables. 

\Ji (psi) - a variance-covariance rnatrix of the errors . 

The measurement model for cxogc11ous variables (X) is expressed a:; : 

(2.11) 

where, x is a vector of manifest exogenous variables, Ax (lambda :c) is a of matrix of regression 

coefficients relating xi to x manifest variables and 5 ( delta) is a vector of measurement errors in 

X . 

The measurement model for endogenous variables (Y) is expressed as : 

y =Ayr/+ € (2.12) 

where, y is a vector of manifo:;t cmlogc11ous variable:-;, Ay (lambda y) is a matrix of regressio11 

coefficients relating eta's to y manifest variables and c ( epsilon) is a vector of measurement errors 

in y. 

The measurement model is characteristically regarded as reflective and multivariate normality 

should be satisfied if approximation is performed by way of the maximum likelihood (ML) method. 
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2.5.1.1 Component-based SEM 

Component-based SEM, also known as partial least squares-path modelling (PLS-PM), in contrast, 

is primarily utilised for score computation and can be executed on very small samples. PLS-PM 

aims to account for prediction of the construct relationships (Fornell & I3ookstein, Hl82; Hair et al. , 

2010 and 2014b). According to Chin (1998) , parameter estimates in the PLS approach are found 

by basing on the capacity of minimising the residual variances of all dependent variables (both 

latent and observed). In contrast to CB-SEM , all the latent variables in the PLS-PM approach are 

expressed in a uniform way without taking into account whether they are endogenous or exogenous 

variables (Crisci. 2012). The path models in the PLS approach consist of three sets of relations 

namely, structural model, measurement model and weight relations. 

The structural model cau be stated as: 

(2. 13) 

where B represents the matrix of all path coefficients in the model and indicates the structural 

association between the latent variables. ( 111 is the inner residual term. 

Just like in the CB-SEM approach, the measurement model in PLS-SEM, identifies the relationships 

between the constructs and their related indicators. There are however two ways in which the 

relationships can be represented: reflective way and formative way. In the reflective way, indicator 

or manifest variables are considered to be reflections of t heir latent variables thus the direction of 

causality is regarded to be from the construct to the indicator (Fornell & Bookstein , 1982; Edwards 

& Bagozzi, 2000; Jarvis ct al. , 2003) . This can be rcprcsl·ntcd in equation form as: 

(2. 14) 

where Xpm is a linear combination of its latent variable ~m and >-pm represents the loading coeff-icient 

associated with the p-th manifest variable in the m block. Epm denotes t he outer residual term 

related to the manifest variable. 

Indicators, in the formative way, are considered as roots of t heir latent constructs thus tlie direction 

of causality is from the indicator to the construct (Jarvis et al. , 2003; Edwards & Bagozzi, 2000). 
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Formative indicators were originated by Curtis & J ackson (1962) and extended by Blalock (1964). 

The latent variable ~m is assumed to be a linear combination of its manifest variables Xpm and 

expressed as: 

~m = E p7rpmXpm+ J m (2.15) 

There is a dis('ussion in the scholast ic community regarding the value and pertinence of formative 

measures (Howell et al. , 2007; Wilcox et al. , 2008; Bagozzi, 2007; Diamantopoulos et al. , 2008). 

For example, Howell et a l. (2007) , have contended that formati ve meas urement has next to no 

value and is not an appealing option to the reflective measurement approach . Numerous other 

authors (e.g., Bollen, 2007; Diamantopoulos et al. , 2008) have suggested that formative measures 

are critical yet are thought little of in 1rnderestirw1ted in some fields. 

Neither of t he SEM approaches is by and large better than the other . For this reason, researchers 

need to utilise the SEM method that is best suited to their research objective, data characteristics, 

and model set-up (Fornell and Bookstein 1982; Gefen et al. 2011 ; Reinartz et a l. 2009). According 

to Astrachau et al. (2014), CB-SEM is a cuufirrnatory approach that dPmands the specificatiou of 

the full theoretical model prior to data analysis. Since this study was confirmatory, CB-SEM was 

a suitable approach . 

2.6 Application of SEM in studies involving the TPB 

SEM has been applied in a few of stwlit·s iuvolving thl' TPD 1nudel, iucluding studies in variuus 

African set t ings . For instance, Schaalma et al. (2009) applied SEM in their study aimed at testing 

the applicability of an expanded for m of the TPB on int entions to use condoms among sizeable 

samples of young people in South Africa and Tanzania. Their study, showed t hat intentions to 

use condoms are largely motivated by perceptions of control , perceived social norms and attitudes. 

This finding was in agreement with researches studies carried out in Europe and the United States 

of America (Sheeran et al. , 1999; Albarracfn et al , 2001 ). 

Bryan et al. (2006), also applied SEM to investigate the capability of TPB predictors t o explain the 

proportion of variability in condom use intentions among South African teenagers and ascertain the 
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degree to which , consistent with the TPB , intentions prospectively predict condom use behaviour. 

Sacolo, et al. (2013) made use of the SEM approach to investigate the TPB for predicting elements 

related to safer sexual behaviours, including sexual abstinence and condom use, among in-school 

youths aged 15 to 19 years in Swaziland. Results from the study conducted among Swazi in-school 

youth , found that perceived control for condom use was t!J e strongest predictor of condom use 

intention (/3 = 0.36, p < 0.01 ) followed by subjective norms (/3 = 0.27 , p < 0.01), and attitudes (/3 

= 0.2G , p < 0.01) . Espada, et a l. (20Hi) applied t lw SEM approach iu their rcscarc:h that compared 

the adequacy of t he TPB , SC:VI and the IMB skills model in predicting condom use among Spanish 

adolescents . 

More recent ly, Teye-Kwadjo et al. (2017b), utilised SEM in their study aimed at determining 

condom use predictors among heterosexual young people in south-eastern Ghana. The TPB was 

used as the guiding framework of t his study with the results indicating that attitudes toward 

condom use (b = .38; 95% CI [. 14, .62], p < .001) and perceived behavioural control over condom 

use (b = .47; 95% CI [.31, .63], p < .001 ) were significantly posit ively associa ted with condom use 

intention. Subjective norms were however not statistically significantly associated with condom use 

i11te11tio11 (b = .06; !JG% CI [- .14 .. 2G], p = .S93). R.csulb fro lll t he structural mo<ld usc<l to exalllinc 

the direct relationships between the TPB constructs indicated good model fit . The x2 test of the 

model was statistically significant with a value of 241.12 (112 , N= 684), p < 0.001 , x2 / df = 2.15, 

CFI =.967, RMSEA = 0.41; 90% CI [.034 . . 048] . The cross-sectional structural model explained 

61 % of the variance in condom use intention. 

2. 7 Application of MR in studies involving the TPB 

Guo et al. (2014) applied mult iple regression analysis in their study of TPB condom use predictors 

of among Chinese college students. T he study found that intent ion to use condoms was statistically 

significantly predicted by attitudes ({J = 0.213), subj ect ive norms ({J = 0.259), and perceived 

behaviour control (PBC) (fJ = 0.332). All predictors were statist ically significant at the 0.001 level. 
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PBC was the strongest predictor of intention to use condoms. T he variables explained 50.4 % of 

the variance in the model. 

Similarly, J emmott et ::il. (2007) , in a study designed to identify condom use intent ions among 

Xhosa-speaking adolescents in South Africa, established that attitude (B = 0.16 p < 0.0001) and 

PBC (B = 0.46, p < 0.0001) were significantly related to condoru use intention . In contrast to the 

findings by Guo et al. (2014), subjective norm was not a significant predictor of intention to use 

condoms among the Xhosa-speaking adolcscc11ts. The overall model was significant at the ll. 0001 

level and explained 37% of the variance in int ention. 

Multiple regression was also applied by Alvarez eL al (2010) in a study to identify predictors of con­

dom use among Mexican adolescents. Secondary data collected on the 4 -month post-intervention 

from 157 sexually active adolescents, aged 17 to 21 years were analysed . Consistent with the studies 

by Guo et al. (2014) and Jemmott et al. (2007), regression analysis revealed that positive attitudes 

towards condoms (/3 = 0.67 , p < 0.001) were significant predictors of condom use intention. Tech­

nical skills (/3 = 0.13 , p < ().01 ) and condom nsc self -efficacy (/3 = 0.24. p < 0.001 ) which were 

included in this study but were neither part of Guo et a l. (2014) 's nor Jemmot t et al. (2007)'s 

study, were also significant predictors of condom use i11tcnt io11 . 

All in all , the three variables explained 7S.5% of the variance in the condom use intention model. 

Additionally, Alvarez et al. (2010), utilised :YIR to investigate whether attitudes, subjective norms, 

control beliefs (impulse control , condom negotiation , technical skills, condom availability, self­

efficacy) and condom use intention predicted frequency of unprotected sex and proport ion of recent 

protected sex, consistent condom use and condom use at la.st sex . Results revealed th at intention to 

use condoms (/3 = 1.57 , p = 0.05), impulse control (/3 = 1.37, p < 0.01 ) and condom use negotiation 

(/3 = -1.lS , p < (l.O G) were significa11t predictors of consistent con<lorn use. The rcmainiug three 

condom use behaviours were not predicted by all t he IVs. Since different IVs are investigated across 

the studies, it is noL easy to compare the results effectively. 

More recently, Manyaapelo et al. (2017), applied hierarchical linear regression models to establish 

the distinctive contribution of "psychosocial correlates of the intention to use condoms among young 
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men in KwaZulu-Natal province."' The study uti lised the TPB as the guiding framework and results 

obtained from t he st udy revealed that subjective norms and perceived behavioural control towards 

consistent condom use explained 46% of the vmiance in the intention to use a condom. Subjective 

norms (/3 = 0.65, p < 0.001 ) and perceived behavioural control (fJ = 0.10 , p < 0.001 ) were significant 

predictors of intention to use a condom consistently. Attitude, though significantly conelated with 

intent ion to use a condom (r = 0.113, p < 0.05), was nonetheless not a significant predictor of 

consistent condom use intention . 

2.8 Summary 

This chapter highlighted condom use studies, especially those directed at adolescents, carried out 

by other researchers. At the onset, the researcher undertook to highlight the importance of tar­

geting adolescents in relation to condom use. Adolescents arc suitable and important intervention 

targets given t he phase of life they are in. As much as possible, the literature focused on TPB 

studies t hat involved a<lok sccnts and youth . A <liscussio11 0 11 applications of socio-cognitivl' theo­

ries in behavioural research which focussed on three theories that are mainly used in the sphere of 

HIV/ AIDS, namely, the socio-cognitive model, the informat ion-motivation behavioural skills model 

and the theory of planned behaviour was incorporated in the chapter. It is worth mentioning that 

a variety of modelling techniques can be applied to data analysis involving the TPB as highlighted 

by studies reviewed in this chapter. So for, logistic regression, multiple regression and structural 

equation models have been applied in studies based on the TPB . There seems however to be a 

scarcity of literature on the application of other modelling techniques such as LASSO regression 

and the GAM in TPB based condom use intention studies. This study thus sought to explore 

application of these latter techniques besides the currently applied techniques. It is also worth 

noting that none of the studies in literature cornpmed the efficacy of the modelling techniques. 



CHAPTER3. METHODOLOGY 

3.1 Introduction 

The basis of all research concerns identifying what forms "valid" research . Valid research is also 

cont ingent upon appropriate research method(s) that steer t he studies and engagements with epis­

t emic knowledge that is both cutting edge and on the hori7.ons of a specific discipline. A major 

purpose of nearly all research is to figure out some facet of the world experience in novel ways. 

St ructural equatio11 mot.leb offt•r a :mital>k enviro11111cut for seuse-rnakiug aud thm; relate philoso­

phy of science principles to theoretical and empirical research (Bagozzi & Yi , 2012 ). In order to 

carry out and appraise any research , it is vital to ident ify what these assumptions are. As stated 

by Holliday (2002:7), "no matter how extensive the researches, different researchers will always 

pursue and see very different things in the same sett ing." The important fact is that t he research 

methodology selected influences the results of t he research study. Cooperrider & Srivastva (1987: 1) 

stated that , "through our assumptions and choice of method, we largely create the world we later 

discover ." This chapter offers an explanation awl dcfc11cc of applicable rncthoclnlogy for attaining 

the research objectives according to the following topics: theoretical fr amework, research paradigm, 

t he research onion , research philosophy, research approach, research design, research strategy and 

methods. 

3.2 Theoret ical Framework 

The theoretical framework adopted for this study is t he TPB shown in Fig 3.1. The TPB is a 

well-researched model t hat prcclicts bdiaviour across a variety of settings. It has been dcscribccl 

as t he most broadly used theory in the investigation of sexual risk conduct in the western world 

(Albarracfn et al. , 2001 ). The TPB , which is an extension of the t heory of reasoned act ion (Ajzen & 

Fishbein , 1980; Fishbein & Ajzen , 1975) , was developed by leek Ajzen to predict human behaviour 
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(Ajzen , 1991). The theory suggests that any behaviour will almost certainly happen when there 

is a solid goal or strong intention and the capacity to complete the conduct , and when there are 

no environmental barriers to doing so (Fishbein , 2000; Conner & Armitage, 1998). The TPB 

endeavours to also predict non-volitional behaviours by integrating perceptions of control over 

execution of the behaviour as an extra predictor (Ajzen, 1988, 1991). 

Copyri(lllt 2006 lcek Ajzen 

,, 
,, ., 

, .. 
I 

' , 

Figure 3.1 Theory of Planned Behaviour (TPB) 

Source: http: / /people.umass.edu/ aizen/ tpb.diag.html 

In the context of TPB, attitude towards the behaviour , subjective norm, and Perceived Behavioural 

Control (PBC) influence behavioural intention. Attitudes are personal beliefs about the behaviour. 

They consist of behavioural beliefs and outcome evaluations. Subjective norms are beliefs about 

what the significant others feel about the behaviour. They are a social pressure to either carry 

out or not to carry out a given behaviour. Lastly, PBC beliefs are perceptions about one's ability 

to perform the behaviour. PBC focusses on one's perceptions of how effortless or hard it is for 
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them to carry out the behaviour in question. Mirniaga et al. (2009) suggested t hat behavioural 

control is similar to self-effi cacy and is determined by the individual's perception of how arduous it 

is going to be to engage in the behaviour. Bandura (1977) defined self-efficacy as "an individual's 

belief in their innat e ability to achieve goals ." According to Aj zen (2012), "PBC is conceptually 

similar to self-effi cacy", a term initia ted by Bandura (1977). Both PBC and self-efficacy refer to 

individuals ' beliefs in their ability to perform a given behaviour. The experience of mastery is 

the most important factor ddermining a person's self-efficacy. Others , 011 t he other hand, have 

argued that perceived behavioural control and self-effi cacy are conceptually distinct (Trafimow et 

al. , 2002). Since in this st udy focus was on intent ion to use condoms as opposed to actual condom 

use , there was no need to include both PB C and self-efficacy in the models. 

When targeted at condom use, t he TPB proposes that the intention to use condoms, pooled with 

PBC will predict the probability of a person 's utilisation of condoms. Condom use intention, in 

turn, is influenced by attit udes toward condom use , subject ive norms and perception of control over 

this behaviour. Generally, t he more positive t.he at t itudes and subjective norms, and t he greater the 

perceived behavioural control, the stronger the person 's intention to perform the behaviour will be. 

Giveu au adequate degree of actual regulat ion of t he behaviour , people are likely to execute their 

intentions when t he opportunity arises. Intention is t herefore presumed to be a direct antecedent 

of behaviour. 

3.3 R esearch P aradigm 

All research requires an nuclcrpiuuing for its inquiry, which is providctl by wurldviews and !oCientific 

paradigms. A paradigm comprises of the following: ontology, epistemology, methodology and 

methods. According to Crotty (1998:10), "Ont ology is t he study of being.'' Creswell (2014) , 

Ngulube et al. (2015) and Scotland (2012) concurred as t hey regarded ontology to be t he part of 

philosophy relating to the examination of the nature of being. Ontological assumpt ions relate to 

what forms reali ty. Researchers have to adopt a standpoint about t heir views of how things really 

are and how things in act uality work. 
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Epistemology has to do with the nature and forms of knowledge (Cohen et al. , 2007). Epistemolog­

ical assumptions relate to how knowledge can be formed, attained and transferred. Crotty (1998:3) 

defined methodology as "t he strategy or plan of action which lies behind the choice and use of 

particular methods." Consequently, methodology is focussed on answering why, what , from where, 

when and how data is collected and analysed. Methods, in contrast, are the detailed techniques and 

procedures that are employed to gather and analyse data (Crotty, 1998). Research methods can 

be traced back, through methodology and epistemology, to ontological position. Scotland (2012), 

states that, "It is impossible to engage in any form of research wit hout committing to ontological 

and epistemological positions." 

3.4 The R esearch Onion: Understanding the Research Process 

----..J 

~....;;:::a,,.;;,;;5=...-...:;----.,,,c.;--' ..... -r- - Te<hnlquesand 
procedures 

Figure 3.2 T he research onion 

(Source: Saunders et al. , 2012) 
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As depicted in Fig 3.2 above , every single layer of the onion represents a phase of the research 

process. According to Bryman (2012), "the research onion's usefu lness lies in it s adaptability for 

almost any type of research methodology and its use in a var iety of contexts ." T he different phases 

of the "onion'' are examined and concepts at each phase are explained in the ensuing sections. 

3.4.1 Research Philosophy 

The research philosophy ident ification is located within the outer layer of t he "research onion·' . 

According to Bajpai (20 11) , "research philosophy deals wit h the source, nature and development 

of knowledge." The assumptions generated by a research philosophy offer the rationalisation for 

how the research will be conducted (Flick, 2011). T he adoption of a specific research philosophy 

has a strong bearing on t he approach , methodology as well as the research strategy, data collection 

methods and statistical techniques to be adopted. This study is based on the positivism philosophy. 

Carson et al. (2001 ), stated that stat istical and mathematical t echniques are central to positivist 

research. Given that t his is a sti:t1 istical study, t he positivism philosophy wa:,, fitting. 

Positivism as a philosophy sticks to the opinion that no more t han factual knowledge acquired 

through observaLion (the senses), as well as measurernent, is relia ble. In positivism research , the task 

of the researcher is restricted to data collection and interpretat ion by way of an unbiased method and 

the research results are generally discernible and can be enumerated . Scotland (2012 : 10), concurred 

and stated that in positivism , "the researcher and the researched are independent entit ies." The 

ontological view of positivism is one of realism. Realism is the view that objects have existence 

independent of the knower (Cohen et al. , 2007:7) . The positivist epist emology is one of objectivism 

thus positivist researchers venture out into the world neutrally, discovering absolute knowledge 

about an objective reality. 

3.4.2 R esearch Approach 

The second layer of the "research onion" is research approach. Academic researchers use two com­

mon approaches: induct ive and deductive research. In the inductive approach , the t heory is a sequel 
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to data collection and analysis (Saunders et al., 2016). The inductive approach operntionalises data 

collection and sub ·equent analysis without an apriori t heoretical framework.Because of this stance 

in the execution of research, the research focus can therefore be fo rmed after the data has been 

collected (Flick, 2011 ). The deductive approach, on the other hand, foregrounds theory, philos­

ophy and orientation in order to opera.tionalise the research . Based on t his stance, the scientific 

and deductive approach formulates the hypothesis that is generated from pre-existing theory.The 

hypothesis is tested for its fit or otherwise to pre-existi11g theory. Tcsti11g the hypotheses therefore 

becomes the de facto reason for all such deductive research (Saunders et al. , 2016; Silverman, 2013). 

Positivism often encompasses the applicaLion of existing theory Lo develop hypotheses or models 

to be tested in the research process. In this study the TPB , discussed in section 3.2, was applied . 

The study thus fo llowed a deductive approach. 

3.4.3 Research Design 

The next three layers of the "011io11" focns on the process of research design . The first methodological 

choice that faces a researcher is choosing whether to pursue n quant itative , quali tative or mixed 

methods research design (Saunders et al. , 2016 ). QuanLitative research is directed at examining 

and explaining associations between variables , which are measured numerically and analysed by 

means of a variety of statistical and graphical procedures . While this research design is informed 

by a positivist philosophy, it can be used to investigate wide-ranging social phenomena, including 

attitudes and subjective viewpoints. Saunders et al. (2016 :166) stated that , "Quantitative research 

is usually associated with a deductive a.pproacl1, where the foc us is on using data to test theory.'' 

Qualitative research , in contrast , is customarily used for exploring the meaning of social phenomena, 

im;tpad of punmi11g cau::;al rdatio11::;hip::; betwee11 co11firmcd variable::; (Fcilzer, 2010 ). Accordi11g to 

Denzin & Lincoln (2011) , qualitative research is often associated with n.n interpretive philosophy. 

Included in the methodological choice is the option of using one (mono) research approach, mixed 

method (usually both a. quali tative and quantitative design) or multi-method . The current study 

used the quant itative research design. 
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3.4.4 Research Strategy 

The research strat.egy is a plan: it regulates and anticipates what and how the researcher executes 

the study, always seeking to provide systematic answers to a specific research question. Methodolog­

ically, t he strategy links philosophy aml data collcctio11 and analysis rnethuJ s (Dcn:tin & Lincoln, 

2011). Possible research strategies that the researcher can implement include: narrative inquiry, 

grounded theory, action research, ethnography, case study, archival and documentary research, sur­

vey and experiment. The adolescent study, which generated the da ta used in this study, was an 

experiment in which participants completed a survey via a udio / computer assisted self-interview 

(ACASI) technology. 

3.4.5 Time Horizons 

Two forms of t ime horizons are indicated within the "research onion": the cross sectional and the 

longitudinal (Bryman, 2012) . The cross sectional time horizon is one already established, whereby 

the data must be collected. A longitudinal time horizon for data collection refers to the collection 

of data repetitively over protracted period, and is utilised where an important element for the 

research is investigat ing change over time (Goddard & Melville, 2004). The school based project, 

which was a source for the data used in this study, was a longitudinal randomised control trial 

designed to assess the effieacy of an intervention t.o promote abstinence and consistent condom use 

among Batswana in-school adolescents. 

Data was collected at baseline (prior to the intervention) and 0 11 completion of the intervention. 

Data for the same participants was also collected at the 3, 6 and 12-month follow up periods. 

However, in order to avoid repeating the analysis carried out in the projecL, Lhis study only used 

the school-based baseline data which had a.bout 800 participants from Gaborone schools and its 

surrounding areas . According to Teye-K wadjo et al. (2017a), increasing cross-sectional research 

indicates that t he TPB is robust in predicting intentions to use condoms and condom use behaviour. 

Thus the cross-sectional time horizon used for this study was suitable. 
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3.4.6 Data Collection and Analysis 

Secondary data from the University of Botswana Adolescent Research Projc~ct (UBARP) school 

based project was used for this study. The project was an NIH (GRANT R.24HD056693-05) spon­

sored collaboration project between the UJJ iversity of Botswana an<l U11iversity of Pennsylvania. 

It was conducted at the University of Botswana from 2008 to 2012 . The UBARP was a 3-in-1 

project targeted at school based adolescents , church based adolescents as well as adolescents living 

with HIV/ AIDS (ALWHA) respectively. Secondary targeted outcomes were to limit the number of 

partners as well as encouraging adolescents to go for HIV testing. T he current study also limited 

the target outcome to condom use intention. Since the dat11 used in this study relates to humans, 

some ethical considerations had to be undertaken. 

Ethics in research are a worldwide set of pri11ciplcs regul ating t lie way in which any research 

encompassing interaction between the researcher and other human beings or human tissue or data 

relating to humans is conuucteu. Ethical com;illeratious iu research are essential. For t his study, 

since secondary data was used , permission to use the data was sought in writing from the University 

of Botswana and was duly granted. Clearance was also so ught and given by t he ethics committee 

within the Faculty of Economic and Management Sciences at the North West University. 

Variables that were relevant to this study are discussed in section 3.5 below. 

3.5 Measures 

Manifest variables indicating attitude (affective and instrumental attitude), subjective (injective) 

norms, perceived controllability and self-efficacy are examined in the condom use intention model. 

The variables together with their indicators as well as description are displayed in Table 3.1. 



43 

Table 3.1 Candidate condom use intention variables for Confirmatory Factor Anaysis 
( CFA) and SEM analysis 

Construct Item Mean Std. Deviation 
Norms NOl 4.19 1.06 

NO2 4.08 1.24 
NO3 4.03 1.26 
NO4 4.03 1.13 

AfLAtt AA l 1.75 1.10 
AA2 2.34 1.2;, 

AA3 1.65 0.85 
AA4 U)8 1.05 
rAA:} 2.51 1.19 
rAAG 2.89 1.13 

Instr_Att IAl 4.34 1.02 
IA2 4.39 0.94 

IA3 4.44 0.86 

Perceived_control PCl 3.97 1.10 
PC2 3.84 J .18 

PC3 4.26 0.90 
PC4 4.27 0.86 

PC5 4.09 1.00 

PCG 4.07 0.96 

PC7 3.53 1.18 

PC8 4.34 0.9G 

PC9 4.32 0.84 

PCl0 3.35 1.16 

PCll 2.55 1.36 

Cdm U se-1ntention CUil 4.40 0.89 

CUI2 4.42 0.85 



44 

3.6 Assumptions 

Statistical methods are centred on different ass umpt ions that support the methods. It is for the 

reason t hat researchers, for example, Gallagher et al. (2008) recommended checking of the data 

prior to linking it to the Analysis Moment Struct ure (AMOS) model. They argue that time spent 

checking the SE f assumptions "will avoid encountering problems at a. later stage" (Gallagher et 

al. 2008: 261) . The following assumptions need to be examined: 

• ormality of the data 

• Outliers 

• Multicollinearity 

• Heteroscedasticity 

• Missing data 

• Sample :;i.1c 

Once these assumptions are violated , interpretations and inferences based on the models are unre­

liable. The foregoing assumptions are discussed in more detail in the sections that follow below. 

3.6.1 Multivariate Normality 

The CB-SEM NIL approach, like many other multivariate statistical techniques, requires data to 

be multivariate normal (Astrachan, 2014). The norn1ality of the data, which is a fundamental 

assumption for making justifiable inferences, can be tested by means of several statistical tests or 

visual inspection (Rarnzan et al. , 2013). Multivariate non-normality can often be detected t hrough 

an inspection of outliers. Violating this assumption rna.y result in problems since non-normality 

affects the accur<1.cy of ;;tatistical tc;;ts. 

In SEM specifically, "non-normality can result in an underestimation of overall model fit , down­

wardly biased parameter est imates and underest imated sLandard errors" (Buhi et al. , 2007:79). 
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Since testing whether the assumptions for multivariate normality are met is impractical (Weston 

& Gore, 2006), scholars suggest examining t he distribution of each observed variable for skewness 

and kurtosis. Zainudin (2012) sugges ted that the examination of normality in SEM should be clone 

assessing the fi t of the measurement model prior to going on to modelling the structural model. 

Statistical tests and graphical approaches were both applied in the study since t heir combination 

enhance judgement on the normality of t he data (Ramzan et al , 2013). 

3.6.1.1 Mardia's skewness and kurtosis tests 

Skewness and kurtosis have for a long time been used in revealing non-nor111ality of univariate data 

(Pearson, 1930). Non-normality, can generate poor approximations in addition to unacceptably 

incorrect standard errors and hypothesis test results. As a result , t he assumption of normality is 

much more crucial than in models with non-stochastic exogenous variables. For mult ivariate nor­

mality, Mardia (1970) established two statistics for meas uring multivariate skewness and kurtosis. 

The skewness statistic Mardia's 111easure of rnult ivariate skewness (MS) is: 

MS= 2_ ~ (Y7Y) 3 
5L..,iJ 1 
n i,j = l 

(3. 1) 

where n is the sample size, Y is t he matrix of random variable of interest. The kurtosis statistic 

Mardia's measure of multivariate kurtosis MK is: 

M K= n {~tl1Yi ll4_p(p+2)(n-l) } , 
8p(p + 2) n i=l n + 1 

(3.2) 

where n is t he sample size, p is the number of parameters to be estimated , and Yi represents the 

observed data. 

The null hypothesis of normality is rejected by the skewness test, if MS is excessively large . The 

test founded on the centralised kurtosis statistic MK rejects the null hypothesis of normality if its 

absolute value l:\1KI is too large or when the p-value of the test surpasses t he critical value (Shao 

& Zhou, 2014). Alternatively, Bowman and Shenton (1975) thought about merging skewness and 

kurtosis into t he ensuing statistic: 

MSK = MS+ IIMKll 2 (3.3) 
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which exhibits an asymptot ic distribution in the univariate case. Doornik & Hansen (2008) , showed 

some applied functionality and useful power performance of MSK in the multivariate scenario . Ac­

tually, Mardia's test of multivariate kurtosis exhibited good proper ties for identifying multivariate 

out liers in a variety of circumstances (Schwager & :Y!argolin, 1982) . 

AMOS 25.0, used for modelling the data in t his study, provides normality checks for data includ­

ing skewness, kurtosis indexes and Mardia 's coefficient which is a test of mult ivariate normality. 

Normality assessment results arc obtained in AMOS 25.0 once the "test for normality and out­

liers" output box is selected under the analysis properties. Critical ratios provided by the AMOS 

output as attached to kurtosis represent Mardia's normalized estimaLe of mulLivariaLe kurtosis. 

Bent ler (2005) , suggests that , in pract ice, values > 5 are indicative of data that are non-normally 

distributed. 

A multivariate kurtosis statistic greater than the critical rntio (c .r .) value indicates that the data 

is not normally distributed. Additionally, the normality assessment is attained by considering the 

measure of skewness for each item. An absolnte vahw of skewness equal to 1.0 or lower shows that 

the data is normally distributed. Skewness values larger than 1.0 in absolute value are however 

acceptable if the :sample :si:w i:; large(> 200) aml the c.r.for :skcw11e:;:; doc:; not go above 8 (Zainudin, 

2012). Since AMOS was used for analysis in the study, this procedure was used to assess for 

multivariate normality. 

The relat ion of Mardia's (1970) measure to the Mnhalanobis distances is as well beneficial for 

appreciating the measure. The Mahalanobis distance is calc ulated using the fo rmula 

(3.4) 

where df is the Mahalanobis distance for a given individual, Xi is ith observation and S is the 

covariance matrix with variances on t he diagonal and covari ances off the diagonal. 

Large values of Mardia's measure, relative to the expected value under multivariate normality, 

suggest the existence of one or more cases with large Mahalanobis distances. The Mahalanobis 

distance reveals how distant an individual case is from the centroid of all cases for the predictor 
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variables. ·when the distance is large, the observation is considered an outlier. If after deletion 

of cases multivariate normali ty is still unattainable then there is need to go for Shapiro-Wilk's 

normality test (Shapiro & Wilk, 1965) discussed in the next section. 

3.6.1.2 The Shapiro-Wilk test 

The Shapiro-Wilk test fo r normality is designed to detect ;:i ll departures frorn normality. The test 

rejects the hypothesis of normality when the' p-vah1c' is lc'ss t hau or equal to 0.05. The Shapiro­

Wilk test statistic is considered to be the ratio of two variance estimators, the best linear unbiased 

estimator (BLUE) and the maximum likelihood estimator (MLE) (Shao & Zhou, 2014). The 

Shapiro-Wilk test , which was initially designed for testing univariate norn1ali ty, has the following 

formula: 

{ L~1 an,iZ(i) } 
2 

I:f ( z.;, ... ,Zn) 
2 (3.5) 

where z1, ... , Zn is the observed univariate data, z , . . . , z (n) are order statistics of z l , .. . , zn ,zn is 

the sample mean of the univariate variable, and the constants an,i are (an,I, ... , a11 ,11 ) = 
1 

( mrv-1 v-1m ) - 2 mTv- 1, with m = (m1, ... , mnf and V the mean covariance of the order statis-

tics of a random standard normal sample of size n , respectively. Browne's (1984) asymptotically 

distribution-free (ADF) est imat ion method could be used , if t he number of observations is suffi­

ciently large. Boomsma & Hoogland (2001:148) as reported by Schermelleh-Engel et al. (2003: 

41)) found that for a sample si7,c of n :S 200 , ., ADF is a disaster with more than one-third of the 

solutions being improper." 

3.6.1.3 Graphical Approach 

Chambers et a l. (1983), suggest t hat "there is no single statistical tool to assess normality that 

is as powerful as a well-chosen grnph.' ' According to Raruzan et Rl. (201:-3 ), a commonly used 

graphical technique is based on the distribution of ordered /fahalanobis distances of t he individual 
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sample points from their mean . Multivariate normality is assessed using a chi-square versus ordered 

Mahalanobis distance plot (Arifin , 2015). T he technique follows the fo llowing three steps: 

• Mahalanobis distances are sorted in ascending order. 

• Qua,ntiles associnted with the upper percentiles of the chi-square distribution are calculated . 

• Pairs of the quantiles and Mahalanobis distances are t hen plotted to obtain a scatter plot. 

A multivariate 11orrnal distribut ion is shown by t. !tc poiuts form i11µ; a straight. line (J3urdcnski, 2000). 

This graphical approach was applied as one of t he methods for assessing multivariate normality in 

this study. 

In multivariate analyses . if variable distribu tions are non-normal it is often necessary to transform 

the variable to form a new variable with a normal dist ribut ion. Transforma tion of variables co uld 

however lead to complicat ions in interpretation. In SEM if variables are non-normally distr ibuted 

it is completely logical and possibly even better to decide on an estimat ion method that addresses 

the non-normali ty as an alternative to transforming the variable. Non-normal items from the 

measurement model may be deleted before continuing wit h the analysis. Alternatively, t he farthest 

observation from the ceutre, based on the Mahalauubis distance, may be re1110veJ . According tu 

Zainudin (2012:73) , "the most popular method lately is to continue with the analysis using the ML 

approach and reconfirm t he result of analysis t hrough bootstrapping ., The suggestion by Zainndin 

(2012) was carried out in t l1is study. 

3.6.2 Outliers 

SEM assumes that the da,ta should be free of outliers. Byrne (2010: lOS) defines outliers as 

"cases whose scores arc substantially different from all others in a par ticular set of data." Outliers 

affect the model significance ( Garson , 2015). :vr ultivariate outliers can be examined and detected 

using the squared value of Mahalanobis distance as indicated in section 3.G. 1.1 above. AMOS 25.0 

calculates the squared values of Maha.lanobis distance and also provides information related to 

possible outliers (Byrne, 2010). Usually, an out lying case will have a squared Mahalanobis distance 
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value t hat stands apart from all ot her squared values. Gallagher et al. (2008) advise that t he 

decision of whether to delete or retain out liers should be given careful considerat ion as important 

informat ion may be lost when excluding them. 

3.6.3 Multicollinearity 

Mult icollinearity refers to sit uations where measured variables are so highly correlated such that 

t hey are iu essence reduudant (Westou & Gore, 2006) . Siuce related measures are used a8 iudicators 

of constructs , t hey sugges t tha t t here is a possibility tha t the measures may be too highly related 

for certain statistical operations to function properly. Multicollinearity could as a result lead to 

erroneous parameter es t imates and even cause sta t istical non-sign ific:rnce of parameter estimates 

(Grewal et al. , 2004), t hus leading to wrong interpretation or removal of significant predictors 

from t he model. A rough guideline for checking multicollinearity is to screen bivariat e correlations . 

According to Kline (2011 ), b ivariat e correlat ions greater than r = 0.85 can be indicative of potential 

probkms. Most regression software packages have a "t.olcrnncct panunct cr as part of the aualysis 

output . Low tolerance values point to stronger rela t ionships between IVs. Myers (1990) and Stevens 

(2009) suggest tha t tolerance va lues in the range of 0.1 are problemat ic. Related to tolerance is a 

statistic known as Variance Inflation Factor (VIF ), which is calculated using t he formula : 

1 
V I F =---­

Tolerance 
(3 .6) 

According to Cohen et a l. (2003) , Myers (1990) and Stevens (2009) , a VIF value of 10 is indicative 

of high correlat ion t hat may be problematic. 

3.6.4 Missing Data 

In the real world , missing values oc.cur in conntless data sets, in spi te of t he b est efforts at prevent ing 

such occurrences. Missing data are ever-present t hroughout t he social, behavioural, and medical 

sciences (Enders, 2010). Missing data ar ise d ue to rna11y causes, including hardware failure, software 

bugs , missed appointments, and case attrition t hus causing a problem fo r researchers using SEM 
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t echniques for data analyses. A few missing values, such as less than 5% on a solitary variable, in 

a huge sample might be of little concern. Enders (2010) and Zhang & Little (2009) also echoed 

that missing observations can be problemat ic in SEM and suggested that the problem should be 

dealt with prior to data analysis. Hair et al. (2014a) stated that missing data causes two main 

complications : (1) it reduces the capabili ty of statist ical tests to indicate a relationship in the 

data set , and (2) it produces biased parameter approximations. Missing dat a may therefore create 

problems for model estimation and hypothesis tcsti11g. The possible effects of missing data hinge 

on the rate of occurrence, the pattern of missing observations, and the reasons for the missing value 

(Tabachnick & Fidell , 2014) . 

The extent of missing data is directly related to the quality of statistical interpretations. There 

is, however, no recognised limit from the literature concerning an accepta ble proport ion of missing 

data in a data set for one to make justifiable statistical inferences . For example, Schafer (1999) 

states that a missing rate of 5% or less is insignificant . Savalei & Bentler (2006: 355) concur and 

suggest that, "missing data below 5% might be ignored by use of listwise deletion when computing 

correlation or covariance matrices. ·, 

Bennett (2001 ), 0 11 t lw other hand, maintains that "statistical aualysis is likely to be biased when 

more than 10% of data are missing." Sa.valei (2008), showed that the maximum likelihood goodness 

of fit index, chi-square, declines more quickly than usually stated in the literature when the data are 

highly non-normal and with a high proportion of rnissingness. Moreover, the extent of missing data 

is not the solitary measure by which a researcher evaluates the missing data problem. Tabachnick 

& Fidell (2014) suggest that t l1e missing data mechanisms and t lie missing data patterns have more 

bearing on research results than does the extent of missing data. 

3.6.5 Missing D ata Mechanisms 

In order to develop more understanding in the missing data problem , the reasons for missing data 

are singled out in a number of missing data mechanisms. These meclrnnisms define the fundam ental 

reason of missing data and were first defiued by Rubin (1976). Missing data mechanisms relate 
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to the st atistical relationship between variables and the probability of missing data. Rubin (1976) 

and Little & Rubin (2002) differentiated three missing data mechanisms: Missing Not At Random 

(MNAR), Missing At Random (MAR) and Missing Completely At Random (MCAR). T hese missing 

data mechanisms are significant since they are assumptions for the missing data treatment methods. 

It is worth not ing t hat t he missing data meclianisms are not features of a complete data set , but t he 

mechanisms are just assumptions which have some bearing on the performance of different missing 

data methods. 

Data is regarded as MNAR when the existence of missing data for a specified variable is related to 

that variable itself even after controlling for other variables in the dataset. According to Enders 

(2010) , t he probability distribution of M=" AR can be written as 

P (RIYobs, Ymis , q) 

where Y is a matrix of t he whole dataset 

Yobs represents the observed part of t he data 

Y mis represents t he missing part of the data 

R is a missingness matrix 

(3.7) 

q is a vector of parameters describing the relationship between missingness, R and the dataset , Y. 

Equation (~tG) iudic:1-1,t.es t hat "the probabili ty of whether a position in R is 0 or 1 llcpcnds on both 

Yobs and Ymis and this relationship is governed by q" (Nakagawa, 2015:84). Notably, q is known 

as the mechanism of missing data and provides the fo undation for differentiat ing between MN AR, 

MAR and MCAR. 

The MAR mechanism is a t work when the probabili ty of missing data in a variable is related to 

some other variable(s) in the dntaset. T he probability distribution fo r MAR is expressed as: 

P (R IYobs , q) (3.8) 

This implies that missingness depends only on Yobs and the relationship is governed by q. 

Lastly, when missingness does not depend on either Yobs or Ym is values in the dataset, t he missing­

ness is considered to be missing completely at random (MCAR.). The probability distribution for 
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MCAR is expressed as: 

P (Rlq) (3.9) 

T his implies t hat t he probability of rnissingness is independent of the data . However , whether 

positions in R t ake 0 or 1 is still governed by q . 

Hair ct al. (2014a) suggested t hat if t he pattern of missiug data is systematic (i. e. non-ignorable 

or is not missing at random), any method used to treat t his missing data could probably produce 

biased results, whereas, if the missing data is distributed in a random manner with no clear pattern 

(i.e. missing completely at random = MCAR), any remedy to treat t his problem is expected to 

produce acceptable results . The different possible techniques for t reat ing missing data are discussed 

below and the strategy that was applied in this st udy is indicated . 

3 .6.5.1 Listwise D e letion 

Listwise deletion is a frequently used and easily executed deletion strategy (Pituch & Stevens, 

2016). In this method , cases that have any missing data are deleted from the analysis. Kang 

(2013) and Pit uch & Stevens (2016) concur t hat listwise delet ion is t he defaul t option fo r handling 

missing data in most software programs. A primary limitat ion of listwise deletion is t hat it usually 

requires that the data are MCAR and may severely decrease statist ical power if many cases have 

missing dat a on one or more variables. Wit h a proportion of 5% or less missing data, however , 

Roth (1994) states that "list.wise <lata deld ion is a <lefonsiblc strategy for hau<l ling the incomplete 

data problem." When the sarnple size is greater t han 250 and the proport ion of missing data fo r 

t he analysed variables is less than 10%, Gallagher et al. (2008) recommend t he implementation 

of listwise delet ion . Kang (2013) suggests that , "if there is a large enough sample, where power is 

not an issue, and the assumption of MCAR is satisfied, the listwise deletion may be a reasonable 

strategy.'' T his study applied steps suggested by Byrne (2001) for dealing with missing data, which 

are: (l )Invest igat ion of t he total amount of missing data, (2) Invest igation of t he patt ern of missing 

data, and (3) applying an appropriat e technique to dea l with missing data. 
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3.6.6 Sample Size 

Sample size considerations are w~ry important before running a SEM analysis. While large samples 

result in less sampling error compared to small samples, some difference of opinion exists with 

reganl tu recunnnendcJ. sample si½L'S for SEMs (Dagoz;z;i & Yi , 2012). While Luchlin (2004) recom­

mends that a model with 2-4 latent factors needs at least 100 responses , Bentler & Chou (1987) 

recommended that there should be 5 responses per estimated parameter. Kline (2011) suggested 

that a larger sample size of more than 200 is more appropriate for SEM . According to Gallagher 

et al. (2008) "prevailing agreement has long been that SEM requires a large sample size.·' 

According to Meyers et al. (2013), one rule of t humb is that "sample size should be at least 50 more 

than times the number of variables in the model. '' Stevens (2009) on the other hand suggested 

that there should be at least 15 cases per measured variable or indicator. 

Hair et al. (2014a) took into consideration influencing factors such as the number of latent variables, 

lowest munber of inJ.icators ill a latent variable alld communalities ill J.eterminiug the appropriate 

sample size. Ullman (2014), however , suggested that models with strong expected parameter 

estimates, reliable measured variables and well-defined construcLs may require less data. The 

required sample size is dependent on the data quality, complexity of the model and the estimation 

method that is applied . Generally, larger samples are required for non-normal data. 

This study used a sample of 794 participants. With 20 observed variables considered as possible 

model candidates, the resul tant cases-to-observed variables ratio, found by dividing 794 by 20 , was 

approximately 40: l. This rat io is much higher Lhan St<wcm;' (2009) imggcstion of at least 15 cases 

per observed variable or indicator. Hair et al. (2014a: 574) recommended a minirnum sample size 

of 300 for models containing seven or fewer constructs with lower communalities ( < 0.45). The 

sample size used in t his research was therefore adequate. 
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3. 7 Steps of Structural Equation Modelling 

3.. Sel acc ffl&.illl.S.Ul"'iit:S:~ 

co.l•ctd t:a1 

(Source: Kline, 2011:92) 

Figure 3.3 Steps of SEM 

Fig 3.3 displays the steps that are followed in conducting structural equation modelling. As depicted 

in Fig 3.3, the application of SEM involves an it<:'rative process consisting of five consecutive steps: 

model specification , model identification, model est imat ion , model fi tting, and model modification 

(Bollen & Long, 1993; Schumacker & Lomax, 2016). The steps are discussed in detail in the sections 

that follow . 

3.7.1 Model Specification 

Specification of a model is t he first and most important step in SEM analysis. A combinat ion of 

theory and empirical research results usually guides the model specification (I-lox & Bechger, 1998). 

In this step, the model and hypotheses to be tested are presented most often through a diagram. 
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Decisions pertaining to t he variables to be included in t he model along with how these variables are 

related are undertaken in this step. If a variable or parameter is erroneo usly omitted or included in 

a model, a mis-specified model can result. Mis-specified models in turn result in biased parameter 

estimates and may not fit t he data according to global fit indices. The proposed models for this 

study are specifi ed in sections 3. 7.2 and 3.7.3. 

There is no consensus among researchers on how SEMs should be represented . Bentler (2010), for 

instancc,would rather use equations aml simple diagrnrns while others such as Iacobucci (2009), 

would rather use matrix algebra and diagrams plus Greek letters. The preference is essentially a 

matter of taste and a researcher 's earlier experience with one rnethod or another. Although the 

first is less daunting t han t he latter , it is recommended that one becomes acquainted with both 

the utilisation of equat ions and matrices and Greek letters. SEMs are most often represented 

graphically. Path diagrams generally are integral to model specificat ion because t hey allow the 

researcher to clearly show the hypothesised set of relationships in t he model. These diagrams 

clarify a researcher 's ideas about. the relationships am ong variables and are d irectly translatable 

into the equat ions deployed consequently fo r the analysis. 

Whilst a number of conve11t iom; are ut ilised in creating SEM path diagrams, observed or ma11ifo:,;t 

variables are commonly represented using rectangular shapes while lat ent variables or constructs 

are signified by circular or ellip tical shapes. Residuals are also represented by circular or elliptical 

shapes. Arrows are used to depict hypothesised relat ionships between variables . Straight arrows 

represent direct effects between two variables. Curved arrows or two-headed arrows represent 

correlation between var iables. A complete SEM model con1prises of measurement and structural 

models. A model ought to be developed centred on cert ain fundamental hypothesis. In t his study, 

model spccificat.ion was done graphically (See Fig 3.4 and Fig 3.5 ) as wdl as using equations 

(See Equations 3.10 - 3.35) 
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3.7.2 Measurement Model 

According to Khine et al. (20B), the measurement ruodPl links observed responses or ' indicators' 

to latent variables and in some cases to observed covariates (i. e., the Confirmatory Factor Analysis 

(CFA) modd). Ganmn (201S) concurred that the mL•a::; urcmcnt modd ::;tep is call<:\<l CFA model 

since its purpose is to validate ( confirm) the way the researcher has measured the latent variables 

in the model. Using the graphical convention discussed in section 3.6 , t he proposed measurement 

model for this study is shown in Fig 3.4. 

Figure 3.4 Hypothesised meal:iurement model 
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Letting ~1 = Perceived_control , 6= AfLAtt , 6=lnstr_Att, ~4= Norms and 17 = CdmUse_Intention 

and following equations (2.7) and (2.8) given in section 2.5.1 , the hypothesised measurement model 

can be expressed as Equations (3 .10) - (3.35): 

PCll = 6 + 61 (3 .10) 

(3.11) 

(3.12) 

(3.13) 

(3.14) 

(3 .15) 

(3.16) 

P C4 = >-s6 + c5s (3.17) 

P C3 = >-96 + 69 (3.18) 

PC2 = >-106 + c510 (3.19) 

PCl = >-116 + 611 (3.20) 



58 

AAl = 6 + 612 (3.21) 

(3.22) 

(3.24) 

rAA5 = >-166 + c516 (3.25) 

rAA6 = >-116 + 617 (3.26) 

IA3 = 6 + c51s (3.27) 

I A2 = >.196 + 819 (3.28) 

(3.29) 

(3.30) 

('.3.31) 

(3 .32) 
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CU fl = 'T/ + E1 

cu 12 = A25'T] + E1 

where Ai is the loading of the observed variable on the common factor (j for j = 1,2,3,4 

Oi is the residual error 

(3.33) 

(3.34) 

(3.35) 

The CFA (measurement) model permits for inferential testing of two clas ses: the significance of 

each of the factor loadings, and global fit of the model (Iacobucci, 2009) . Garson (201 5) furth er 

stated that CFA establishes convergent and divergent validity in the proposed model. A good 

SEM analysis fit clmnonstrates that the indicator variables rdiec:t t he la tent variables which they 

represent and that the latent variables differ from each other. 

CFA was performed by co-varying all constructs contained in the model. The validity of each 

construct was then assessed through assessment of model fit and construct validi ty and reliabil­

ity. To ensure adequacy of a measurement model, Carmack & Lewis-Moss (2009) and Hair et al. 

(2014a), recommended inclusion of items in the model that are consistent with theory and having 

factor loadings of 0.6. Field (2013), then again , advocated the recommendation of Guadagnoli & 

Velicer (1988) to consider a facto r as dependable if it has at least four loadings of at least 0.6 

regardless of sample size. Stevens (2009) suggested utilising a cut-off of 0.4 , notwithstanding the 

sample size, for cxplauatory objectives. Iu iustances where items clo uot have the same frequency 

distributions Tabachnick & Fidell (2014) followed Comrey & Lee (1992) in proposing more rigorous 

cut-offs ranging from 0.32 (poor) , 0.45 (fair), 0.55 (good ), 0.63 (very good ) to 0.71 (exce llent) . The 

latter proposal is adapted for this study. A cut-off of 0.5 is therefore applied in this study. The 

proposal is in line with the unidimensionality procedure (Zainudin, 2012) which could be applied 

to the measurement model in order to remove indicator items that have lower standardised factor 

loadings ( < 0.5). As indicated by Zainudin (2012) , unidimensionality is attained when the factor 
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loading of items are at least 0.50 for newly developed scales and 0.60 for proven scales. Once the 

CFA upholds the measurement model, testing of t he structural model can then be carried out. 

3.7.3 Structural Model 

Figure 3.5 Hypothesised structural model 

Fig 3.5 shows the proposed structural model for t his study. This structural model involves stating 

::;tructural rela tiuu::;hip::; betwccu la t<:·ut cuu::;tructs which can be linked tu mca::;ureu variables with a 

reliance relationship. Structural models contrast from measurement models in that the prominence 
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changes from the association between latent constructs and their measured variables to the type 

and extent of t he association between constructs (Hair et a l. , 2014a). Two kinds of connections are 

conceivable among constructs. The first is a reliance relationship , which is constantly represented 

by a straight arrow and used between an exogenous construct and an endogenous construct. The 

second is a correlation relationship , which is delineated by a two-headed arrow connection , which 

can only be shared between exogenous constructs. 

Following Equation (2.G) from sucti011 2.fi .1, t he hypothesised structural model depicted in Fig 3.fi 

can be expressed in equation form as : 

(3.36) 

3. 7.4 Model Identification 

According to Kelloway (1998) and Schumacker & Lomax (2016) , a model may be considered ident i­

fied, if it is t heoretically possible to establish a unique est imatl' for each parameter. Every potential 

parameter in SEM is either free (unknown and hence it must be estimated), fixed (not free, typi­

cally fixed at either O or 1) or constrained ( unknown but constrained to some other free parameter) . 

Model identification is carried out after the model has been specified . According to Schumacker & 

Lomax (2016), t he question of interest under model identificat ion is: 

" On the basis of t he sa mple data obtained in the sample variance-covariance matrix S and the 

theoretical model implied by the population variance-covariance matrix E , can a unique set of 

parameters be found ?"' 

For a model to be identified , every parameter must be identified . The first step in the identification 

proce. ·s involves cotmt ing the 1mmber of <lata points an<l the number of parameters t hat are to 

be estimated (Tabachnick & Fidell , 2014). The number of data points is the number of sample 

variances and covariances found by applying the fo rmula : 

. p(p + l ) 
Number of data points= ---

2 
(3.37) 
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where p is the number of measured variables. 

There are three basic levels of identification and these can be assessed by considering t he models' 

degrees of freedom ( df). The degrees of freedom are calculated using the equation: 

v = p(p + l ) - k 
2 

(3.38) 

where k is the number of parameters to be estimated. :V1odels are classified as under-identified, 

just-identified or over-identified. An under-identified model is also referred to as not identified 

model. For this model, there is not enough information (i. e. there are fewer data points than 

parameters to be estimated) to uniquely estimate every parameter in the model; df < 0. The 

number of para111eters may be reduced by fixing, constraining, or deleting some of them. A 

just-identified model on the other hand provides just enough informat ion in the data (i.e. the same 

munber of data points as parameters to be est imated) to estimate uniquely every parameter; df = 

0. Hypotheses about the model adequacy cannot be tested while hypotheses about specific paths 

in the model can be tested. The model cannot however be modified. Lastly, an over-identified 

model has more than enougli infor111ation (i.e. more data points than parameters to be estimated) 

to uniquely estimate every parameter ( df > 0) and this is the preferred model. This type of model 

allows for modification. 

3.7.5 Model Estimation 

Once a model has been specified, factor loadings and covariances can be estimated. Model esti­

mation consists of approximating the parameters of the hypothetical model with the end goal that 

the theoretical parameter estimates produce a covaria11cc matrix that is as close as c011ceivable to 

the observed covariance matrix. In the estimation process, an estimation technique is utilised to 

find approximations of the parameters in 0 to minimise the difference between S, t he observed co­

variance matrix, and E(0). SEM differs from other multivariate methods in that it is a covariance 

structure analysis method rather than a variance analysis method (Hair et al., 2010) . Apart from 

the :v.Iaximurn Likelihood Estimation (MLE), the typically referred SEM technique (Hair et al. , 

2010), other estimation techniques that are applicable in SEM are described in literature, including 
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unweighted least squares (ULS), weighted least squares (vVLS ), generalised least squares (GLS) and 

asymptotic distribution free (ADF) methods. The two est imation methods utilised in this study 

are discussed below. 

3. 7.5 .1 Maximum Like lihood Est imation 

The MLE is a common method for est imating model parameters. Hair et al (2010 : 663) indicated 

that "MLE is preferred over alternat ive methods of t·st imat iou such as geueraliseJ least squares 

(GLS) , unweighted least squares (ULS), ADF, etc ." MLE uses derivatives to minimise the fit 

function: 

(3.39) 

when: FM L is the ML ht fuuctiou. 

The probability of observing S as a sample of the population with E is given by Wishart distribu­

tion: 

n - 1 e- 2tr(SE(0) ) 
p (S \ 0) = W (S, E (0), n) = 12 C 

\E(0)\n 

The probability of ubservin1c; perfect fit, i.e . S = E is given by 

The Likelihood Ratio (LR) is 

LR = W(S,E(0) ,n) 
W(S,S,n) 

e-~ tr(SE(0)- 1
) \S\n/2 

= \E (0)\n/2 C. e-~tr(SS- 1 )C 

(3.40) 

(3.41) 

(3.42) 

(3.43) 

(3.44) 
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Taking the log gives t he Log-Likelihood Rat io (LLR): 

(3.45) 

Since tr (ss- 1) = tr (I) = p, t he number of observed variables, we can write 

n ( _1 ) n n n LLR = --tr sr, (0) - - log IE (0)1 + -p + - log ISi 
2 2 · 2 2 

(3.46) 

Mult iplying by -¾ gives t he ML fit funct ion: 

(3.47) 

T he ML estimator assumes that the variables in the model are condit ionally multivariate normal. 

A shortcorning of MLE is the strong assumption of multivar iat e normality, since contraventions 

of distribut ional assumpt ions are widespread and often inevitable in practice and can possibly 

give rise to extremely inaccurate outcomes ( 'cherrnelleh-Engel et al., 200:{) . On the other hand, 

MLE appears to be essentially robust against violation of the normality assumption (Boomsma & 

Hoogland , 2001; Chou & Bentler, Hl95; Curran, West & F inch , 1996; Muthen & Muthen, 2002). 

Furthermore, Schermelleh-Engel et al. (2003:26) stated that 

"simulation stuc.lirn; suggest t hat unc.lcr couuitiuus of scverl' no11-non 11ality, ML parameter estimates 

are still consistent but not necessarily efficient .. , 

3. 7.5 .2 U nweighted Least Squares (ULS) 

T he ULS fitt ing function is colllparaulc to ordinary lca:;t. squares (OU,) e:-;timation in regressio11. 

The function is represented by t he formula: 

Fu Ls = (~) tr [(s - r, (0))
2

] (3.48) 

T he ULS fi tting fun ction differs from the other functions in that it is not built on an assumption 

of multivariate normality in the dat a. Bollen (1989a: 112) concurred t hat "ULS is a consistent 
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est imator , and it makes no distributional assumption about t he observed variables. " In the event 

t hat the normality assumption is not met, the ULS approach will be applied . Results obtained 

using this approach wi ll be compared with those obtained from application of the MLE approach. 

Choice of the est imation method to be use<l is dependent on whether the data are normally dis­

tributed or not. For instance, the ULS estimates have no distributional suppositions but require 

that the scale of all t he observed variables be the same to guarantee consistent estimates. The 

ML an<l GLS methods, on the other hand . prcsnpposc 11111ltivariatc uonuality while they arc not 

scale dependent. In instances where the normality supposition is violated, Yuan Bentler (1998) 

recommend the utilisation of an ADF method such as the W LS estimator or the ULS approach 

which does not presuppose normality. Research has demonstrated that MLE produces efficient and 

reliable est imates hence MLE was applied as the initial est imation method in this research study. 

3.7.6 Model Evaluation 

After coufinuing the fit of the rncF1.snn.m1ent model , the structural model can t hcu be analysed to 

decide the degree to which the model is upheld by the sample data. T hus model evaluation is about 

assessing how well the hypothesised model fi t the data and is performed at two levels : global and 

parameter levels . Global fi t indices are used to assess fit of an entire model. T he global fit indices 

evaluate the degree of discrepancy between the theoret ical covariance matrix ~ and the sample 

covariance matrix S. There is no single best fit statistic t hus it is prudent to report mult iple fit 

indices . 

It is worth noting that there is extensive disagreem<mt concerning fit indices. Some researchers 

( e.g. Barrett , 2007) do not th ink that indices add va lue to the analysis and prefer that only the chi 

squan· should be interpreted . Otlwn; ( e.g. Hayduk ct al., 2007) coutcuded that cut-offs for a fit 

index can be deceptive and subject to abuse. Most analysts, however . believe in the importance of 

fi t indices, but warn against strict dependence on cut-offs . Table 3. 1 shows some commonly used 

fit indices and cu t-offs. 
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Table 3. 2 Commonly Used Model Fit Indices in SEM 

Category Index name Fit Criteria Literature 

Factor Loading Standardized weight 0.5 Hair et al. (2010) 

Regression Weight 

Absolute Fit Chi-square (x2
) p > 0.05 'Wheaton et al ( 1977); 

Dollen (198%) ; Kaplan 

(2009) ; Kline (2011) 

Root mean square Close fit :S 0.05 Browne & Cudeck (1993); 

error of Reasonable fi t : 0.0G-0.0 Steiger & Lind ( 1980); 

approximation Poor fit: ~ 0.10 Steiger (1990) 

(HMSEA) 

Goodness-of-fit- ~ 0.9 Ji:ireskog & Sorbom 

index (GFI) (1984); Hoyle & Panter 

(HJ%) 

Incremental Fit Comparative fit in- Great > 0.95 Bentler (1990) ; 

clex (CFI) Traditional: 0.9 Hu & Bentler (1999) 

Sometimes acceptable: 0.8 

Tucker-Lewis index > 0.9 Bentler & Bonnet (1980); 

(TLI) Hu & Bentler (1999) 

ormed fit index > 0.9 Dentler ( 1990) 

(NFI) 

Parsimonious Chi-square/ df < 5.0 Marsh & Hocevar (1985) 

fit 

Adjusted GFI > 0.9 Ji:ireskog & Sorbom 

(AGFI) (1984); Tanaka & Huba 

(1985) 

Source:;: Dowen & Guo (2011); Hair et al. (2010); Kime (2011 ) ; P1t.uch & St.even:; (2016) 
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Over the past 25 years, at least 24 fi t indices have been proposed (Klem, 2000). In addition 

to the controversy about fi t indices referred to in the forego ing paragraph, t here is lack of agree­

ment among SEM researchers regarding classificat ion of tl1ese indices. T here is also disagreement 

about which individual fit measures might best be classified together. 

Arbuckle (2010) devised an eight-category scheme (parsimony, sample discrepancy, population dis­

crepancy, information theoretic, baseline model, parsimony adjusted , goodness of fit and miscella­

ncom;), whereas Tabaclmik & Fidell (2014) snggcstcd a five-category system (comparative, absolute, 

proport ion of variance, parsimony and residual based). Hair et al. (2014a) and J accard & Wan 

(1996) on the other hand suggested a triple group scheme (absolute, relative and parsimonious). 

The most-cited organisation system appears to be the t riple classification scheme of absolute, rel­

ative and parsimonious fit indices (Meyers et al. , 2013). They added model comparison indices 

AIC (Akaike Information Criterion), BCC (Browne-Cudeck Criterion) , BIC (Bayesian Information 

Criterion) and ECVI (Expected cross-validation index) to the scheme. Absolute, relative and par­

simonious fit indices together with model comparison indices were considered and arc reported for 

this study. Specifically, x2 , x2 /elf, GFI, RMSEA, NFI , CFI and AGFI are reported as fit indices 

iu t hi:-; :-;t udy. 

Absolute fit indices address the quest ion: Is the residual or unexplained variance after model fitting 

appreciable? The most basic assessment of how well a researcher 's theory fit s the sample data is 

thus provided by absolute fit indices . Included under absolute fi t indices are the x2
, GFI, SRMR 

and RMSEA. Relative fit indices (McDonald & Ho, 2002) or comparative indices (Mile:-; & Shevlin , 

2007) on the other hand address t he question: How well does a particular model explain a set 

of observed data compared to other possible models? Under relative or comparative fit indices, 

t he FI and CFI arc reported iu t his stwly. Parsimony fi.t indices captnrc the goodness of fi.t 

of a proposed model while adjusting the number of parameters to be estimated. T he AGFI was 

considered under the parsimony fit indices. Lastly, model comparison indices are used to compare 

different models and are applicable wheu MLE is used (Anderson, Burnham & White, 1998). The 
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AIC, BCC and ECVI will be considered under the model comparison indices. The var ious indices 

that were utilised for model evaluation in this study, are discussed in more detail below. 

3.7.6.1 Chi-square 

The x2 statist ic is the most important. absolute fit index . Historically, t he x2 was used to evaluate 

model fit with a non-significant x2 value preferred. The chi-square test tests the hypothesis 

Ho : E = f: versus 

I H 1: E # f: 

::::, a: 1 with the test statistic X 2 = (N - 1) {ln IEI + tr (SE- 1) - ln ISi - p} ~ x~ where S is the sample 

~ ~ covariance matrix and E is the predicted covariance mat rix . Low 2 values rela tive to the degrees 

Z CQ of freedom with an insignificant p value (p > 0.05) would support the model as representat ive of _, 
...I the data. For models with large samples (which is typically the case in SEM) , x2 will usually be ---

statistically significant. Due to its sensitivity to sample size, the x2 statistic nearly always rejects 

t he model whl'n large samples arc used (Bentler & Bormet , UJ80; Joreskog and Sorborn, 1993) thus 

Wheaton et al. 's (1977) relative chi-square (x2 / 1/) is sometimes preferred. Wheaton et al (1977) 
2 

and Tabachnick & Fidell (2014) recommend that 2 ::; ~ ::; 5. J oreskog & Sorbom (1996) and 

Bentler (1990), advised against t he sole use of t he x2 value in assessing the model's overall fit due 

to its sensitivity to sample size. 

3.7.6.2 Goodness of Fit Index 

Kline (2011:207) dchnl'd the GFI as "au absolute h t index that estimates the proportion of covari­

ance in the sample data matrix explained by the model" . T he GFI thus est imates how much better 

the researcher 's model fits compared wi th no model at all (Joreskog, 2004) . Analogous to R2 in 

regression models, the GFI calculates the proportion of variance accounted for by the estimated 

population covariance (Tabachnick & Fidell , 2014). It is calculated using the formula: 

(3.49) 
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According to Garson (201G), t here are some problems associated with the GFI. While its values 

are expected to lie between O and 1, t he GFI can at times yield meaningless negative values. 

Additionally the GFI can be large even fo r poorly specified models and is pushed up by large 

samples. 

3.7.6.3 Root M ean Square Error of Approx imation 

The RMSEA indicates how well a moue! with unkuowu but opt imally chot:>en parameter est imates 

would fi t the population covar iance matrix (Byrne, 1998) . The fo llowing formula is used to calculate 

RMSEA: 

RMSEA = ✓Ix~ - vi 
N- l 

(3.50) 

Kenny (2014) indicated that currently, t he R :VISEA is thl' most popular muasurc of modd fit and 

is repor ted in almost all papers that use CFA or SEM. MacCallum, Bowne & Sugawara (1996) 

used 0.01, 0.05 and 0.08 to specify excellent, good and poor fi t, respectively. However, others 

have suggested 0.10 as the cut-off for poor fitti ng models. Use of confidence intervals and tests of 

P CLOSE can assist in comprehending the sampling error in the RMSEA. The lower limit of t he 

90% confidence interval should be preferably be very close to zero while t he upper limit should 

be less than 0.08 (Kenny, 2014).The P CLOSE on the other hand gives a one-sided test of the null 

hypothesis that the R.MSEA equal:-; O.Ofi. 

3.7.6 .4 N ormed Fit Index 

In SPSS AMOS , the normed fit index is labe lled FI. "Normed" means t hat the index varies from 

0 to 1, with 1 indicating perfect fi t. The TFI was proposed by Bent ler and Bonnett (1980) and 

assesses the model by comparing the x2 value of the proposed model to t he x2 value of t he null 

model. According to Garson (2015), t he NFI reflects t he proport ion by which the researcher's 

model improves fi t compared to t lw null model. It. is calculated using the formula : 
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v2 x2 
NFI = AO -2 V 

Xo 

where X6 is the x2 value for t he null nwdel 

x~ is the x2 value for the proposed model 

I/ is the <kgn.'Cfi of freedom 

(3.51) 

NFI values above .95 are good (Schumacker & Lomax, 2016) , between .90 and .95 adequate and 

below .90 point to a need to re-specify the model. The NFI may underestimate fit for small samples 

and does not penalise models for lack of parsimony. 

3 .7.6.5 Tucker-Lewis Index 

The Tucker-Lewis index (TLI, also known as the Non- orrned Fit Index ( NFI)) compares the fit 

of thl' existing rnoclcl with that of the uull or iwlcpcmlcucc moclcl. It provides a small corwctiou 

for parsimony and is relatively independent of sample size (Tanaka, 1993). The TLI is calculated 

using the formula: 

TLI = x6fv~ - x~ /v 
~ -1 
110 

(3.52) 

Values of t he TLI close to 1.0 indicate a better fit while values over .9.5 and .90 represent a good 

and an adequate fit of t he model data respectively (Hu & Bentler , 1999) . According to Gallagher 

et al. (2008) , t he TLI has superseded the NFI as the latter could not deal well with small samples. 

3. 7.6 .6 Comparative Fit Index 

The Comparative Fit Index (Bentler , 1990) is a revised form of the NFI which takes into account 

sample si,.;e (Byrn(:', 1Y98) aud performs well (:'Vt'Il whcu sample si,.;c is srnall (Tauadrnick and Fidell , 

2014). The CFI is calculated using the formula: 

X2 - I/ CFI = 1 - _, ,,..._,,, __ 
XB - I/Q 

(3.53) 
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Values for this statistic range between 0 and 1 with values close to 1.0 considered as indicating good 

fit . A value of CFI 2 0.95 is recognised as indicat ive of good fit (Hu & Bentler , 1999) . According 

to Hooper, Coughlan & Mullen (2008), the CFI is included in all SEM programmes and is one of 

the most popularly reported fi t indices . 

3.7.6 .7 Adjusted Goodness of Fit Index 

The AGFI a<ljusts t he GFI based on t he 1m111ber of parameters iu the mo<lel, with more 8aturated 

models reducing fit (Tabaclmick & Fidell , 2014) . More parsimonious models are favoured while 

complicated models are penalised . AGFI tends to increase with sample size . It is calculated using 

the formula: 

tr [ (L,- 1s - 1) 2 / 11] 
AG F I = l - -~-~~-~­

tr[2(L,-1 S)2 / p(p + 1)] 

3 .7.6.8 Akaike Information Criterion 

('.3.54) 

The AIC is a comparative meMure of fi t t hus it can only be considered when two different or 

competing models are estimated . It is a usefu l cross-validation index because it tends to select 

models that would be selected if results were cross-validated to a new sample (Loehlin , 2004) . 

Similar to the chi-square index, the AIC reveals the degree to which the observed and predicted 

covariance matrices differ from each other. However , in contrast to t he chi-square index , t he AIC 

penalises models that are too complex. Small AIC values indicate a better fit hence t he model with 

t he least AIC i8 regardetl the best fitting mo<ld . Thne arc somewhat difkrcut formulae for the 

AIC found in the literature: 

AI C = x2 + m, (m+ 1)- 211 ('.3.55) 

where m is the number of variables in the model and II is t he degrees of freedom. When means 

an· included iu t he model , Lhe formula uew mes 
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AIC = x2 + 2p (3.56) 

where p is the number of free parameters (i.e. parameters to be estimated) in t l1e model. 

3. 7.6.9 Browne-Cudeck Criterion 

The Browne-Cudeck Criterion (BCC; Browne & Cudeck, 1989) is similar to the AIC in t hat it 

measures the balance between model complexity and model fit . T he BCC however impar ts a 

higher penalty t han t he AIC when t he model is complex. T l1 e BCC is calculated using t he formul a: 

X2 2k 
B CC= -+--­

n n-v-2 

3.7.6 .10 Expected Cross Validation Index 

(3.57) 

ECVI is recommended as a way of evaluating, in a single sample, the likelihood that the model cross­

validates similar-size samples from the same population. It meas ures the discrepancy between the 

fitted covariance matrix in the analysed sample, and the expected covariance matrix that would 

be obtained in another sample of equivalent size (Kaplan, 2009) . ECVI is calculated using the 

formula: 

X2 2k 
ECVI = --+-­

n-1 N- 1 
(3.58) 

Application of t he ECVI assumes a comparison of models whereby an ECVI index is calculated 

for each model and then all E CVI values placed in rank order . The model having t he smallest 

E CVI value shows the greatest potential for replication. It is possible to take the precision of t he 

est imated ECVI value into account through the formulation of confidence intervals. By reporting 

all ECVI value within t he bournls of a %% coufi.dcllcl' illtcrval, Oll l' call argue that over all possible 

randomly sampled ECVI. 95% of them will fall within the upper and lower limits of the interval 

constructed (Byrne, 2001) . 
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3.7.6.11 Hoelter Index 

Hoelter's critical N, also known as the Hoelter index , is 1rned to judge whether the sample size is 

adequate. The index is calculated using the formula: 

where n is t he sample size. 

(n - l )x2 (crit) 
N=-----+l x2 

Alternatively, if x2 (crit) is unknown, the Hoelter index is calculated using the formula: 

(3.59) 

)-: -" cc I N = [1.645 + /2v--=-1]2 + 1 
l"8d ~ 1 

(3.60) 
n - 1 + 

~ Cl:I By eouveutim, , sample size is adequate if > 200 au<l x' is statistically siguifieaut . Hu au<l Beutle, 

::i n998), however , do not recommend this measure. 

--
There are occasions when model-fit indices are no t acceptable because the sample data do not 

support the hypothesised model. In such an instance, Lhere is need for the re-specification of the 

theoretical model. Sclmrnacker & Lomax (201 6) recommended that researcl1ers ought to consider 

whether each parameter is statistically significant from zero , runs in the expected direction , and 

could be meaningfully interpreted if they wen) determined to establish the fit of individual pa­

rameters. Finally, the parameter estimates should remain within expected values (i.e., correlations 

shoulu. not exceeu. L variances shoulJ have positive valut·s). This recommenu.ation Wati au.opteu. in 

this study. 

3.7.7 Model Modification 

The final step of SEM involves model modification or re-specification. In this step , model modifica­

tion methods arc applied in order to find a model t hat best fits the data . The step is iterative and 

may involve more than a single iteration befo re an acceptable model fit is attained. Modification 

inu.iccs from the AMOS texL output can also I.Jc uscJ lo inform the aJu.iLiou of covariauce arrows to 

the error terms having the highest modificat ion index value but belonging to factors loading onto 
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the same latent variable if necessary. This is repeated for a single pair of error terms at a t ime 

until an acceptable model fit is achieved for all fi t indices. Once the modification iterations result 

in acceptable model fit , obtained parameter estimates are then be used to confirm the convergent 

and discriminant validity for the latent variables . In t his study, model re-specification (modifica­

tion) began by deletion of factors with factor loadings below t l1e cut-off. Acceptable model fit was 

attained following this initial step hence use of modification indices was not necessary. 

3. 7 .8 Validity 

Validity is t he ability of an instrument to meas ure what it is supposed to measure for a latent 

variable. Two types of validity are required for each measurement model and they are described 

below: 

3 .7.8.1 Convergent Validity 

Convergent validity refers to the degree to which indicators of a specific construct share a high 

proportion of variance in common. Results from the CFA were used to analyse the convergent 

and discriminant validity of the model. Convergent validity in the study was assessed using the 

average variance extracted (AVE) whicl1 is fo und by averaging the squared fac tor loadings for each 

construct as shown in t he formula below: 

~ >,2 
AVE = _L..,_i_J 

n 
(3.61) 

where Aij represents the factor loading i on factor j and n is the number of indicators for each 

construct. 

According to Hair et al (2010) , an AVE of 5.0 or higher is an adequate indication of convergence. 

3.7.8.2 Discriminant Validity 

Discriminant validity, on the other hand , refers to the extent to which a const ruct is fully distinct 

from another construct both in terms of how much it correlates with other constructs and how dis-
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tinctly measured var iables represent only this single construct. Discriminant valid ity was measured 

by comparing the AVE estimates for each factor wit h the squared inter-construct correlation (SIC) 

for that factor. Evidence of discriminant validity is shown by AVE> SIC (Campbell & Fiske, 1959; 

Heeler & Ray, 1972; Thompson, 2003; Hai r et a l. 2014a). T he average variance extracted (AVE) 

as well as the inter-correlation matrix was used to assess discr iminant vali dity in t his study. 

3. 7.9 R eliability 

In survey research , the term reliability reflects the internal consistency and how repeatable the 

method of a research is (Rubin et al, 2010). Reliability is indicative of the extent to which the 

indicators all measure the same thing. Reliability analysis allows the study of measurement scale 

properties and the individual items in the scale. According to Bryman & Cramer (2005), internal 

reliability is particularly important when there are nmltiple measurement items fo r each construct. 

Two criteria for assessing reliability are avai lable and they are described below: 

3.7.9.1 Internal R eliability 

Internal reliability assesses the consistency of t he results for different items for the same construct 

within a given measure. In this study, the Cronbach·s coeffici ent alpha (Cronbach , 1951) was 

used to assess the internal corn,istency of the items under the rnain constructs. Cronbach's alpha 

"measures tlie extent to which item responses obtained at the same time correlate with each other'' 

( Gallagher et al. 2008:268). The formula for calculating Cronbach's alpha is: 

Ne 
O:=-----

i7+ (N- l)c 

where = the number of items forming the construct 

c = average covariance between item-pairs and 

i7 = average variance 

(3.62) 

If the :,cure i:, high or within acceptable limit:,, validation can proceed. An alpha valm· of O.G or 

gTeater was considered adequate for this study. 
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3. 7.9 .2 Composite R eliability 

According to Hair et RI. (2010), composite reliability is an estimate of the extent to which a set 

of latent construct indicators share in their measurement of a construct. Composite reliability is 

calculate<l using the formula: 

CR= (3 .63) 

where Eii is the variance of th e error term corresponding to indicator i. 

It is worth noting that "there are no universally accepted standards" pertaining "minimally ac­

ceptable i11Jicator a11J co111posit e reliabilities· · (Daµ;01/.1/. i & Yi, 2012: 17) . 111 this study composite 

reliability values 2 0.6 (Hair et al, 2010; Zainudin, 2012) were considered as acceptable. 

3 .8 Bootstrapping 

Efron (1979) developed the bootstrap as a general t echnique for evaluating the statistical precision 

of an estimator. Hinkley (1988) stated that t he principle of bootstrap n1et·lwds is the simulation 

of pert inent attributes of a statistical technique with minimal model assumptions, Bootstrapping 

fu 11ct ious as a re::;ampli11g teclmiquc by which the original sample is det·me<l to repre::;eut t he pop­

ulation (Byrne, 2010). Mult iple subsamples of the same size as the parent sample are then drawn 

randomly, with replacement , from this population and provide the data for empirical invest igation 

of the variability of parameter estimates and indices of fit . T he bootstrap procedure thus allows 

the researcher to asse::;s t he st ability of parameter est imates and report their values with greater 

degree of accuracy. Accordi ng to Yung & Bentler (1996) , the bootstrap procedure affords a tool 

for tackling situations where assumptions of large sample size and/ or mult ivariate normality may 

uot hold . 

Bootstrapping has proved a robust resilience as a useful technique for t he fo llowing reasons: 

• It is easy to perform 
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• It assesses uncertainty about a parameter where more conventional classical statistics methods 

are not available 

• It makes use of the increased power and case of use of computers and 

• It matches conventional statistics methods where they are available, especially when large 

data sets are involved. 

3.8.1 Bootstrap Approaches 

There arc two approaches to bootstrappiug mundy: para.metric bootstrap and 11011-paramctric 

bootstrap. The parametric bootstrap is applicable when parameters of a population or probability 

distribution are est imated from a known distribution. The non-parametric bootstrap , on the other 

band, is used to estimate parameters of a population or probability distribut ion in situations where 

the distributional form is unknown . The two approaches use the same procedure but differ in the 

way they simulate data. The parametric bootstrap generates simulated values from a fitted model 

while the non-parametric bootstrap resamples original data. Non-parametric bootstrapping was 

applied in this study. 

3.8.2 Non-parametric Bootstrap Procedure 

The principal steps in the non-parametric bootst rap procedure whicli was applied in this study are: 

Step 1. An empirical probability distribution, Fn , is constructed from the sample by assigning 

a probability of 1/n at each point , :1: 1 , x2, ... , Xn of the sample. T his represents the 

empirical distribution function of the sample. 

Step 2. from the l'mpirical distriuutiou, Fn, a ranclom sample of si;-;c n is drawn with 

replacernent . 

Step 3. The required statistic, 0, is calculated for the sample generated in Step 2 above. 

Step 4 . Steps 2 and 3 are then repeated B t imes in order to create B resarnples. The value of B 

is usually at least equal to 1000 when an estimate of t he confidence interval around 0 is required. 
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The distribution of these B estimates of represents the bootstrap estimate of uncertainty about 

the true value of . 

3.8.3 Bias and Standard Error Estimation 

Dias can be viewed as the t<mdency of a sample statistic to systematically under- or over-estimate 

a population parameter . If 0 is an estimate of the parameter 0 then the bias for the estirnator 0 of 

0 is give11 by E ( e) - 0 . Moreover, an estimate of t he bootstrap standard error is calculated using 

the formula: 
1 B A - 2 - I: (0b-0) 

B - 1 b= l 
(3.64) 

where 0b, b = 1, 2, . .. , B Jenotes the B estirnates of 0 auJ 0 = (1/ B ) I:,f=l 0b J e11otes t he 111ean 

of the estimates across the B bootstrap samples. 

3.8.4 Bias-Corrected (BC) Bootstrap Confidence Intervals 

Singh & Xie (2008) referred to a confidence interval for a given populat ion parameter 0 as a sample 

baseJ rauge [01, 02] for t he unknown qua11t ity fJ such that it would lie within the range with a 

high specified probabili ty. The two frequently used confidence levels are %% and 99%.Unlike the 

usual confidence interval , the BC bootstrap confidence interval adjusts for bias in the bootstrap 

distribution. Puth et a l. (2015) stated that this method is founded on the assumption that there 

is a monotonic increasing transformation f () of the estimator 0 such that the transformed values 

f (0) are normally distributed with mean f (0) - zo an<l standard deviation one. 

3.8.4.1 Calculation of 95 p er cent interval 

Carpenter & Bit.hell (2000) suggested the following steps for calculating a 95% bootstrap confidence 

interval: 

Let 

(3.65) 
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represent the ordered bootstrap sample set such that 0; < 0;, for 1 :::; i :::; j :::; 1000. 

Step 1. Count t he number of members of equation (3.65) that are less t han 0 (calculated from 

the original data). Call th is number p and set b = <I> - 1 (p/ B ). 

Step 2. Calculate Q = (B + l)c:I? (2b - zo.05), where zo.05 = -1.64. Q is the percentile of the 

bootstrap distribution required for t he upper endpoint of the bias corrected confidence interval. 

Step 3. Estimate t he endpoint of the interval by 01nt(Q), where int( Q) implies 'take the integer 

part'. If a more accurate estimate is required , i11tt'rpolatio11 u m be: used bctwcc11 the l!H.'lllbl'rs of 

equation (3.65) by let ting the nearest integers to Q to be a, b, such that a< Q < b and b =a+ 1. 

The Qt h percentile is then estimated by 

0* = 0* + c:I? - i (¾i) - c1> -
1 (m) (0b - e:) 

Q a cJ?-l (s~1) - q")-l (s: 1) (3.66) 

The one-sided bias-corrected interval is ( -ao, 0Q ). 

Two-sided 95% confidence intervals are formed as t he intersection of two one-sided 97.5% intervals 

(Carpenter & Bithell , 2000). 

3.8.5 Bias-Corrected and Accelerated (BCa) Bootstrap Confidence Intervals 

BCa intervals use percentiles of the bootstrap d istribution without, necessarily using the lO0a -th 

and 100(1- ct)-th percentiles. The main advantage to the BCa interval is that it adjusts for bias 

and skewness in the bootstrap est imates distribut ion. The BCa interval involves t.he est imation of 

two parameters, the bias-correction parameter, zo and the acceleration parameter , a. According to 

Efron & Tibshirani (1993), BCa intervals have t he form : 

where 010 is Lhe lower confidence limit value 

0up is the upper confidence limit value 

0* are bootstrap parameter estimates 

a1 = '1> (zo + __ z_o_+_ z_°'-- ) 
1 - a( zo + zo:) 

(3.67) 

(3.68) 
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and 

,T, ( ZQ + Zl - a ) 
c:¥2 = '±' zo + ------

1 - a(zo + z1- a) 

<1> (.) is the cumulat ive distribution funct ion (cclf) of the standard normal 

Za is the lO0n-th percent ile of the standard normal. 

It is worth noting that when a = zo = 0, t.hen 

(3.69) 

(3 .70) 

----1 Efron & T ibshirani (1993) added t hat zo is found directly from the proportion of bootstrap repli-
)- , ' ::) a: . cations less than the original estimate 0, using the equation 

3~ (3.71 ) 

zm _, 
...I where i;p - l (.) is the inverse fuuctiou of the st.a1Hlard normal c<lf. 

The accelerat ion , a, is obtained using the for mula: 

(3.72) 

3.9 Multiple Regression Modelling 

The general regression model expresses the DV as a linear combination of t he IVs. It can therefore 

be represented as an equation: 

(3.73) 

where Y is the DV; X1 , X2 , ... , Xp are IVs; f:}1 , /32, ... , /3p are regression weights; /3o is the regression 

constant or intercept and e is t he residual. 

In this stu<ly, the model is repres<:·ntcd as: 

CdmU se_Jntention = /3o+ /31Af f _Att+ /32I nstr _Att+ /33N arms+ /34 P erceived_control +e (3.74) 
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3.9.1 Computation of composite variables 

Composite variables t hat were to be included in the MR model were computed by averaging the 

item scores for t he construct items confirmed by the SEM measurement model. After computing 

composite variables, the regression model was fitted following the steps shown in Fig 3.6 below: 

Figure 3.6 Regression Flow Diagram 

(Source : Field, 2013:316) 
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3.9.2 Exploratory Data Analysis 

Before running the mnltiple linen,r and LASSO regression model , the descriptive statistics of atti­

tudes toward condom use, subjective norms, PBC , and intention to use condoms were computed. 

The descrip tive statititicti help in thl' idcutificatiun of uutliern. Tabachnik & Fidell (2014) suggested 

the removal of values that fall outside the range "±3.29 standard deviations" away from the mean. 

Skewness and Kurtosis indices were also used to check fo r influential cases or outliers in the data. 

A detailed discussion on skewness and kurtosis was covered in section 3.6.1.1. 

3.9.2.1 Linearity 

Mult iple regression assumes that the relationship between the dependent and independent variables 

is linear. In tlH:' l'Vent that thl' rdatiuuship Ul'tWCL!JJ the DV and IVs iti 11011-lincar, tht· results 

of the regression analysis will under-estimate the true relationship (Osborne & Waters, 2002 ). 

Consequently, Osborne & Waters (2002:1) further explained that "this under-estimation carries 

two risks: increased chance of a Type II error for that IV , and in the case of multiple regression, 

an increased r isk of Type I errors ( over-est imation) for other IVs that share variance with that 

IV." Casson & Farmer (2014) propose that t he lineari ty assumption can be assessed by examining 

the relationship between the dependent and indepeudent variables on scatter plots. Bivariate 

scatterplots of the DV ( CdmUse_Jntention) aml t he IVs (Ajj~Att, Instr_Att, Norrns awl Perceived­

control ), as advocated by the above-mentioned authors, were used to visually examine conformance 

of the study variables to the linearity assumption. In addition, Pearson correlation coefficients were 

calculated to determine the strength of the relationships between variable pairs. 

3.9.2.2 Diagnostics 

Once the preliminary analyses were concluded, the regression model was then run. The model was 

d1eckl'd for multicollirwarity by cxami11i11g t h<.: collinearity <liaguust ics. R<..:tiidual plots were t ht·n be 

used to check error vnriance assumptions (linearity, normality and homogeneity of variance). The 

significance of coefficient estimates was examined and used to t rim the model. 
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3.9.2.3 Linearity of R esiduals 

Linearity of the relationship between residuals of prediction and predicted DV scores is assumed. 

Violation of this assumption may possibly bias the regression coefficients , standard errors and test of 

significance (Keith , 201G; Tabachnik & FiudL 2014). According tu Keith (2015), asscssmeut of this 

assumption can be done by inspecting a scatterplot of standardised residuals against standardised 

predicted values. If nonlinearity is existent the general shape of the scatterplot is curved instead of 

rectangular (Tabachnik & Fidell, 2014) Alternatively, one can fit a locally estimated scatterplot 

smoothing (loess) line to t he scatterplot . Conformity to the linearity assumption would be shown 

by the loess line coming close to a horizontal regression line that passes through zero. Cohen et 

al. (2003: 111) remark that the loess line should resemble "a young child 's freehand drawing of a 

straight. line .. , Significant departure from linearity would be indicated by a curved loess line. 

3.9.2.4 Normality of R esiduals 

The normality of residuals assumption implies that the residuals (errors) are normally distributed 

about the predicted DV scores (Casson & Farmer, 2014; Tabachnik & Fidell, 2014). Normality 

of residuals can be assessed via histograms or scatterplots of residuals versus predicted values . 

Another , more precise method , is the P - P plot (or alternatively, Q - Q plot) . A P - P plot 

of the residuals displays t he value of t l1c expected cumulative probability 011 one axis a11d the 

observed cumulat ive probability on the other. When the normality of residua.ls assumption is met, 

a superimposed normal curve on t he histogram suggests that residuals arc normal (Keith, 2015) 

while the residuals scatterplot would show a rectangular distribution with a concentration of scores 

along the centre. In the case of the P - P plot , the thick line will come close to the diagonal 

straight line when the residuals are normally distributed. A Q - Q plot of residuals on the other 

hand displays the value of observed residuals on one axis and the expected normal value of the 

residuals on the other. Similar to the P - P plot, if the residuals on the Q - Q plot are normally 

distributed, the thick line will come close to the diagonal straight line. This study made use of the 

scattcrplots , hislugram aud Lhe P - P ploL to tl':;L the uunnality uf rc:;iduals assumption. 
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3.9.2.5 Homoscedasticity and Heteroscedasticity of R esiduals 

Hornoscedasticity signifies tha t the variance of errors is approximately constant for all predicted DV 

scores (Tabachnick & Fidell , 2014) . In instances where the variance of errors changes for different 

values of the IV, lwteroscudasticity is shown (Osborne & Waters , 2002) . According to Berry 

& Feldman (1985) and Tabachnick & Fidell (2014), slight heteroscedasticity has inconsequential 

effect on significance tests; on the other hand, when heteroscedasticity is evident it can cause serious 

misrepresentation of conclusions as well as extremely weaken the analysis thereby increasing the 

possibility of a type I error. This assumption can be confirmed by visual examination of a scatterplot 

of the regression standardised residuals alongside the regression st andardised predicted value. 

According to Kline (2011) , t he homoscedasticity and normali ty of residuals assumptions are less 

cri t ical for the ruaso11 t hat regression is fairly roLust to t lwir violat ion . Keith (201G) added that 

the violation of the normality of residuals assumption is only worrying in t he case of small samples. 

Moreover, eve11 if the errors are not from a normal distribu tion, the central limit theorem could 

allow for the satisfying of the normality assumption since large samples (n > 50) are robust to the 

violation of the normality assumption (Lumley et al. , 2002). 

It is worth noting that since LASSO regression is applied to facilitate variable selection , its assurnp­

tions are t hose of the type of model it is applied to . T hus in the study, assumptions for ordinary 

least squares (OLS) regression apply to the LASSO regression. 

3.9.3 Steps in Ge neralised Additive Modelling 

The sections below outline the steps t hat are fo llowed when GAMs are applied. 

3.9.3.1 Model Specification in GAMs 

If g (µ) is in general an increasing or decreasing function in x , that is not a perfect straight line, 

but i:; a, bemliug curve, it call be moddll'<l a:; a combination of a. :;traight lille alld a :;rnoothi11g 

function. A model with a single predictor variable is specified as: 
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g (;1,) = f3o + f31x + f (x) (3.75) 

In this case, the effect of the smoothing fun ctio11 f (x:) is separated fron1 t he parametric linear effect 

f}ix. According to Liew & Forkman (2015) , if f31x was excluded from Eqn (3.75 ) , the smoothing 

function f (x) wonld express the totality of all linear and non-linear effects of x. 

3.9.4 Estimation in GAMs 

Estimation in GAMs is carried out through a combination of backfi t ting and iteratively reweighted 

least squares . The functions Ji and f3k are determined empirically according to the data and the 

assumed model. T he deviance is calculated from the model. T he PROC GAM procedure of t he 

SAS System and the garn function in R fit LOESS and cubic spline smoothing functions, using the 

backfittiug algorithm (Hastie & Tibshiraui , 1V8G; Hl DO). The algorithm is prcseutcd below. 

3 .9.4.1 B ackfitting Algorithm 

The basic idea behind backfitting is est imation of eacl1 smooth component of an additive model by 

iteratively smoothing part ial residuals from the additive model with respect to the covariates that 

the smooth relates to. T he backfitting algorithm is outlined below: 

Let 

Step 1: Set /3o = niean(Y ) 

Step 2: Initia lise !J(Xj) = f 7(Xj) 0 

Step 3: Itcrntc and cycle over the p variables for 

unt il the Ji do not change 

f:1 = Sj(Y - f3o - ~ fvl X .1) 
pf- j 

(3 .76) 

(3.77) 
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3.9.5 Assessing Mode l Fit in GAMs 

Model fit in GAMs is described graphically. Pitted values are plotted against valnes of the predictor 

variable. In order to show how well the curve fits t he observed values, t he graph may include the 

observed values. P ar t ial resi<luab are valuaLlt· for the examina tion of pre<lictur variablus (Guisan 

et al. , 2002; Wood, 2006 ). In part ial residual plots , part ial residuals are plotted versus predictor 

variable values. A good fit is shown by partial residuals that are randomly distributed around the 

curve for the smoothing function . In addition, it is possible to approximately establish whether a 

certain predictor variable is significant or not, by comparing deviances (Hastie & Tibshirani , 1990). 

Deviance is calculated using the formula: 

D = 2 (logL (saturated model) - logL (fitted m odel )) (3.78) 

According to Agresti (2007), the deviance is the likelihood-ratio st atistic for comparing the satu­

rate<l model to the fit t ed model. It it-i a test statistic for t he hypothL'sis t hat all parameters iucluded 

in the saturated model but not in the fitted model equal zero. For large samples, the sta tistic has 

an approximate chi-square distribut ion with df equal to the difference between the residual values 

for the separate models. In the case of two models, designated by M1 and M2, where M1 is nested 

in M2, large test statistics and small p-values suggest t hat model M1 fits more poorly than M2. 

Furtherm ore, Hastie & Tibshirani (1984) stated that in the case of Gaussian errors t he deviance is 

identical to the residual sum of squares (R.SS). 

3.9.6 Summary 

This chapter highlighted the procedures undertaken in this study in order to fit data to the SEMs, 

GAMs, MR as well as application of LASSO regression . The cha.pt r began by discussing the 

theoretical framework that was ut ilised in the data collection and the philosophical underpinnings 

associat ed witl1 th e research process. The variables or measures (both indicators and la.tent vari­

ables) used in this study were also delineated . Moreover , the chapter highlighted and discussed 

the test statiHt in ; and fit iutlicc~s to be employed i11 t he c11H11i11µ; chapter as well as t he steps that 
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are pursued when applying SEM, GAMs, MR and LASSO regression. Absolute, relative and par­

simonious f-i t indices together with model comparison indices were considered and are reported in 

Chapter 4. It was noted that a number of estimation methods were obtainable when using SEM, 

with the MLE being the most preferred estimation approach . A discussion of the bootstrapping 

approach was carried out. In the case of MR, an out line fo r computing the composite variables 

was given. The chapter also reflected on diagnost ic considerations related to the MR. model before 

wncluding with steps that arc fo llowed iu gcucraliscd additive rnoddliug. 
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CHAPTER 4. DATA ANALYSIS AND RESULTS 

4.1 Introduction 

Chapter 4 presents the results and engages with the analysis of data . Anderson & Gerbig's (1988) 

two-step approach was applied to the TPB based condom use intention structural equat ion model 

discussed in Chapter 3. T he approach involves separate est i111 ation of t he measure111ent model before 

the estimation of the structural model. Prior to the estimation of parameters, data screening was 

carrie<l out. Descriptive statistics for t he variaolc8 of i11tercst wen' abo cornpute<l . Parameters 

in the structural equation model were init ially est imated using a maximum likelihood estimation 

(MLE) procedure in AMOS. Due to violation of the multivariate normality, parameter estimation 

in the structural was also carried out using the unweighted least squares (ULS) method. The SPSS 

linear regression procedure was used to e8t imate parameters in the multiple regre8sion model. The 

Glmnet procedure for LASSO regression i11 R and tl1e generalised regression option in JMP Pro 

13 were used for variable selection as well as fitting the LASSO regression model. GAM regression 

was do11e using the GAM procedure i11 SAS as well as the wgcv all(l gam procedures in R 

4 .2 D ata Screening r esults 

Both case screening and variable screening were performed on the data. Case screening was per­

formed in order to investigate data completeness as well as unengnged responses. Variable screening, 

on the other hand was carried out to explore characteristics of the dataset foc using on outliers, 

skewness and kurtosis. Results are presented and discussed in section 4.16. 

4.3 Missing Data 

T he Missing Value Analysis (MVA) procedure in IBl\11 SPSS version 25 was used to analyse cases 

for missing values. An overall summary of missing values is shown in Fig 4.1. 
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Figure 4.1 Overall summary of missing values 

As shown in Figure 4.1 , all the variables of interest had some missing values. The proportion of 

missing data within the variables of interest was very low, with an overall proportion of this missing 

data at 0.5%. Only 6 cases out of 806 (0.74%) had missing data. Olinsky et al. (2003) suggest that 

a few missing values, such as less than 5% on a single variable, in a large sample may be of little 

concern. Since the proportion of missing data was very low, listwise deletion (Kang, 2013; Roth 

1994) was applied following the suggestions of Kang (2013) to deal with missing data and mitigate 

the chances of inaccuracy. 

4.4 U nengaged responses 

Unengaged responses were assessed by calculating the standard deviation for all possible model 

items. Cases with standard deviation values less than 0.5 (Gaskin , 2012) were deleted. Six such 

cases were present thus resulting in the sample size decreasing by a further 6 cases. Variables were 

then assessed for outliers, skewness and kurtosis. 

4.5 Sample Statistics 

Of the 794 participants, 53.7% were female while 46.3% were male. The participants' ages ranged 

from 13 to 18 years with a mean of 14.7 and standard deviation of 0.93 years. The majority (87.2%) 

of the participants had never had sexual intercourse while the remaining 12.8% indicated that they 

had had sex before. Participants ' knowledge regarding STis and safer sex practices was assessed by 
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means of 24 yes - no questions. In order for participants not to guess, the "I don 't know" response 

option was available. A correct answer was given a single point while an incorrect or an "I don't 

know" answer was not awarded any poin t. Thus the tota l possible knowledge score ranged from 

0 to 24 points. Knowledge concerning STis and knowledge of HIV prevention differed extensively 

wi thin the sample . TL.e total knowledge score fo r t his sample ranged from 5 to 24 with a mean 

score of 16.55 and a standard deviation of 3.55. 

Incluclell in the k11owlcdgc questio11s were fi q11cstio11s associated with condom use, storage aucl 

technical skills about use of condoms. Table 4.1 shows the frequency distribution of the number of 

adolescents who responded correctly and incorrectly to the questions. 

Table 4.1 Condom use knowledge frequency distribution (n =793) 

Question/ Statement Correct Incorrect 

Can people re<luce their chances of getting HIV/ AIDS by w;ing a 675(85.1 ) 118( 14.9) 
condom correctly every t ime they have sex? 

When a condom is placed on the penis , space should be left at the 457(57.6 336(42.4) 
tip of the condom. 

Storing or carrying condoms in a ho t or warm place can destroy their 554(69 .9) 239(30.1) 
effectiveness . 

The penis should be hard when the condom is put on it. 502 (63.3) 291(36.7) 

If you place a condom on the penis the wrong way, you should start 539(68. 0) 254(32 .0) 
over with a new condom. 

As shown in Table 4.1, generally t he majority of adolescents in the sample were familiar wit h condom 

use knowledge. An overwhelming majori ty (85. 1%) of the adolescents in the sample knew that the 

risks of getting HIV/ AIDS could be reduced by using a condom correctly every time people have sex. 

Approximately two-tbinb of the adolescents in t lic sample were aware th at condom effect iveness 

could be weakened by heat, a condom had to be worn on a stiff penis and placing a condom on 

t he penis the wrong way required star t ing over with a new condom respectively. About 42% of the 

adolescents were oblivious to the need to leave space at t he tip of t he condom when placing the 

condom on the penis. 
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4 .6 Variables used in the data analysis and their descript ive st atistics 

Table 4.2 Descriptive statistics for items used in the validation of models 

Construct Item Mean Std. Deviation 
Norms NO l 4. 19 1.06 

NO2 4.08 1. 24 

03 4.03 1. 26 

04 4.03 1.13 
AfLAtt AA l 1.75 1.10 

AA2 2.34 l.2S 
AA3 1.65 0.8S 

AA4 1.98 1.05 
rAA5 1 2.Gl 1.19 

rAA6 2.89 1.13 
Instr_Att IAl 4.34 1.02 

IA2 4.39 0.94 

IA3 4.44 0.86 

Perceived_control PC l 3.97 1.10 

PC2 3.84 1.18 

PC3 4.26 0.90 

PC4 4.27 0.86 

PC5 4.09 1.00 

PC6 4.07 0.96 

PC7 3.53 1.18 

PC8 4.34 0.9G 

PC9 4.32 0.84 

PC lO 3.35 1. 16 

PCll 2.5S 1.36 

Cdm U se_lntention CUll 4.40 0.89 

CUI2 4.42 0.85 

Table 4.2 shows the variables used in the data analysis and their descriptive statistics. For most 

of the constructs, item mean scores were above t he midpoint of 3.00 , indicating more positive 

<li:;position:;. However, all items for t l1e AfJ~Att cu11:;trud ha<l item 111eau:; below the midpoint of 

3.00 , with a range of 1.65 to 2.89. The values were consi:;tent with the way the statements were 

phrased. Subjects with posit ive affect ive attit udes were expected to either disagree or d isagree 

strongly with the statements hence giving overall low scores for the scale. 
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4. 7 Test of the TPB measurement model 

The measurement model was used to test t he hypothesis Lhat t he variables CUil and CUI2 are 

indicators of condom use intention (CdmUse_lntention); 01 , N02 , N03 and N04 are indicators 

of normat ive beliefs (Norms ); AAl , AA2, AA3, AA4, rAA5 and rAA6 are indicators of condom use 

affective attitude (AfLAtt) ; IAl , IA2 and IA3 are indicators of condom use instrumental attitude 

(Instr_Att) and PCl , P C2, PC3 , P C4, PC5, PC6 , PC7, P CS , P C9, PClO and PCll are indicators 

of condom use pcrceivecl control beliufo (P erceived _ control) . 

4.8 SEM Model Identification results 

As mentioned in Chapter 3, t he identification of a model refers to the presence of suffic ient in­

formation (an adequate number of observed variances and covariances) to allow estimation of all 

the model parameters. Tl1e model parameters to be estimated are the covariances of t he lat ent 

variables, the number of factor loadings and the measurement error variances. An over-identified 

moc.lcl (i.e a moc.lel having a posit ivl' number of c.legrces of freedom) is prcforn~c.l since it contains 

more than enough info rmation to allow every parameter to be distinctively estimated. 
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Figure 4.2 Condom use intent ion measurement model 

As shown in Fig 4.2. with p = 26 observed variables in the measurement model, the number 

of variances and covariances is 26 (26+1)/2 = 351. The model parameters to be estimated are 

10 covariances of latent variables, 26 factor loaclings am! 26 111ea.surcment c:rror variancc:s (p;ivinp; 

k = 62). The number of degrees of freedom using is 289 (351 - 62) df. Since the df > 0, t he 

model is over-identified and thus can be tested . 

4 .9 SEM Model Est imation 

Anderson & Gerbig\; (1988) two-step SE:\1 strategy nsing IBM SPSS AMOS 25.0 was used to 

perform the SEM . The strategy involves separate estimation of the measurement model before 

the est imation of t lw strucLural rnoJd . Paramdcrs were cstiinateJ using a maximum likelihood 
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estimation (MLE) procedure. Fig 4.3 shows the CFA standardised estimates in the form of a path 

diagTam. 

F igure 4.3 Path diagram showing CFA standardised estimates 

Fig 4.3 shows factor loadings as well as correlation coefficients between the latent variables. Values 

on doubled headed arrows represent correlations (e .g., the correlation coefficient between Instr_Att 

and 1 ormative beliefs is r = 0.19). T he correlations among the factors ranged from -0.55 to 0.74, 

indicating that t here is sufficient discriminant validity among the latent constructs (Bollen, 1989a; 

Kline, 2011) . An inspection of the factor loadings shows that the values ranged from 0.05 to 0.92 

with a few of the values falling below the proposed 0.5 cut-off. Factors with loadings below 0.5 are 

cauc.li<lates for <leletiou frolll the mo<lel if the mo<ld fit i:; uot adequate. 

4 .10 Original SEM Model Evaluation results 

As indicated earlier in section 3.7.6, SEM has no single statistical t est that best describes the 

strength of model prediction. A combination of different types of indices is therefore used in 
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evaluating model fit . The fo llowing tables highlight the indices of interest. for t he original (proposed) 

model for this study. 

Table 4.3 CMIN and C:VII / DF 

Model NPAR CMI DF p CMIN/ DF 
Default 1110t.!el 62 1112.738 28~ 0.000 3. 850 
Saturated model 351 .000 0 

Independence model 26 8545.310 325 0.000 26.293 

Information about om model is contai11ecl in t he row labelled D efault model in Table 4.3. CMI 

stands for the minimum discrepancy between the model and the data. CMIN is equivalent to 

the x 2 value. A8 noted in section 3.7.4. 1, low x 2 values rela tive to the degrees of freedom with an 

insignificant p value (p > 0.05) would support t he model as representat ive of the data. The x2 test 

of t he model was statistically significant with a value of 1112.738 (289, N = 794), p < 0.001. 

This however is inconclusive as t he x2 statistic almost continually rejects the model when samples 

of large size are used. It is for t his reason that the relative chi-square (x 2 / v) is preferred. The 

relat ive chi-square is representecl in the table by CMIN / DF and falls within the acceptable range 

of between 2 and 5. 

Table 4 4 8hows the Goot.!uc88 of F it lmlcx (G FI) a11J the AJj1rntl'd Goodness of Fit ludex (AGFI). 

Table 4.4 GFI and AGFI 

Model RMR GFI AGFI PGFI 

Defaul t 0.066 0.895 0.873 0.737 

model 

Saturated 0.000 1.000 

model 

Independenct 0.278 0.351 0.299 0.325 

mot.lei 

As show11 iu Table 4.4 both indices were bdow t h<' rccommcudcd O.~ cut·-off value listed in Table 

3.3. There was therefore a need to re-specify the model in order to improve the model fit. 
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Table 4.5 below shows values for the normed fit index and the comparative fit index. 

Taule 4.5 CMI aml C:--1IN/ DF 

Modd NFIDdta' RFirhol IFIDclta2 TLi rho2 CFI 
Default .70 .854 .900 .887 .900 
model 

Saturated 1.000 1.000 1.000 
model 
Independence .000 .000 .000 .000 .000 
model 

The CFI value (0.9) suggested an acceptable fit while that ofNFI (0.7) was below the recommended 

0.9 cut-off value. FI values less than 0.9 can usually be improved considerably. There was therefore 

a need to re-specify the model in order to improve the model fit . 

Table 4.6 cfo,plays values for the R.MSEA. 

Table 4.6 CMIN and C:--1I / DF 

Model RMSEA LO 90 HI 90 PCLOSE 

Default uwckl .060 .056 .064 .000 

Independence .179 .175 .182 .000 
model 

The RMSEA value obtained for our model was 0.06 with a 90% confidence interval of 0.056 to 

0.064. Thus the R. 1SEA indicated adequate fi t since the value lies within the 0.05 - 0.08 interval. 

In summary, the model produced acceptable fit indices for the relat ive chi-square (CMIN/DF), CFI 

and RMSEA; however, the GFI , NFI and AGFI were inadequate. The model thus needed to be 

modified. 
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4.11 Modification of original SEM model 

The first step in modifying the model involved removing facto rs that had factor loadings less than 

0.5 from the model. The resul tant modified model is shown in Fig 4.4 below. 

Figure 4.4 Re-specified model 1 

Fig 4.4 shows the modified model after P C7, PClO and PCll from the Perceived control latent 

variable as well as rAA5 and rAA6 from the AfLAtt latent variable were deleted from the original 

model given in Fig 4.2. Parameter cshuiatcs ancl model fit indicrn:; for this n .'.SpccifiL·d model were 

computed and are shown in Appendix 2. 
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Table 4. 7 shows the model fit comparison fo r the two models. 

Table 4.7 Model Fit Comparison 

Fit Index Original Model R especified Recommended 
Model 1 Thresholds 

x2 (Cmin) 1112.738 671.467 p > 0.05 

X2 / df 3.850 3.751 < 5 

GFI 0.895 0.921 2 0.90 

RMSEA 0.060 0.059 :::; 0.08 

(0.056, 0.0G4) (0.054, 0.0G4) 

CFI 0.900 0.935 > 0.90 

N FI 0.870 0.914 > 0.90 

AGFI 0.873 0.899 > 0.90 

AIC 1236 .738 775 .467 No threshold 
but compares 
values in alter-
11a tive muJ el:;. - Lower values are 

,., better 

BCC 1241.109 778.434 

ECVI 1.560 0.978 

(1.435, 1.693) (0.883, 1.083) 

Delet ion of ill(_licators havi11g factor loa.<liugs < 0.5 resulted ill the irnprovemellt of all fit indices 
( 

as shown ip Table 4.7. The relative chi-square (x2/ df) , CFI and RMSEA were still adequate and 

showed better values. The GFI which was below the reco1mnem.led t hreshold iu the proposeJ model 

had an acceptable value of 0.921 in the re-specified model. The NFI value also improved to a value 

above the recommended cut-off value after the re-specification. Although the AGFI showed an 

improvement, its value was sti ll below the reco111rnended threshhold . T here was therefore room to 

improve the model further . Overall, the re-specified model was better as evidenced by the lower 

AIC , BCC and ECVI value,:;. A look at the factor loading e,:; timates revealed t hat the fad.or loading 

estimate for PC8 was 0.496 (see standard regression weights in Appendix 2) and hence fell below 

the O.S cut-off value. P C8 wa.-; dclet<~J a.-; the next step ill t he m0Jificatio11 process to give the 

second modified model shown iu Fig 4.5 below. 
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Figure 4.5 Re-specified model 2 

The second re-specification resulted in the improvement of all fit indices to levels above the recom­

mended threshold values. Re-specified model 2 thus became the final measurement 

model. 
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The model fit indices for the three models are displayed in Table 4.8 . 

Table 4.8 /fodel Fit Comparison of the three SEM Models 

Fit Index Original Respecified Final Recommended 
Model Model 1 Model Thresholds 

x2 (Cmin) 1112.78 671 .467 616.839 p > 0. 05 

x2 / df 3.850 3.751 3.855 <5 
GFI 0.895 0.921 0.925 2:': 0.90 
RMSEA 0.060 0.059 0.060 s 0.08 

(0.056, 0.064) (0.054, 0.064) (0 on: . tJd , 

0.065 ) 

CFI 0.900 0.935 0.938 > 0.90 
NFI 0.870 0.914 0.918 > 0.90 

AGFI 0.873 0. 99 0.901 > 0.90 

AIC 1236.738 775.467 716.839 No threshold but 
compares values 
lI1 alternative 
models. Lower 
values are better 

BCC 1241.109 778.434 719.559 

ECVI 1.560 0. 978 0.904 
( 1.4'.i;, , 1. 69~{) (0.883 , 1.083) (0.81'.i, 

1.005) 

Table 4.8 shows that in the original muud three inuices (GFI, NFI anu AGFI) hau values below 

the recommended cut-offs. After the first re-specification, t here was an improvement in all three 

indices. GFI and NFI values were now acceptable but AGFI was still below the recommended 

cut-off t hus t here was need for another re-specification. A second re-specification resulted in all 

three indices having values above the 0.9 cut-off level. Constructs within the model could then be 

assessed for validity. 

4 .12 Convergent Validity 

To ensure convergent validity, the researcher checked if items loaded on their respective constructs 

with standardisE d loadings greater than 0.5, AVE > 0.5, CR > 0.6 and item-total correlation > 0 
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.6 (Hair et al. 2010) . The results obtained for the measurement model, using excel, are given in 

Table 4.9. 

Table 4.9 Measurement Model Convergent Validity Results 

Constructs Cronbach 's test Measurement 
item loa<liugs 

() 
Item-total value Composite AVE 
correlation Reliability 

Affective Attit ude AAl 0.427 0 .651 0.659 0 .327 0.561 
(AfLAtt) 

AA2 0.430 0 . .'J28 

AA3 0.451 0.628 
AA4 0.444 0.566 

Instrumental At- IAl 0.729 0.873 0.878 0.707 0.792 
titude (Instr _Att) 

IA2 0.808 0.!J03 
IA3 0.743 0.823 

Perceived control P C l 0.559 0.842 0.846 0.443 0.604 

PC2 0.522 0.570 

PC3 0.692 0.764 

PC4 0.700 0.784 

PC5 0.631 0.694 

PCG 0.565 0.630 

PC9 0.489 0.580 

Normative Beliefs NOl 0.672 0.890 0.891 0.676 0.685 
(Norms) 

NO2 0.821 0.916 

03 0.827 0.921 
TQ4 0.726 0.739 

Condom use m- CUil 0.735 0.847 0.848 0.736 0.884 

tention (CdrnUse_ 
Intention) 

CUI2 0.735 0.831 

As can be seen in Table 4.9, all items had factor loadings greater than 0.5 . The composite relia­

bili ty (CR) for car.h latent variable cxr.ecded 0.6 as reqnired . The Cronbacl1 alpha values for all 

variables except AfLAtt were high (> 0. ). While the Cronbach alpha value for AfLAtt fe ll below 
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t he target value of 0.7 , it was however marginally acceptable. Despite the shor tcomings indicated 

for the affective attitude and perceived control constructs, all other requirements were met satisfac­

torily. The measured variables were therefore all good indicators of their respect ive factors (latent 

var iables). The fin al measurement model is shown in Fig 4.6. 

Figure 4.6 F inal Measurement Model estimates 

Figure 4.6 shows the standardised parameters (factor loadings and correlations) for the final mea­

surement model. The measurement item loadings were all statistically significant (p < 0.001) and 

ranged from 0.53 (indicative of moderate strength) to 0.92 (indicative of high strength). 

4 .13 Discriminant validity 

Discr iminant validity is t he extent to which a construct. This discriminant validity factors how 

much the construct correlates with others. Essentially the discriminant component lies in the 
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distinctness that the variables only represent this single construct. The inter-correlation matrix as 

well as AVE were used to assess discriminant validity. Values are displayed in Table 4.10. 

Table 4.10 Discriminant validity for the measurement model 

1 2 3 4 5 
1. AfLAtt 0. 572 
2. Instr_Att -0 .333 0.841 
3. Norms -0 .311 0.189 0 .822 
4. P received _control -0 .473 0.347 0.451 0.666 

5. Cdm U se-1ntention -0.413 0.306 0.513 0.724 0.858 

Off diagonal values in Ta ble 4.10 show correlations between the pairs of latent vari ables. As shown 

in the table correlations range from 0 189 to 0. 724, suggesting that collinearity is not an issue in 

this model since all the correlations are below 0.85. All correlations were st atistically significant 

(p < 0.001 ). Diagonal clements (in bold) show the sqnmc root of the AVE for a given construct. 

Discriminant validity was measured by comparing these values with the inter-construct correlations. 

If t he off-diagonal elements are less than t he square-root of the AVE in the corresponding rows and 

columns then discrirninant validity is achieved (Fornell , Tellis & Zin.khan , 1982). As can be seen 

in the above-mentioned table, all inter-construct correlations are less than the square root of t he 

AVE. Overall , these results confirm the existence of discriminant validity of t he measurement used 

in this study. 

Based on the evidence of the model fit indices and confirma tion of convergent and discriminant 

validity, it was therefore concluded that the re-specified hypothesised measurement model was 

acceptable. The results from the confirmatory fact.or analysis supported further use of the mea­

surement model as part of t he structural model. Before proceeding to the structural model, data 

was assessed for normality and the rcsnlts arc pn..:i:;entcd in subsequent section. 

4 .14 Assessment o f normality of t he data 

Fig 4. 7 showi:; a plot of the chi-sqnare perccnt ik:s against the ordered mahalanobis <lista11ces. The 

points in the plot do not follow a straight line thus the data does not follow a multivariate normal 
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Figure 4. 7 Chi-square probability plot 

distribution. Additional valuable information which is evident from this plot is the presence of 

a mult ivariate outlier. Besides the graphical approach, normality assessment was also done us­

ing AMOS 25.0. Table 4.11 shows the normality assessment output obtained from the "test for 

normality and outliers" procedure in AMOS 25.0. 
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Table 4.11 Assessment of normality results 

Variable m in max skewness c .r. kurtosis c .r . 
NOl 1,000 5,000 -1,451 -16,688 1,583 9,103 

0 2 1,000 5,000 -1,326 -15 ,256 0,658 3,782 
NO3 1,000 5,000 -1,242 -14,285 0,443 2,546 
NO4 1,000 5,000 -1,202 -13,831 0,673 3,872 
IA l 1,000 5,000 -1,948 -22 ,414 3,516 20,224 
IA2 1,000 5,000 -2,020 -23,238 4,1 9 24,093 
IA3 1,000 5,000 -2,115 -24 ,326 5,1,52 29,633 
CUI2 1,000 5,000 -1,872 -21,531 3,992 22,963 

CUil 1,000 5,000 -1,876 -21,582 3,827 22,014 
AA4 1,000 5,000 0,905 10,414 0,143 0,824 
AA3 1,000 5,000 1,246 14,329 1,240 7,130 
AA2 1,000 5,000 0,501 S,7G7 -0 ,807 -4,G42 
AAl 1,000 5,000 1,517 17,452 1,527 8,785 
PCl 1,000 5,000 -1,lYS -13 ,746 0,881 5,066 
P C2 1,000 5,000 -0,983 -11 ,313 0,197 1,130 
PC3 1,000 5,000 -1,646 -18,934 3,228 18,566 
PC4 1,000 5,000 -l ,S44 -17,760 3,044 17,506 

PCS 1,000 5,000 -1,229 -14,143 1,284 7,384 

PC6 1,000 5,000 -0 ,985 -11,330 0,5 "5 3,365 

PC9 1,000 5,000 -1,436 -16,520 2,337 13,442 

Multivariate 310,268 147,359 

The univariate normality assessment was clone by evaluat ing the measure of skewness and kurtosis 

for each item. The skewness and kurtosis indices showed acceptable ranges based on Kline's (2011) 

recommendations that the sk wness and kurtosis indices should not exceed 131 and 1101 respectively 

to ensure normality of t he data. The data in this study thus satisfied the univariate normality 

assumption. However , since the multivariate kurtosis statistic exceeded c.r . (147,359), the assump­

t ion of mult ivariate normali ty was not met. This is in agreement with the results from the graphical 

a11alysis i11 t he precc<li11g scctio11. 
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4 .15 Structural Model 

Given that the multivariate normality assumption was not met , both the ML (Fig 4.8) and ULS 

estimation methods were applied in fitting the struct,ural equation model. 

Figure 4.8 The Structural Model using MLE method 

Fig 4.8 presents all the standardised coefficients and correlations between the exogeno'us variables 

perceived control, norms, instr_att and afj~att and the enciogeno1ts variable, cdrrms e intention in the 

full structural model. T he output in Fig 4.8 indicates that 57% of condom use intention coud be 

estimated by using the foregoing four exogenous constructs in the model. Table 4.12 shows the 

unstandardised, standardised and significance levels for t he model in F ig 4.8. 



107 

Table 4.12 Unstan<lardised, Standardised a11d Significance Levels for Structural iVlodel 
using MLE method (Standard errors in brackets; = 794 

Parameter Estimate Unstandardised Standardised p 

Cdm U se-1ntention -0.068 (0. 057) -0 .053 0.229 
<- AfLAtt 

Cdm U se-1ntention 0.049 (0. 038) 0.044 0.201 
<- lnstL.Att 
C<lm U sc-1ntcution 0.211 (0. 033) 0.226 *** 
<- ~orms 
Cdm Usc_Intention 0.676 (0. 05'.3) 0.582 *** 
<- Perceived_control 

*** p < .001 

Table 4.12 shows that Norms ((3 = 0.226 ) and Perceived control (/3 = 0.582) had a significant 

influence on intention to use condoms. Both preceding predictors were significant at the 0.001 level 

(p < 0.001). Aff~Att and Instr_Att did not have a significant influence on condom use intent ion. 

Loehlin (2004) advises against prescriptively leaving out all paths that are non-significant . Goodboy 

& Kline (2017:73), concurred and added t hat "if a path was theoretically jnst ifi ed in the first place, 

then it should be retained regardless of whether its coefficient is significant or not significant ." Thus 

the structural mo<ld depicted iu Fig 4.8 was nut mo<lihcd iu any way. Substituting the values of 

the unstandardised coefficients in equation (3 .36) gives 

ry = -0.068A f f _Att + 0.049Instr_Att + 0.211N arms+ 0.676Perceived control ( 4.1) 

4 .16 Structural equation model using U LS method 

Since the multivariate normality assumption was not met as indicated in section 4.14 , the recom­

mendation of Yuan and Bentler (1998) was taken into consideration. The ULS est imation method 

which does not assume normali ty was applied and then the results obtained were compared with 

those found using the 1L estimation method. The results obtained from the ULS est imation are 

shown in Fig 4.9 
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Figure 4.9 The Structural Model using ULS method 

Fig 4.9 presents all the standardised coefficients and correlations between the exogenous variables 

perceived control, norms, instr_att and ajj~att and the endogenous variable, cdmuse intention in the 

full structural model. The output in Fig 4.9 indicates that 58% of condom use intention coud be 

estimated by using the foregoing four exogenous constructs into the model. Table 4.13 shows the 

unstandardised and standardised parameter estimates for the model in Fig 4.9. 
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Table 4.13 Unstandardised , Standardised and Significance Levels for Structural Model 
usini;r; ULS method (Standard errors in brackets; N = 794 

Parameter Estimate Unstandardised Standardised 

CdmUseJntention < - AfLAtt -0 .048 -0.041 

CdmUseJntention < - Instr_Att 0.046 0.043 

CdmUseJntention <-Norms 0.208 0. 239 

CdmUseJntention <- PerceivecLcontrol 0.693 0.569 

It is worth noting that as shown in Table 4.13, when the ULS est imation method is applied, neither 

the standard errors nor p-values are calculated in AMOS 25.0. Similary, PROC CALIS provides 

neither standard errors nor test statistics when the ULS approach is used. A comparison of the 

standardised parameter estimates shown in Tables 4. 12 and 4.13 revealed minor variations in the 

values obtainccl. Estimates obtainccl usi11g tht" MLE method, except for the Norrns coefficient ( 

= 0.226) were generally higher than those from the ULS approach . The total variation explained 

by the model using t he ULS estimation method was however slight ly higher ( 58%) than the one 

explained in the model using the MLE (57%). 
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4.1 7 SEM Bootstrapping Results 

As indicated in section 3.6.1.3 , reconfirmation of the structural equation model results was done 

through bootstrapping. Bootstrapping was carried out using 1000 samples nnd the results are 

displayed in Table 4.14. 

Parameter Estimate 

CdmUsc_Intcntion 
<- AfLAtt 

Cdm Use-1ntention 
<- Instr_Att 

CdrnUse-1ntention 
<- Norms 

CdmUse-1ntention 
<- Perceived _control 

Table 4.14 Bootstrnp Results 

(n = 794, B = 1000) 
Mean of S.E. Bias p 

estimates 

-.068 .068 .000 .256 

.050 .040 .002 .191 

.209 .045 -.002 .001 

.675 .072 - .001 .001 

95% BC Confidence 
Interval 

(- .219 , .058) 

(- .027, .134) 

(. 133, .314) 

(.546 , .832) 

A comparison of the unstandardised parameter estimntes shown in Tables 4.12 and 4. 14 revealed 

minor variations in Lhe values obtained. Estimates obtained us ing bootstrapping, except the AfLAtt 

coefficient (B = 0.068 ) were generally liigher t han those from the MLE approach . Standard errors 

obtained after performing bootstrapping were slight ly larger than those obtained under the MLE 

approach. Inspection of the p-valucs showed similar significant results for all variables. 

4.18 Original Multiple Regression Model: Composite variables and their 

descriptive statistics 

Composite variables for use in the multiple regression model were obtained by taking the mean score 

of the variables making up the composite variable . Before running the multiple linear regression 

model, the descriptive statistics of Afj_Att, Instr_Att, Norms, Perceived control and 

CdmUse_Jntention was conducted on the 794 participants. Table 4.15 shows the composite variables 

and their reliability and descriptive statist ics values. 



111 

Table 4.15 Reliability and descriptive statistics for multi[le regression model vc1,r iables 

Composite Cronbach Mean Std. Devi- Skewness Kurtosis 
Variable alpha ation 
AfLAtt 0.661 1.93 0.75 0.47 -0 .23 
Instr_Att 0.876 4.39 0.84 -1 .90 4.29 

Norms 0.890 4.08 1.02 -1.26 1.05 
Perceived_contrc 10.842 4.12 0.70 -0.91 1.33 
CdmUse.lntenti )nl.847 4.41 0.81 -1. 67 3.22 

Th reliability values for the composite variables were the same as those obtained for the variables 

in the fin al measurement, model. Vari able mean scores for Instr_Att, Norms , Perceived control 

and CdmUse Intent·ion were all above 4 indicating more positive d ispositions. Afj~Att had mean 

scores below the midpoint of 3. T he sta tist ics observed were consistent with those obtained for 

the measurement model. The standard deviations for all variable mean scores ranged from 0.70 

to 1.02. The skewness autl kmtosis indices showed acceptable ranges based 011 Kline's (2011) 

recommendations that the skewness and kurtosis indices should not exceed 131 and I 101 respectively 

to ensure norm aliLy of the data . T he daLa in Lhis study was therefore regarded as uni variate normal 

and excluding influent ial cases or outliers. 
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4 .19 Linearity Assessment R esults 

The scatter plots in Figures 4.10, 4. 11 , 4.12 and 4.13 show the linear relationship between the DV 

and IVs. 
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Figure 4.10 CdmUse_Intent ion against AfLAtt 

Fig 4. 10 show:; a negative relation:;hip betwee11 CdmUse_Jntention and Afj~Att. Since the correlation 

between the two variables is significant, we conclude that t here is a linear relationship between 

CdmUse_ Intention and Afj~Att. 
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Figure 4. 11 CdmUse_lntention against Instr_Att 
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Fig 4.11 shows a positive relationship between Cdm Use_Jntention and Instr_Att. Since the correla­

tion between the two variables is significant, we conclude that there is a linear relationship between 

CdmUse_Jntention and Instr_Att. 

Figure 4. 12 CdmUse_Intention against Norms 

Fig 4.12 shows a positive relationship between CrlmUs e_Jntention m1d Nonns. Si11cc the corrclatiou 

between the two variables is significant, we conclude that there is a linear relationship between 

CdmUse_Jntention and Nonns. 

P•re •l.,•d_conu•ol 

Figure 4.13 CdmUsc_lntcntion against Perceived_control 

Fig 4.13 shows a positive relationship between CdmUse_Intention and Perceived_control. Since the 

correlation between the two variables is significant , we conclude that there is a linear relationship 

between CdmUs e_Jntention and Norm,S. Based on the result of this assessment, there was no 
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violation of the linearity assumption, as a resul t all IVs were retained in the model as they were 

significantly correlated with the dependent var iable. 

Table 4.16 shows the correlation matrix. 

Table 4.16 Correlat ion Matrix 

1 2 3 4 

1. AfLAtt -
2. Im,tr_Att -0 .239** -
3. Norms -0 .249** 0.202** -
4. P erceived control -0 .359** 0.314** 0.453** -
5. CdmUse -0 .302** 0.273** 0.490** 0.621 ** 

Intention 

The results indicated that there was significant correlation (p < 0.01) between all the variables. 

The strongest correlation relationship was between P erceived control and CdmUse_Jntention (r = 

0.621). Aff_Att and Instr_Att were moderately correlated with CdmUse_Jntention whilst Norms and 

P erce'ived_control displayed strong correlation with the DV. Although the correlation coefficients 

were not exactly the same as in the SEfv1 model, they did not differ much and had the same signs. 

Aff_Att was negatively correlated wit h all variables in both models. 

4.20 Multiple Linear R egression Analysis Model 

Since the initial checks did not indicate any problems with the data, fitting of t he regression model 

was done. Table 4.17 shows the SPSS output of the model summary. 

Table 4.17 Model Summaryb 

Model R R Square Adjusted R Std. Error of t he 
Square Estimate 

1 .669a .447 .445 .60329 

a. Predictors: (Constant), Pcrccivcd_coutrol. lw-;tr _Att ,AfLAtt, Norms 

b . Dependent Variable: CdmUse_Intention 
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Results displayed in Table 4.17 show that 44 .7% of the variation in CdmUse_Jntention was explained 

by the variables Perceived_control, Instr_Att, Afj'_Att and Norms. 

Table 4.18 shows the MR model ANOVA results. 

Table 4.18 Regress ion Model ANOVA Output 

Source of Sum of elf Mean F Sig. 
variation Squares Square 
Regression 232 .592 4 58.148 159.763 .000 
Residual 287.167 789 .364 
Total 519 .760 793 

The A OVA output shows that t he regression model was significant (F (4, 789) = 159.763, p < 

0.001 ). Thus the regression model predicts CdrnUse_Jntention better than the mean of the response 

or the intercept-only model. 

Table 4.19 shows the SPSS output of tlie multiple regression model coefficients. 

Table 4.19 Multiple Regression Ylodel Coefficients (n = 794) 

Independent U nstandardise<l Standardised t Sig. 
Variables Coefficients Coefficients 

B St<l. Error 
Const ant 1.212 0.195 6.205 .000 

AfLAtt -0.061 0.031 -0.056 -1 .96 0.05 
Instr_Att 0.06 0.027 0.062 2.192 0.029 
Norms 0.201 0.024 0.253 8.452 .000 
Perceived_control 0.542 0.037 0.467 14. 738 .000 

Intention to use condoms was statistically significantly predicted by instrumental attitudes (In­

str_Att) (/3 = 0.062, p < 0.05), subject ive norms (Norms) (/3 = 0.253, p < 0.001 ) and perceived 

behavioural control (Perceived_control ) ( = 0.467 , p < 0.001). Afj'__ Att (/3 = -0 .056, p = 0.05) was 

not a statistically significant predictor of condom use intention . The final predictive regression 

model on substitut ing unstandardized estimates in equat ion (3.74) gives: 
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CdmU se_Jntention = l.21 2-0.061Aff _Att+0.060Instr_Att+0.201N orms+0.542Perceived_control 

(4.2) 

4.21 Diagnostics test Results 

Mult icollinearity was further confirmed through the collinearity diagnostics while independence, 

normality of residuals and homoscedasticity assumptions were further checked through the plots in 

Fig 4.14, Fig 4.15 and Fig 4.16. 

4.21.1 Multicollinearity Assessment 

Multicollinearity was assessed using tolerance and VIF values, which were obtained as collinearity 

diagnostic results when using SPSS. The values are displayed in Table 4.20 below: 

Table 4.20 Collinearity Statistics 

Collinearity Statistics 

Tolerance VIF 

1. AfLAtt 0.846 1.118 

2. Instr_Att 0.880 1.136 
3. orrns 0.784 1.27G 
4. Perceived_control 0.698 1.432 

As shown in Table 4.20 all the tolerance values > 0.2 while the VIF values are all below 10 

thus indicating that there were no multicollinearity issues among the variables. Furthermore, the 

correlation matrix displayed in Table 4.16 confirmed the absence of multicollinearity issues among 

the variables. The :i;ero-orckr correlat iom; rauge<l from 0.202 to 0.621 au<l t hus were all below 0.85. 

4.21.2 Linearity, Normality, Homoscedasticity and H et eroscedasticity of R esiduals 

As indicated in section 3. , examination of residuals scatterplots provides a test of assumptions of 

linearity, normality and homoscedasticity between predicted DV scores and errors of prediction. 
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Figure 4, 14 Scatterplot 

Fig 4.14 shows the scatterplot of standardised residuals against standardised predicted values fitted 

with a loess line. The loess line fits Cohen et al. (2003)'s description of "a young child 's freehand 

drawing of a straight line" t hus confirming that tl1c linearity assun1pt ion is met. Although the 

residuals are spread out more between -2 and O for the predicted value, the difference in spread 

i::; slight . Visual inspection of t he scatterplot therefore suggest::; that heterosceJasticity is not a 

problem. The scatterplot , however, seems to suggest some departure from normality indicated by 

points lying around -5 and the single poinL lying at about -7.5 when considering vertical axis. The 

residuals histogram and P - P plot will probably give a better conclusion regarding the normality 

assumption. 
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l-llatogram 

Dependent var lable : CdmUaelntentlon 

Figure 4. 15 Scatterplot 

Fig 4. 15 shows the histogram of the regression standardised residuals wit h a normal curve overlay. 

Except for a few out liers to the left of the distribution , the histogram gives an indication of a 

symmetrical distribut ion . 

Normal P -P Plot or RegrHelon stan-crarcrtzt:cr R•e1crua1 

O•p•ndent V■rt■bl• : CdmVHlntentlan 

00 02 '. 
Figure 4.16 Normal Probability P lot 

Fig 4.16 shows a normal P-P plot of regression standardised residuals. Although a substant ial 

amount data in the P-P plot for t he expected cumulative probability and observed cumulative 

probability seems to fall on the straight line, it is noticeable that taken as a totality, the residuals 



119 

do not seem to be normnJly d istributed. The P - P plot made it easier to confirm depar ture from 

normality of the residuals since it is easier to spot deviation from a straight unlike in the case of 

the normal curve ( Cohen et al., 2003). 

4 .22 MR B ootst rapping R esults 

Bootstrapping was rnrr ied out using 1000 samples and the results are displayed in Table 4.21. 

Table 4.21 MR Bootstrap Rc:-;nlts (n = 7!J4 , B = 1000) 

Parameter Estimate Mean of S.E. Bias p 95% BCa 
estimaLes Confidence 

Interval 

Constant 1.212 .266 .004 .001 (.710 , 1.723) 

AfLAtt -.061 .037 - .002 .108 (-.130 , .006) 

Instr_At.t .060 .031 .002 .052 (.004, .128) 

Norms .201 .032 .000 .001 (. 141 .264) 

Percei ved_control .542 .043 -.002 .001 (.456, .624) 

Iuteution to use condoms was statistically siguihcautly predicted by subjective norms (Norms ) (B 

= 0.201 , p = 0.001 ) and perceived behavioural control (Perceived_control) (B = 0.542, p = 0.001). 

Instrumental attitudes (Instr_Att ) (B = 0.06 , p = 0.052) and Afj~Att (B = -0.061, p = 0.108) were 

not statistically significant predictors of condom use intention. 

4 .23 LASSO Variable Selection Results 

The Glrnnet functiou in R was applied in conducting LASSO regression. Fig 4.17 and Fig 4.18 

below show the results of the variable select ion as well as determination respectively. 
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Figure 4.17 Glmnet: all variables 

Analysis of the plot in Fig 4.17 reveals that P erceived_Control most influences the model since it 

enters the model first and positively affects the response variable. The second important variable 

is Norms and it likewise affects the response variable positively. Furthermore, the plot shows that 

Aff_Att is the only variable that negatively affects the response variable. 



121 

222 2 ,211 

-4 -2 

Figure 4.18 Cross Validation 

Fig 4.18 shows t he plot of t he cross-validation fit results. It includes t he cross-validation curve 

represented by t he red dotted line as well as upper and lower standard deviat ion curves along the 

sequence (error bars). The vert ical dotted line shows the selected >. . From the R output , ,\ = 

0.00274 gives the minimum mean cross-validated error. 



122 

Table 4.22 shows the JMP P ro 13 output of the LASSO regression model coefficients 

Table 4 .22 LASSO Regre:,;:,; ion Model Coefficieut:,; (n = 794) 

Tenn Estimate S.E. Wald p 95% CI 
Chi-Square 

Intercept l.21 2 0.195 38.507 .000 (.829, 1.595) 

AfLAtt -0 .061 0.031 3.843 .050 (- .122, -.000) 

Instr.Att 0.060 0.027 4.805 .0284 (. 006 , .113) 

orms 0.201 0.024 71 .444 .000 (. 154, .247) 

P crcci vcd_co n tro 1 0.542 0.037 217.194 .000 (.470 , .G l 4) 

Results for the LASSO regression model displayed in Table 4.22 show t lwt in tention to use condoms 

(CdmUse_Intention) was statistically significantly predicted by instrumental attitudes (InstLAtt) 

(B = O.0G0, p < 0.05 ), subj ective norms ( orms) (B = 0.201, p < 0.001 ) and perceived behavioural 

control (Perceived_control) (B = 0.542, p < 0.001 ). AfLAtt (B = -0 .061, p = 0.05) was not a 

statistically sig11if-ica11t predictor of condow u:,;e inte11tiou. The predictors explai11cd 44.7% of the 

variation in CdmUse_lntention. 

Regression analysis was also performed using GAM provided by PR.OC CAM procedure of the 

SAS software (release 9.4, SAS Institute incorporated , Cary, NC , USA) to assess the effects of the 

psycho-social factors on adolescent condom use intent ion. The model used condom use intention 

as the dependent variable and the fo ur factors: affect ive attitude, instrumental attitude, normative 

beliefs and perceived control as the independent variables. The 'spline' func tion was utilised in the 

MODEL stat<:mcnt to reque:,; t t he· additive modd using a cubic smoothing :,;pline with four <leg.Tee:,; 

of freedom by default, in SAS software , for each psycho-social factor . 
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4.24 GAM Results 

Table 4.2:.J CAM Regrn;sion Model Allalysit-> lode] Fit Statistics (u = 7!>4) 

Parameter Estima te S.E. ft -value P -value 
Intercept 1.281 0.190 6.76 <.0001 
Lincar (AfLAtt) -0 .039( 0.0302 -1. 32 0.1844 
Linear (Instr _Att) 0.0611 0.0265 2.31 0.0211 
Liuear ( orms) 0.203 0.0231 8.7!) <.0001 
Linear(Perceived_control) 0.511 0.0357 14.33 < .0001 

Table 4.24 Fit Summary for Smoothing Components (n = 794) 

Component Smoothing DF CCV um 
Parameter Unique Obs 

Spliiw(AfLAtt ) 0.!)80 3.00 0.366 15 
Spline(Instr_Att) 0.953 3.00 0.116 13 
Spline(Norms) 0.969 3.00 0.0900 17 
Spline(P erceived_control) 0.997 3.00 0.463 27 

Table 4.25 Approximate Analysis of Deviance 

Source DF F value Pr > F 
Spline(AfLAtt) 3.00 2. YO 0.0344 
Spline(Instr _.Att) '.3.00 2.51 0.0575 

Spline(Norms) 3.00 6.86 0.0001 

Spline(P erceived_control) 3.00 11.25 <.0001 

Table 4.23 provides analytical information about the fitted model, including parameter estimates 

for the linear port ion of the model. Values displayed in Table 4.23a indicate that intention to 

use condoms (CdmUse_Intention) was statistically significantly predicted by instrumental attitudes 

(Instr_.Att) (B = 0.061, p < 0.05) , subjective norms (Norms) (B = 0.203 , p < 0.0001) and perceived 

behavioural cont rol (P erceivecLcontrol) (B = O.G ll, p < 0.001 ). AfLAtt (B = -0.0398 , p = 0.18) was 

not a statistically significant predictor of condom use intention. The pr dictors explained 47.9% of 

the variation in CJmUsc~J:ntentiou. T he final predictive CAM regression model equation is: 
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CdmU.se_J ntention = l.28l-0.0398Af f _Att+0.06lI n.str _Att+0.203N orm.s+0.5llPerceived_control 

(4 .3) 

Smoothing parameters , degrees of freedom, t he number of unique observations and the value of the 

generalised cross validation (GCV) are displayed in Table 4.24. One of t he important parts of the 

PROC GAM results is the "analysis of deviance" displayed in Table 4.25. Table 4.25 presents F 

statistics for comparing the deviance between the full and reduced model ( excluding non-parametric 

component). For this model , the analysis effects in three of the four continuous predictors were 

found to be significant at the 5% level of significance as shown by their corresponding p-values 

which were less than 0.05. 

Fig 4.19 shows plots of the partial prediction for each of the continuous predictors considered in 

this study. 
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Fig 4.19 results from predictions from the non-linear part that are plotted against the respective 

predictor variables. Thus the figure above portrays the non-linear part of t he relationship between 

CdmUse_Intention and each of the predi ctors, one at a t ime. The plots include a curve-wise Bayesian 

95% confidence band for each smoothing component. 

4.25 Summary 

This chapter presented data analysis and results. Anderson & Gerbig's (1988) two-step approach 

was applied to the TPB based condom use intention structural equation model. The approach 

involves separate estimation of the measurement model before the estimation of t he structural 

model. Prior to the estimation of parameters, data screening was carried out. Part of the data 

screening involved analysis of missing data. Listwise deletion was applied to the dataset since 

the proportion of missing data was very low(< 1%). Cases witl1 nnengagcd responses were also 

deleted . Based on Stevens' (2009) suggestion of a t least 15 cases per observed variable or indicator, 

the sample size in this study was found to be aclcquak. De:,;criptivc 8tatistics for the variablc8 of 

interest were computed. All SEM assumptions except the multivariate normality assumption were 

met. 

The measurem ent model was found t o be over- identified (df > 0) and thus could be tested. Dele­

tion of factors with standardised fac tor loadings < 0.5 led to t he re-specification of the measurement 

model. Acceptable model fit was achieved without t he use of modification indices. Discriminant 

and convergent validity for the constructs was confirmed. Parameters in the structural equation 

model were thcll estiurnt.ed using au MLE procedure. Results from tlie SEM model revealecl t hat 

norms and perceived control were significant predictors of intention to use condoms. The results 

obtained were confirmed using bootstrapping. 

The SPSS linear regression procedure was used to estimate parameters in the multiple regression 

model. Prior to the regression models, composite variables were computed. Descriptive statistics 

for t he composite variables were also computed. Datn was examined for nornrnlity using both 

frequency histogram8 and measure8 of kurtosis and skewness. The two approaches were however 
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not in agreement. All the variables showed that they were linearly related to the outcome variable 

( CdmUse_Jntention). No multicollinearity problems were present among the variables. The Glmnet 

procedure for LASSO regression in R and the generalised regression option in JMP Pro 13 were 

used for variable select ion as well as fitting the LASSO regression rnodel. GAM regression was done 

using the GA f procedure in SAS as well a.s t he mgcv and gam procedures in R. Results from all 

three models revealed that norms, perceived behavioural control and instrumental attitudes were 

:-;ignificant predictor:-; of iutcntiou to u:-;c cowl0111:-; whik affective a.tt. itnclcs wen; non-siguifieant . 
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CHAPTER 5. SUMMARY,DISCU SSION AND CONCLUSIONS 

5.1 Introduction 

Chapter 4 presented the data and proceeded to analyse this data. This current chapter discusses 

the findings emanat ing from t he data. It proceeds to establish implications for practice, pointing 

out t.he limitations in the process. T he chapter terminates with conclusions and recommendations 

for further research . :viost significantly, t he chapter highlights conclusions of the entire study by 

rea.ssei.;sing t he primary rei.;eard1 quci.;t ioui.; in light of the J ata . 

5.2 Discussion of the Findings 

R esearch Question 1: 

Which model, between the structural equation model, MR, LASSO regression model and GAM is 

more adequate for explaining B atswana in-school adolescents ' intentions to use condoms? 

Finding 1: 

The structural equation model was more adequate fo r explaining Batswana in-school adolescents' 

intentions to use condoms than the GAM, MR and LASSO regression models. The structural equa­

t ion model explained a higher proport ion of the variance (57%) in condom use intention prediction 

than the GAM (47.9%), MR model and LASSO regression model which both explained 44.7% of 

the variance in condom use intention respectively. This finding is consistent with other studies 

(Boer & Masliamba, 2007; Eggers et al. , 2016; Fazekas et al. , 2001 ; Giles ct al. , 2005) conducted 

in African countries , which also revealed subjective norms and perceived behavioural control to be 

significant preJictors of intention to use condoms . The total variance in intention to use condoms 

explained in t hese other studies ranged between 22% and 67%. The parameter est imates for the 

linear port ion of the GAM were as good as the parameter estimates obtained in Lhe MR model 
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as well as the LASSO regression model. Table S. l shows a comparison of the MLE and bootstrap 

SEM results. 

Table 5.1 SEM Maximum Likelihood Estimator and Bootstrap Result Comparison 

Maximum Likelihood Bootstrap 
Estimator 
Estimate Std . p Estimate Std. p 

Error Error 

Cdrn U se_lntention -0.068 0.057 0.229 -0.068 0.068 0.256 
<- AfLAtt 

Cdm U seJ:ntention 0.049 0.038 0.201 0.050 0.040 0.191 
< - Instr_Att 

CdmUse_Intention 0.211 0.033 *** 0.209 0.045 0.001 
< - 1 orms 

Cdm Use_Intentioll D.676 D.05:3 *** 0.G75 ll .072 O.ODl 
<- Perceived_control 

*** p < .001 

A comparison of the unstandardised parameter estimates shown in Table 5.1 above revealed minor 

variations in the values obtained. Equal estimates for the Aff~Att coefficient (B = 0.068) were 

obtained for both the MLE and bootstrap approa.d1. Norms and Perceived_control coefficient es­

timates obtained using the bootstrap were slightly higher than those from the MLE approach. A 

little lower Instr_Att coefiicicnt estimate was obtai11ed usi11g the MLE method than whl'n bootstrap­

ping was applied. Standard errors obtained from performing bootstrapping were higher than those 

obtained under lhe MLE approach. Inspection of the p-values showed similar significant results 

for Norms and Perceived_ control and non-significant results for Afj_Att and Instr_Att. Despite the 

slight variations, both approaches provided the same results . Thus , the bootstrap results confirmed 

the stability of the results obtained using the MLE approach. 
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R esearch Question 2: 

Which TPB elements contribute signifi cantly to explaining B atswana in-school adolescents' condom 

use intentions? 

To assist in answering the foregoing question t he following hypotheses as stated in section 1. were 

tested : 

HJ : Instrumental attitude has a positive and significant effect on condom use intention 

H2: Affective attibule has a negative and significm1t effect 0 11 condom use intention 

H3: Normative beliefs have a positive and significant effect on condom use intention 

H4: Perceived behavioural control has a positive and significant effect on condom use intention 

Finding 2: 

Results per taining to the hypothesis tests are summarised in Table 5. 2 below. 

Table 5.2 T he hypothesis statement for every patli and its conclusion 

Hypothesis R esult D ecision 
statement 
Hl Instrumental attitude has a Significant in all mod- Supported in all mod-

posit iw an<l significant effect els except t he struc- d s except the struc-

on condom use intention t ural equation model tural equation model 
and MR bootstrap and MR. bootstrap 

H2 Aff ective attitude has a nega- ot significant in all Not suppor ted in all 

t ive and significant effect on models models 

condom use in tention 
H3 Norrnative beliefs have a pos- Significant in all mod- Supported in all mod-

itive and significant effect on els els 

condom use intention 
H4 Perceived behavioural control Significant in all mod- Suppor ted in all mod-

has a posit ive and significant els els 
effect on condom -use intention 

On the basis of the results from this study, the first hypothesis (HJ ) was accepted in the MR , 

LASSO and GAM models but rejected under SE:VI , including in the SE M bootstrap as well as MR 

bootstrap. Results indicated that instrumental attitude has a posit ive but insignificant effect on 
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condom use intent ion when SEM and MR bootstrapping are carried out and a positive significant 

effect under t he remaining models. T his inconsistency thus shows the importance of choice of 

analysis method and how it affects the interpretation of results. In addit ion, the obtained results 

indicated that affective attitude has a negative yet insignificant effect on condom use intention for 

all models considered in the study. The second hypothesis (H2) was t l1erefore not accepted for all 

models. 

Nonnative beliefs ( onus) were a significant predictor of condom n:-;c intention among Batswana 

in-school adolescents in all models including the bootstn1p models. In this study, normative beliefs 

were indicative of t he adolescents' perceptions of the significant others ' (father , mother, partner 

and friends) approval or disapproval of them using condoms. Results in this study indicated that 

normative beliefs had a posit ive and significant effect on condom use intention . This led to the 

acceptance of the third hypothesis ( H3). The finding of this study is supported by previous studies 

(Guo et al. , 2014; Sacolo et al. , 2013) but contrary to Teye-Kwadjo et al. (2017b) and Jemmott 

et al. (2007) who found that normative beliefs were not stat.istically significantly associated with 

condom use intention . 

Perceived control , on the other ham.!, wa,'3 tlw strongest prL·dictur of couJom use inteution in all 

models. Results displayed in Table 5.1 show that perceived control, which in this study referred to 

Batswana in-school adolescents' perceptions of how easy or difficult it is for them to use condoms, 

had a positive and significant effect on condom use in tention. Thus the fourth and final hypothesis 

(H4) was accepted . This finding is consistent with results from studies carried out among South 

African Xhosa-speaking high school youths (Jemmott et al. , 2007) , in-school youth in Swaziland 

(Sacolo et al. , 2013) , 9th - 12th grade Ghanaian senior high school students aged 14 - 20 years 

(Teyc-Kwa<ljo ct al. , 2017b) nnd Chinese college stuclcuts (Gno ct al. , 2014). However, the findiug 

was in contrast to Albarracin et al. (2001)'s meta-analysis results of 96 studies mostly conducted 

in Europe and United States, which established Lhat attitude was the best predictor of condom use 

followed by perceived control. Additionally, the result obtained in this study was inconsistent with 



Bennett & Bozionelos (2000), whose study discovered that perceived control of condom use had no 

effect on condom use intention . 

Although Batswana culture, history, and language differ from those in western countries, the study 

results indicated that the TPB constructs, except for both affective and instrumental attitude in 

t he SEM models and affect ive at titude in the GAM, 11R and LASSO rnodels , were predictive of 

intention to use condoms among Batswana in-school adolescents . While the signs on the coefficients 

for both models were similar, t here was a difference in tlw maguitrnlc of the cocffo:ients as well as 

in the amount of variance explained by the predictors in each model. 

R esearch Question 3: 

What suggestions can be made towards 'intervent'ion programs formulation? 

The hypotheses displayed in Table 5.2 showed that both normative and perceived behavioural 

control beliefs have a positive and significa nt effect on condom use intention . 

The findings of th is study revealed that affective a ttitudes toward condorn use were not predictive of 

intention to use condoms among Batswana in-school adolescents. Affective attitudes toward condom 

rn;e ill this study denotcJ. Bat::;wana adolc::;ccut::; ' m~gativc freling::; or thoughts about condorn u::;e. 

The insignificant influence for affective attitudes on intentions to use condoms may be related to 

myths concerning condom use among Batswana in-school adolescents such as assumptions that 

condoms reduce sex pleasure , use of male condoms results in reduced ferti lity and condoms cause 

pain. According to Appiah et al. (2017), there are numerous documented reasons for lack of 

condom use. These include anxieties about the safety of condoms as well as cultural percept ions 

that relate condom use to promiscuity and unfaithfulness or cheating (Adebiyi & Asuzu , 2009; 

Chimbiri, 2007; Fehr ct a l. , 2015). Kennedy ct al. (2007) a<ltlcd t hat the feeling of embarrassment 

in purchasing condoms, societal pall that covers condom purchase and misperceptions about t heir 

effectiveness have all promoted low usage in many parts of SSA. 
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5 .3 Contribution of the study 

To the best of the researcher 's knowledge, no st udies have compared t he adequacy of SEM, LASSO 

regression, GAM and MR models involving latent variables. This study thus does not only reveal the 

importance of selection of appropriate analysis methodology especially when dealing with data that 

has latent variables but also shows the existence of a variety of under-utilised , useful and feasible 

modern regression techniques . Nusair & Hua (2010:320) suggested that "SEM is most appropriate 

when the researcher has mult iple constructs, c'nch represented by several meFtsnred vFtriablcs, and 

the constructs are distinguished based on whether they are exogenous or endogenous." In addition, 

N usai & Hua (20lll) no teJ that in im;tances where resL·arch questions to aJJress interactions between 

latent variables in a study are raised , SEM is undoubtedly a good choice. On the other hand, when 

censored , truncated , time-series or panel data are involved or research questions are related to 

probability, MR is preferred . Moreover , GAMs would be a good choice in instances where linearity 

is not assumed or model is not specified a priori. LASSO regression is very handy in instances 

where the researcher needs to select a few var iables from a myriad variables. 

Furthermore, there is a dearth in lit erature and research on correlates or predictors of condom 

use among Ba.tswana adolescents. Th is study consequently expanded upon the gTowing body of 

HIV/ AIDS prevention literature with a new focus on the choice of a relevant statist ical analysis 

mcthoJology. To t he best of the researclwr 's kuowleJ gc, t his is t he hrst TPI3 guided study that not 

only applied modern regression techniques but also investigated factors underlying intentions for 

condom use among Batswana adolescents. The TPB could have cri t ical implications fo r community 

programmes that make use of social cognitive interventions for Batswana in-school adolescents. In­

terventions utilising the TPB are probably going to be t he bes t in changing or affecting intention 

(Webb & Sheeran , 2006). T he results of this study contr ibute towards knowledge regarding inten­

tions of youth in engaging in protective sexual behaviour as well as literature on effective HIV/ AIDS 

prevention Ftmong in-scho ol adolescents that can be nsed by policy makers as a basis for the de­

velopment of culturally sensitive and effective interventiom; for Botswana and other Sub-Saharan 

countries. 
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5.4 Implications for Practice 

To investigate relationships among var iables, researchers use statist ical methods. However , each 

statistical method has its own strengths and limi tations thus necessitating t he need for researchers 

to consider such when dealing with statistiectl models of complex social phenomena in their re­

search (Jeon, 2015). T he study finding on SEM being more adequate for explaining and predicting 

Batswana in-school adolescents' intentions to use condoms points to the importance of selecting 

and applying this data analysis or modelling approach . This study shows that statistical methods 

should not only be primarily chosen based on their simplicity but rather in light of the appropri­

ateness an<l adequacy of the meLho <l with regard to the type or nat ure of <la ta . Since MR , LASSO 

and GAMs make use of a single DV, measurement error occurs. The problem of measurement 

error is however reduced when SEM is used. This study thus shows that when estimating abstract 

concepts such as attitudes or perceptions towards a cer tain behaviour , researchers should take SEM 

as a more appropriate approach than multiple regression and other modern regression techniques 

especially when dealing with data consisting of la tent variables. 

A second important implication of this study derives from the finding on the TPB elements that 

contribute significantly to explainin /1; Batswa.na in-school adolescents' condom use intentions. Re­

sults from this study suggest that effective interventions for promoting condom use should aim at 

changing normative a1Hl pcrccive<l behavioural control beliefs over coudom use. Given that t he 

content of the beliefs may vary across cultures (I{ok & Ruiter , 2014), designers of behavioural 

intervention programs and policy makers need to also take the context of the targeted populations 

into account the reby leading to development of culturally appropriate interventions. 

5.5 Limitations 

The study has the following limitat ions: 

1. Secondary data was used in this study thus the researcher was limited to working with the 

available variables in buil<ling Lh t> uw<leb . 
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2. Findings may not be generalizable to other adolescent groups such as those living in rural 

areas, out of school adolescents and college or university adolescents since the sample con­

sisted only of in-school adolescents from urban and semi-urban areas . A systematic review 

of literature conducted by Stroeken et al. (2012) covering the period 2000 - 2010 on young 

people who dropped out of school in Southern and Eastern Africa showed that out-of-school 

youths were likely to engage in risky sE xual behaviour, had early sexual debut and reported 

more iucousistcnt condom use. Agyci & Abrcfa-Gyau (201G) suggested that yonng people 's 

location and living arrangements play a significant role in determining whether or not youth 

engage in risky sexual behaviours. Mutinta & Govencler (2012) and Mutinta et al. (2013), 

concur and state that the college or university euvironment affords an opportunity for risky 

sexual behaviours since students are free from parent al or guardian control. Although the 

findings are not generalizable, the modelling framework discussed in the thesis is applicable 

to any group of adolescents. 

3. Self-reports were used to measure behavioural var iables. Due the sensit ivity of the sexual 

behaviour as well as social desirability concerns, there is a risk that participants may have ei­

ther under-reported or over-reported t heir behaviour . It is well documented in literature that 

youth, particularly fem ales, regularly under-report sexual behaviour whereas males occasion­

ally over-report it (Beguy et al. , 2009; Doyle et al. , 2012; Marston & King, 2006; Plummer 

& Wight , 2011). While bias may be present in self-report measures, spec ifically when private 

sexual information is requested , an emergent body of research has revealed that the use of 

self-report J ata iu sexual behaviour research prescuts no major problc1m; (DiC!cmeutc et al. , 

2013; Goldberg et a l. , 2014; Schroder et al. , 2003). Notwithstanding this, there is a possibility 

that the self-report data may have had some infl uence on the analysis . 

5.6 Conclusions 

The purpose of this sLuJy was to cornparc the adequacy of the t;tructural equation moJcl , the MR 

model , LASSO and GAM in predicting condom utie intention using Batswana in-school adolescents 
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sample data while validating the TPB in studying Batswana in-school adolescents' attit udes and 

personal beliefs toward their intention to use condoms. The predictors ofinterest were: (a) attitudes 

(both affective and instrumental att itudes) tow,1,rd condom use, (b) subjective norms about condom 

use and (c) perceived behavioural control of condom use, all derived from the TPB . Many studies 

have been conducted using the T PB in western countries, but few studies t hat apply the TPB to 

predict the intention to use condoms in Sub-Saharan Africa, specifically among Batswana adolescent 

populations, have been carried out. This st.udy t lwrcforc extcnclcd the application of the TPB to 

Batswana in-school adolescents in order to identify the predictors t hat determined the intention to 

use condoms in this population. The study also introduced the application of modern regression 

techniques in analysing TPB related data. The study used secondary data from 794 adolescents 

which was collected as part of an adolescent research project on HIV/ AIDS prevention conducted 

by the University of Botswana. 

The study focussed on three research questions: 

1. Which model, between the structural equation model, MR, LASSO regression model and 

CAM is more adequate for explaining Batswana in-school adolescents' intentions t.o use con­

doms? 

2. Which TPB clements contribute significantly to explaining Bat::;wana in-school adolescents' 

condom use intentions? 

3. What suggestious can be made toward::; intervention prograws formulation'/ 

T ht• first two questions were ai1swt·rcd quantit.ativdy through the ust' of tht• structural equation 

model, MR model, LASSO regression model and CAM. F indings from the first and second questions 

were used to inform the suggestions solicited through question three. A stimulating finding of this 

study was that instrumental attitudes were a significant predictor of condom use intention in the 

three models but were insignificant in the SEM model. Addilionally, contradicting decisions were 

arrived at regarding tlie first hypothesis (Hl) witli t he hypothesis being accepted under t he CAM, 

MR and LASSO regression models while it was rejected under SEM. Instrumental attitudes, in 
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this study, referred to preventive benefit s of condom use. Since the same items were used to 

measure instrumental attitudes, the difference in significance as well as decision concerning the 

first hypothesis can therefore be attributed to the effect of different analysis approaches . 

5. 7 R ecomm endations for Further R esearch 

While this study found SEM to be more adequate than MR, LASSO regression and GAM, ad­

ditional studies that compare these modelling approaches specifically where latent variable data 

is concerned , need to be carried out. Results from further studies may possibly clarify whether 

the variance in adequacy can exclusively be attributed to the specific method. On the basis of 

the finding on the significant predictors of condom use intention made by t his study, there is need 

for constructs and variables well-matched to the Botswana context to be further developed and 

validated for future studies. Furthermore, the TPB conld be used as a framework to determine the 

predictors of intention to use condoms among Batswana in-school adolescents. It is recommended 

that auy HIV education programs or intcrventious targeted at t he adolescents should increase the 

intention to use condoms through promoting positive instrumental attitudes, subjective norms and 

perceived control of condom use. Additionally, an inves Ligation of mediating and/or moderating 

variables in the case of Batswana adolescents could be yet another avenue of research to be pursued. 

Developing separate models based on gender could also be a worthwhile research pursuit. 
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APPENDIX A. Unmodified Measurement Model Fit Summary Results 

Model PRATIO PNFI PCFI 

Default model .889 .773 .800 

Saturated model .000 .000 .000 

Independence model 1.000 .000 .000 

NCP 
Model NCP LO 90 HI 90 

Default model 823.ns 72;,.113 !-)2\J.!.)14 

Saturated model .000 .000 .000 

Independence model 8220 .310 7922.302 8524.679 

FMIN 

Model F UN FO LO 90 HI 90 

Default model 1.403 1.039 .914 1.173 

Saturated model .000 .000 .000 .000 

Independence 111odel 10.77G 10.36G 9.990 10.7GO 

AIC 

Model AIC BCC BIC CAIC 

Default model 12:rn.ns 1241.109 1526.717 1588.717 

Saturated model 702.000 726.744 2343.656 2694.656 

Independence model 8597.310 8599.143 8718.914 8744.914 
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ECVI 

Model ECVI LO 90 HI 90 MECVI 

Default modd l.5G0 1.4~{5 l.G93 l.,5GG 

Saturated model .885 .885 .885 .916 

Independence 10. 42 10.466 11.225 10.844 

model 

HOELTER 

Model HOELTER..05 HOELTER..01 

Default 1110Jd 23G 248 

Independence model 35 36 
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APPENDIX B. Re-sp ecified Model 1 
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Re-specified Model 1 Fit Summary R esults 

CMIN 

Model NPAR CMIN 

Default model 52 671.467 

Saturated model 231 .000 

Independence model 21 7762.680 

RMR, GFI 

Model RMR GFI 

Default model .051 .921 

Saturated model .000 1.000 

Independence model .308 .337 

Baseline Comparisons 

DF p CML\1/ DF 

179 .000 3.751 

0 

210 .000 36.965 

AGFI PGFI 

.899 .714 

.271 .:{07 

Model 1FIDeltal R.Flrhol IFIDdta2 T Lirho2 

Default model .914 .899 .935 .924 

Saturated model 1.000 1.000 

Independence model .000 .000 .000 .000 

RMSEA 

fodel RMSEA LO 90 HI 90 PCLOSE 

Default model .059 .054 .064 .001 

Independence model .21:l .209 .217 .000 

CFI 

.935 

1.000 

.000 
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P arsimony-Adjust ed M easures 

Model PRATIO PNFI PCFI 

Default model .852 .779 .797 

Saturated model .000 .000 .000 

Independence model 1.000 .000 .000 

NCP 
Model CP LO 90 HI 90 

Default model 492.467 416.854 575.650 

Saturated model .000 .000 .000 

Independence model 7552.680 7267.982 7843.715 

FMIN 

lVIodel FMIN F0 LO 90 HI 90 

Default model .847 .621 .526 .726 

Saturated model .000 .000 .000 .000 

Independence model 9.789 9.524 9.165 9.891 

AIC 

Model AIC BCC BIC CAIC 

Default model 775 .467 778.434 1018.675 1070.675 

Saturated model 462 .000 475. 183 1542.406 1773.406 

Independence model 7804.680 7805.879 7902.899 7923 .899 
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ECVI 

Model ECVI LO 90 HI 90 MECVI 

Default model .!:l78 .881 1.()83 .982 

Saturated model .58:3 .583 .583 .599 

Independence model 9.842 9.483 10.209 9.843 

HOELTER 

Model HOELTER.05 HOELTER.01 

Default model 250 267 

Independence model 26 27 
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Standardized Regression W eights: (Group number 1 - Default model) 

Estimate 

PC9 <---~ .592 

PCS <---~ .496 

PC! <---~ .602 

A.Al <---~ .561 

AA.2 <--~ .530 

AA3 <--- M.Att. .626 

AA4 <--- M,AtJ_ .568 

CUil <---~ .882 

cuu <--~~ .833 

IA3 <-- ~ .823 

L.U <---~ .903 

!Al <--- ~tLAl;t .792 

N04 <--- Norms .739 

03 <--- onns .921 

0 2 <--- orms .916 

0 1 <--- Norms .685 

PC6 <--- ~~~! .630 

PCS <--- ~~~ .690 

PC4 <---~ .778 

PC3 <--~ .756 

PC2 <---~ .567 
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APPENDIX C. Re-specified Model 2 
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Model Fit Summary for Final Measurement Model 

CMIN 

Model NPAR CMIN DF 

Default model 50 616.839 160 

Saturated model 210 .000 0 

Independence model 20 7516.539 190 

RMR, GFI 

p 

.000 

.000 

fodel RMR GFI AGFI PGFI 

Default model .052 .925 .901 .704 

Saturated model .000 1.000 

Independence model .314 _:343 .274 .310 

Baseline Comparisons 

CMI:.'-J/DF 

3.855 

39.561 

Model FIDeltal R.Flrhol IFIDelt.a2 TLirho2 

Default model .918 .903 .938 .926 

Saturated model 1.000 1.000 

Independence model .000 .000 .000 .000 

Parsimony-Adjusted M easures 

Model PRATIO PI FI PCFI 

Default model .842 .773 .790 

Saturated modd .000 .000 .000 

Independence model 1.000 .000 .000 

CFI 

.938 

1.000 

.000 
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RMSEA 

Model RMSEA LO 90 HI 90 PCLOSE 

Default rnocld .060 .055 .065 .,001 

Independence model .221 .216 .225 .000 

AIC 

lfodel AIC nee DIC CAIC 

Default model 716.839 719 .559 950 .693 1000.693 

Saturated model 420.000 431.425 1402.188 1612.188 

Independence model 7556.539 7557.627 7650.081 7670.081 

ECVI 

Model ECVI LO 90 HI 90 lVIECVI 

Default model .904 .813 1.005 .907 

Saturated model .G30 .G30 .G'.30 .G44 

Independence model 9.529 9.176 9.890 9.530 
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Maximum Likelihood Estimates 

Regression Weights: (Group number 1 - Default model) 

+ 
Estilnate S.E. C .R. p Label 

PC9 <--- ~·v ~J .72_ .045 16.054 *** par_ 1 

PCl <---~ .981 .058 16.798 *** par_2 

AAl <--- ~ 1.000 

AA2 <---~ 1.077 .108 9.942 *** par_ 3 

AA3 <---~ .869 .080 10.801 *** par_4 

AA4 <---~ .964 .093 10.330 *** par_ 

CUil <--- ~ID~~ 1.000 

CUI2 <---~ .905 .038 _3,819 *** par_ 6 

IA3 <---~ 1.000 

IA2 <--- ~ 1.204 .044 _7,128 *** par_ 7 

IAl <---~ l.142 .046 24. 662 *** par_ 8 

N04 <--- Nonns 1.000 

N03 <--- Nonns 1.380 .05'.2 26.331 *** par_ 9 

N02 <--- Norms 1.356 .052 26.219 *** par_ 10 

NOl <--- Nonns .86_ .045 19._68 *** par_ 11 
p. 6 <--- .900 .051 17 .595 *** par_ 22 

PCS <--- l .027 .05 .... 19.626 *** par_ 23 
P C4 <--- 1.000 

PC3 <--- 1.0_5 .047 _ l .870 *** par_ 24 

PC2 <--- .994 .063 15.765 *** par_ .. 5 
[ 
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Standardized R egression W eights: (Group number 1 - D efault model) 

Path Estimate 

PC9 <- Perceived_control .580 

PCl <- PerceivecLcontrol .604 

AAl <- AfLAtt .561 

AA2 <- AfLAtt .528 

AA3 <- AfLAt t .628 

AA4 <- AfLAtt .566 

CUil <- Cdm Use_Intention .884 

CUI2 <- CdruUm.dntcntion .8~n 

IA3 <- Instr_Att .823 

IA2 <- Instr_Att .903 

IAl <- Instr_Att .792 

04 <- Norms .73!:) 

NO:) <- Norms .921 

NO2 <- orrns .916 

01 <- Norrns .685 

P C6 <- Perceived_control .630 

PC5 <- PcrccivecLcontrol .G94 

PC4 <- Perceived_control .7 4 

PC3 <- Perceived_control .764 

PC2 <- Perceived_control .570 
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Covariances: (Group number 1 - D efault mode l) 

Estimate S.E. C.R. p Label 

AfLAtt <-> Instr_Att - .144 .023 -6.343 *** par_l 2 

AfLAtt <-> CdmUse_Intention -. 199 .027 -7.400 *** par_l3 

CdrnUse_lntention <-> 1orms .337 .031 10.778 *** par_l4 

Instr_Att <-> Norms .111 .024 4.686 *** par_l5 

CdmUse_lntention <-> Instr_Att .169 .024 7.103 *** par_l 6 

AfLAtt <- > T\orms -.160 .026 -6 .061 *** par_l7 

Perceived_control <- > Cdm Use _Intention .382 .028 13.462 *** par_l 8 

PcrccivccLcontrol < - > AfLAtt -.rn:i .024 -8.0lG *** par_l9 

Perceived_control <-> Norms .255 .026 9.631 *** par_20 

Perceived_control <- > Instr_Att .165 .021 7.846 *** par_21 

Correlations: (Group number 1 - D efault mode l) 

Estimate 

AILAtt <-> Instr_Att -.333 

AfLAtt <-> CdmUse_Intention - .41:3 

CdmUse_Intention <-> orms .513 

Instr_Att <-> orms .189 

CdmUse_lntention <-> Instr_Att .306 

AfLAtt <-> T\orms -.311 

Perceived_control <-> CdmUse_Intention .724 

Perceived_control <- > AfLAtt -.473 

Perceived_control <-> Norms .451 

Perceivet.Lco11trol <-> Instr_Att. .347 
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Variances: (Group number 1 - Default model) 

Estimate S.E. C.R. p Label 

Perceived_control .453 .036 12.557 *** par_26 

AfLAtt .377 .054 6.981 *** par_27 

Cdm Use.lntention .612 .043 14.239 *** par_28 

lnstr_Att .49G .037 13.441 *** par_29 

orms .702 .059 11.882 *** par_30 

e3 .467 .025 1 .503 *** par_31 

e6 .559 .031 18.077 *** par_32 

c7 .514 .o~m 17.30G *** par_33 

e8 .284 .018 15.411 *** par_:)4 

e9 .339 .021 lS.961 *** par_35 

elO .931 .050 18 .571 *** par_36 

ell .760 .042 18.311 *** par_37 

e12 .82:1 .052 15.829 *** par_38 

e13 1.128 .068 16.476 *** par_39 

e14 .438 .031 14.098 *** par-40 

e15 .742 .047 15.705 *** par-41 

e25 .171 .021 8.0G8 *** par-4.2 

e26 .225 .019 11 .541 *** par-43 

e18 .235 .017 13 .811 *** par-44 

e19 .162 .019 8.348 *** par-45 

e20 .384 .025 lG.276 *** par-46 

e21 .582 .032 18. 043 *** par-47 

e22 .238 .024 10.076 *** par-48 

e23 .248 .023 10.626 *** par-49 

e24 .590 .032 1 .555 *** par_50 
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APPENDIX D. Model Fit Summary of Structural Model 

CMIN 

Model NPAR CMIN DF p CMI.\T/DF 

Default model 50 616.839 160 .000 3.855 

Saturated model 210 .000 0 

Independence model 20 7G1G .G39 190 .000 39.561 

RMR, GFI 

Model RMR. GFI AGFI PGFI 

Default model .052 .925 .901 .704 

Saturated model .000 1.000 

Independence model .314 .343 .274 .310 

Baseline Comparisons 

Model NFIDelta R.Flrhol IFIDelta2 TLirho2 CFI 

Default model .918 .903 .938 .926 .938 

Saturated model 1.000 1.000 1.000 

Imlepeu<leuc:.e 111odcl .000 .000 .nuo .000 .000 



178 

Parsimony-Adjusted Measures 

Model PRATIO PNFI PCFI 

Default model .842 .773 .790 

Saturated model .000 .000 .000 

Independence model 1.000 .000 .000 

NCP 
fodel NCP LO 90 HI 90 

Default model 456.839 384.363 536.882 

Saturated model .000 .000 .000 

Independence model 7326 .53!) 7046.312 7613.098 

I 
r _ -

FMIN 

Model FMI FO LO 90 HI 90 

Default model .778 .576 .485 .677 

Saturated model .000 .000 .000 .000 

Independence model 9.479 Y.23Y 8.886 9 600 

RMSEA 

Model RMSEA LO 90 HI 90 P CLOSE 

Defaul t model .060 .055 .065 .001 

Independence model .221 .216 .225 .000 
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AIC 

Model AIC BCC BIC CAIC 

Default rnodd 716.839 7rn.ris9 9;i0.G9:1 1000.G93 

Saturated model 420.000 431.425 1402.188 1612.188 

Independence model 7556 .5'.39 7557.627 7650.081 7670.081 

ECVI 

Model ECVI LO 90 HI 90 MECVI 

Default model .904 .813 1.005 .907 

Saturated model .530 .530 .530 .544 

Imlependence rnodt~l 9.5W 9.176 9.890 9.5::w 

HOELTER 

Model HOELTER.OS I-IOELTER.01 

Default model 245 2G'.3 

Independence model 24 26 
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APPENDIX E. PROC GAM Output with four fixed d egrees of freedom 

I The SAS System 

The GAM Procedure 

Dependent Variable: Cdm Use_Intention 

Smoothing Model Component (s) : spline (AfLAtt) spline (Instr_At t) spline (Norms) spline (Per­

ceived_control) 

Summary of Input Data Set 

Number of Observations 794 

Number of Missing Observations 0 

Distribution Gaussian 

Link Function Identity 

Iteration Summary and Fit Statistics 

Final Number of Backfitting Iterations 7 

Final Backfitting Criterion 3.3128439E-9 

The D eviance of the Final Estimate 266 .56426314 
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T he backfittiug algorithlll couverµ;ed. 

R egression Model Analysis Parameter Es timates 

Parameter Param.eter Standard t Value Pr > lt l 

Estimate Error 

Intercept 1. 28141 0.18963 6.76 <.0001 

Linear(AfLAtt) -0.03978 0.03022 -1.32 0.1884 

Linear(Instr _Att) 0.06113 0.02646 2.31 0.0211 

Linear (Norms) 0.20284 0.02307 8. 79 <.0001 

Linear (Perce ived _control) 0.Sll40 0.03569 14.33 <.0001 

Smoothing Model AnalysisFit Summary for Smoothing Components 

Component Smoot hing DF GCV Num 

Param eter Unique 

Obs 

Spline (AfLAtt) 0.\m.JG94 3.000000 0.365796 15 

Spline(Instr _Att) 0.%3392 3.000000 0.11SS7S 13 

Spline (Norms ) 0.968815 3.000000 0.090014 17 

Spline (P erceived _control) 0.997398 3.000000 0.462875 27 
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Smoothing Model Analysis 

Approximate Analysis of Deviance 

Source DF F Value Pr > F 

Spline( AfLAtt) 3.00000 2.90 0.0344 

Spline (Instr _Att) 3.00000 2.51 0.0575 

Spline(Norms) '.3.00000 6.86 0.0001 

Spline (Percei ved_control) 3.00000 11 .25 < .0001 

Smoothing Compone•n:t$ for CdmUulnt•ntion 
Wtll'l 95'lll Conrlaenee Limits 

OF"l p,,oo,,, DF•3 l'•0.0~7S 
---

LO · 

0~ 
t; 0.0 ., 
~ ' w ..0.5 

-1 0 

-1 S 

3 5 1 2 ' ~ 

M _AU l~s.1r_All 

OF;3 f>a0.ll001 DF .. 3 P•0.0001 

1 0 7 05 

u 0.0 t-
~ 
w -o.s 

•1.0 

. , 5 

i 3 5 1 2 J ~ 5 

Norm~ Perc,;ived_c rol 


