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Abstract 
Scholars have proposed the idea that trust influences individuals’ choice to vote or abstain. 

However, there is uncertainty about the composition of trust and its effect on voter turnout. The 

aim of this study is to explore the relationship between interpersonal and institutional trust and 

voter turnout in South Africa. Examining presently unused data for South Africa from the 

World Values Survey 2006 through exploratory and confirmatory factor analysis, the argument 

is advanced that trust is a multidimensional concept that may be modelled by multivariate 

measurements. A logistic factor score regression model shows that a one-unit increase of trust 

in public institutions on average increases the odds of voting by 9 % whereas trust in private 

institutions and interpersonal trust have no significant effects. The results imply that trust-

strengthening actions may be of interest to South African public institutions to increase electoral 

participation and legitimise election outcomes. 
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1. Introduction 
Voting is the process by which the electorate in a democracy relates its preferences to future 

state policies. The exercise of voting can be regarded as not only a fundamental democratic 

right but also a responsibility since a high degree of voter turnout in a fair election indicates a 

well-rounded representation of the views of the population and validates the democratic state. 

Yet, not all citizens cast their votes. The reasons for which an individual decides to vote or 

abstain have been theorised and empirically examined on a global scale. One perspective 

pertains to the field of psychology where trust, both amongst individuals and between 

individuals and institutions, influences an individual’s propensity to vote.  

As new democracies have emerged and been maintained through elections, novel contexts 

have arisen from which extensive knowledge can be obtained of the voting or abstaining of 

individuals. This study sets out to examine the relationship between different aspects of trust 

and voter turnout in the Republic of South Africa, a country that made its transition to a 

democracy in the 1990s in connection to the interim constitution and its development of 

universal suffrage, separation of powers, and abrogation of apartheid laws (Chaskalson 1997). 

The aim is to determine whether interpersonal trust and trust in institutions influence South 

African citizens’ choice to participate in elections. The following research question is posed: 

What is the relationship between voter turnout and interpersonal and institutional trust in South 

Africa?  

Prior research utilises either univariate or multivariate measurements when considering 

trust, in other words different methodological approaches, and there is uncertainty as to what 

dimensions of trust are empirically supported. The contribution of this study to research on trust 

in relation to voter turnout is twofold. Firstly, a presently unused dataset in this context is used, 

namely data for South Africa 2006 from the World Values Survey (WVS). Secondly, the 

adopted multivariate approach contributes to the topic of dimensions of trust and the 

relationship between trust and voter turnout by giving nuance to already existing empirical 

findings. As in many previous studies, a logistic regression model is used to relate trust 

variables to the voting propensity of an individual. Additionally, factor analysis is used to 

identify dimensions of trust, thus basing trust measurements on multivariate analysis. Factors 

are implemented as independent variables in the logistic regression model by using factor 

scores. 
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2. Theoretical Framework 
2.1 The Rational Choice Model and Alternative Approaches 

Rational choice theory builds on the notion of a Homo Oeconomicus who in a self-interested 

manner always can rank a set of alternatives according to transitive preferences, who chooses 

the alternative that maximises utility, and who makes the same choice when facing the same 

set of alternatives (Downs 1957). Therefore, if the expected benefits of voting exceed the costs, 

including the opportunity cost connected to abstaining, then the individual votes since this is 

the utility-increasing rational choice. The calculus of voting can be stated as 

                 𝑈" = 𝑝𝐵" − 𝐶"                                                        (2.1.1) 

where 𝑈" is the utility of individual i received from voting, 𝑝 is the probability of casting a 

decisive vote in the election, 𝐵" is the value of expected benefits gained from the desired 

political candidate winning the election, and 𝐶" is the cost of voting (Riker & Ordeshook 1968). 

The act of voting thus occurs in Equation (2.1.1) when 𝑈" > 0. 𝐵" has historically been 

composed of solely instrumental benefits, which are personal benefits contingent upon the 

electoral outcome (Urbatsch 2012).  

The rational choice model in its initial form has been criticised as it fails to explain 

relatively high levels of voter turnout when the probability of casting a decisive vote often is 

outstandingly low, which would imply that expected benefits must be of a considerable 

magnitude to outweigh even trivial voting costs, a phenomenon known as the paradox of voting 

(Blais 2000, Introduction). Furthermore, critique has been directed toward the strong 

assumptions of individuals being able to calculate the values of the variables on the right-hand 

side of Equation (2.1.1) and acting in accordance with the assumptions of rational behaviour. 

The latter critique can be regarded in the light of the findings by Kahneman (1994) in his 

inquiries on bounded rationality when making decisions under uncertainty. To address the 

paradox of voting, several extensions of the rational choice model have been proposed. 

Following Riker and Ordeshook (1968), an augmented model may be formulated as 

               𝑈" = 𝑝𝐵" − 𝐶" + 𝐷"                                  (2.1.2) 

where 𝐷" refers to non-instrumental satisfactions from voting, for example by merely 

participating in the political system. It is essential to emphasise that 𝐷" is not scaled by 𝑝 in 

Equation (2.1.2), rendering the satisfactions independent of the expected electoral outcome. 

Rosenstone and Hansen (2003) hypothesise that social networks influence individual voting 
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behaviour through social pressure. Thus, individuals should reasonably obtain expressive 

benefits, in other words increase 𝐷", when conforming to group expectations. This sociological 

perspective implies that variables such as being active in voluntary organisations, for example 

labour unions, explain an individual’s decision to vote. Furthermore, being part of voluntary 

organisations can reduce costs associated with informing oneself before the election day since 

information exchanges may occur in these networks and thus increase the perceived utility of 

voting (Tambe 2017). Research has moreover suggested that cognitive variables, for example 

political interest and trust in others or in institutions, shape an individual’s voting behaviour in 

the sense that higher levels of political interest and trust generate a higher expected net benefit 

of voting (Smets & van Ham 2013). Building on the suggestions by Wang (2016), trust in 

political institutions such as the government can be incorporated into the rational choice model 

by the addition of 𝑇" to equation (2.1.2). One then obtains 

               𝑈" = 𝑝𝐵" − 𝐶" + 𝐷" + 𝑇".                                  (2.1.3) 

Equation (2.1.3) states that trust in political institutions has a direct effect on an individual’s 

perceived utility. Wang (2016) hypothesises a mediation effect such that 𝐷" = 𝑓(𝑇"). However, 

an examination of the mediation argument in the context of African elections has not been 

found. As such an examination is beyond the scope of this study, so the mediation effect is 

disregarded.  

It should be reasonable to assume that other dimensions of trust exist and could also have 

an effect on perceived utility, thus broadening the definition of	𝑇", and the theoretical basis for 

this assumption is presented in the next section. 

 

2.2 Trust 

The Organisation for Economic Cooperation and Development (OECD) defines trust as “a 

person’s belief that another person or institution will act consistently with their expectations of 

positive behaviour” (OECD 2017, p. 42). This definition draws a distinction between 

interpersonal and institutional trust and focuses on individuals as agents that form trust through 

expectations. The distinction is essential as the two types of trust are differently forged. Trust 

between individuals is a choice and enforcement of interdependence based on emotional 

grounds where, for example, the aversion of emotional pains from breaking the trust 

relationship reinforces it (Lewis & Weigert 1985). Trust in institutions, be it political or non-

political, is regarded as more abstract than interpersonal trust, sometimes termed faceless trust, 

where trust is upheld as long as institutions properly fulfil their roles in the social system (ibid.). 
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Nevertheless, the two types of trust can be understood as interacting where a reciprocal 

relationship exists between interpersonal trust and institutional trust (Meyer et al. 2012). 

Uslaner (2002) argues that interpersonal trust can be divided into trust in people one 

knows and trust in strangers. The former can be seen as a narrow trust which is shaped by shared 

moral foundations and norms from being in the same environment and culture, and the latter 

can be seen as a generalised trust of a more diffuse character, characterised by a higher degree 

of uncertainty regarding shared morals and norms (Delhey et al. 2011). Inglehart (1990) 

suggests that interpersonal trust be a necessary condition for the sustaining of larger-scale 

networks. Based on Tambe (2017), a higher degree of interpersonal trust is hence connected to 

a higher probability of voting through stimulation of increased networking which in turn 

decreases information costs. 

As regards institutional trust, the notion of political trust is commonly delineated, 

encompassing trust in public institutions such as the government, the civil service, courts, and 

the police (Hakhverdian & Mayne 2012). There is, however, uncertainty as to the exact 

composition of political trust1. Empirical research suggests different dimensions of political 

trust, for example that it be unidimensional or that trust in the police, the courts, and the military 

form a separate dimension pertaining to trust in law and order institutions (Listhaug & Wiberg 

1998; Hooghe & Marien 2013). Despite the uncertainty, theory distinguishes between political 

trust and trust in private and non-profit institutions because of the distinct relationship of public 

institutions with the governance of the state and the differences in normative expectations 

regarding the roles of political and non-political institutions (Grönlund & Setälä 2007; Newton 

& Norris 2000). The connection between political trust and voter turnout can theoretically be 

explained as follows: given that an individual feels distrust toward political institutions, for 

example the democratic system as a whole, the probability of voting is decreased as the 

individual sees no meaning in exercising his or her right to vote (Grönlund & Setälä 2007). 

However, this theoretical reasoning can be problematic. Hooghe et al. (2011) articulate that 

individuals with a low level of trust in political institutions have not only the alternative to 

abstain, the exit option, but also the alternative to change their voting behaviour, for example 

by voting for extremist or populist parties, the voice option. It may be that distrustful voters still 

participate in elections by voicing their distrust. Therefore, theoretical predictions of the effect 

of trust in political institutions on voter turnout are ambiguous.  

                                                 
1 For an example of academic disaccord, see the exchange between Fisher et al. (2010), Hooghe (2011), and Fisher 
et al. (2011). 
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Theory can motivate the hypothesis that a higher degree of trust leads to a higher 

probability of turning out to vote. However, when considering trust in political institutions 

which is pertinent for a more profound comprehension of voter turnout, there exists divergence 

in theoretical predictions. Moreover, uncertainty exists as to the composition of trust in non-

political institutions. It is thus of interest to examine empirical findings to construe the 

measurement and effect of trust in practice. 

3. Empirical Perspectives 
Prior research indicates that trust is a multifaceted concept and that trust dimensions have 

unequal effects on voter turnout. Tambe (2017) estimates a logistic regression model based on 

responses from 12,007 individuals from the Afrobarometer survey 2011-2013 in order to 

analyse determinants of voter turnout in national elections in African democracies. Using 

different model specifications, a positive relationship is found at the .05 significance level 

between a higher degree of trust in political institutions and the odds of voting in the national 

elections whereas interpersonal trust is systematically non-significant. However, one must take 

into consideration that the specifications of the trust variables are univariate. It is therefore 

uncertain whether results are representative of trust in political institutions and interpersonal 

trust. Nonetheless, the aforementioned results are paralleled by Bühlmann and Freitag (2011) 

who analyse 4,631 survey responses in connection to the 2003 federal elections in Switzerland. 

Estimating different specifications of a logistic regression model with univariate trust variables, 

trust in political institutions is found to be significant at the .01 significance level and positively 

related to the odds of voting. Again, interpersonal trust is found to be non-significant regardless 

of model specification.  

The logistic regression analysis by Crepaz et al. (2017) of voter turnout and interpersonal 

trust contrasts the studies by Tambe (2017) and Bühlmann and Freitag (2011) as trust is 

modelled by multivariate measurements. Analysing 13,051 answers from Western countries 

such as Finland, Germany, and the United States from the fifth wave of the WVS and applying 

a confirmatory factor analysis, two positively correlated dimensions of interpersonal trust are 

found that correspond to the concepts of narrow and generalised trust. By using factor score 

estimates, the authors find that the effects on voter turnout of narrow and generalised trust 

differ. At the .01 significance level, narrow trust is positively related to the odds of voting 

whereas generalised trust is negatively related. 

Researchers have conducted factor analyses to determine whether trust can be modelled 

as a multidimensional concept beyond merely the two dimensions of interpersonal and 
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institutional trust, and whether multivariate measurements can be used to represent the 

dimensions. The OECD (2017) examines the sixth wave of the WVS, composed of 68,486 

respondents worldwide and 18 survey questions that pertain to an individual’s possible 

dimensions of trust. Performing a principal components analysis where factors extract 65.3 % 

of the total variance and where standardised factor loadings exceed .50, displaying practical 

significance, five factors are found that nuance institutional and interpersonal trust. The 

outlined institutional factors represent trust in political institutions, trust in law and order 

institutions such as the courts, and trust in non-governmental institutions such as banks. The 

interpersonal factors represent narrow trust and generalised trust, which are in line with the 

theory outlined in Section 2.2.  

The separation of law and order institutions and political institutions suggested by the 

OECD (2017) is not found by Hooghe and Marien (2013) who evaluate 43,733 responses from 

the European Social Survey of 2006 by using principal components analysis. Hooghe and 

Marien (2013) find that trust in political institutions, trust in the police, and trust in the legal 

system load on a common factor with standardised factor loadings of practical significance and 

a Cronbach’s alpha of .89, suggesting internal consistency of the factor, and with the factor 

extracting approximately 71 % of the total variance of the measured variables. Naef and Schupp 

(2009) nuance the issue of institutional trust in their study which is based upon a principal 

components analysis of a dataset of 3,180 randomly drawn German citizens interviewed 

between 2002 and 2006. The authors find that, while interpersonal trust can be divided into 

narrow and generalised trust factors, institutional trust is but one separate factor that includes a 

multitude of different institutions such as political institutions, churches, and the police. 

However, not all standardised factor loadings for the observed institutional trust variables 

exceed .50, which can be seen as an indication that the obtained factor structure is questionable. 

Nevertheless, the Cronbach’s alpha for the institutional trust factor is .82 which suggests 

internal consistency despite the low values of some of the standardised factor loadings. 

Gronke and Cook (2001) focus on institutional trust and study American data from 18 

waves of the General Social Survey (GSS) between 1973 and 1998. On one hand, the study 

provides insight into possible dimensions of institutional trust. On the other hand, the study has 

a notable shortcoming: it is not clear what the missing data handling procedure is and thus what 

the effective sample sizes are, which should be taken into consideration when interpreting 

results. Conducting both exploratory factor analyses with oblique rotation methods and 

confirmatory factor analyses for each wave, Gronke and Cook (2001) find that data in both the 

majority of the exploratory and confirmatory factor analyses support the presence of two 
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dimensions of institutional trust with eigenvalues exceeding 1. In many cases, the two 

institutional factors are positively correlated. However, contrary to prior research, the two main 

dimensions of trust are trust in media institutions such as the press and trust in other institutions. 

The results suggest that trust in media institutions might constitute a factor that is distinct from 

the other dimensions of trust, motivated in part by Döring's (1992) theory that trust in media 

institutions differs from, for example, political trust due to its oppositional, evaluative role in 

the nation state. Yet, the conclusion that trust in media institutions is distinct is not stable over 

time. One must also take into consideration that some of the waves rather lend credence to a 

two-dimensional factor solution consisting of trust in public institutions and private institutions, 

and that the results of Gronke and Cook (2001) are thus not one-sided. 

To summarise, prior research indicates that trust in political institutions is related to voter 

turnout whereas interpersonal trust is not. Moreover, there is a prevalent need for examining 

the relationship between trust in non-political institutions and voter turnout. It is to be noted 

that we have found no studies that explicitly examine the effect of trust in non-political 

institutions on voter turnout. Prior research on dimensions of trust suggests that multivariate 

measurements can be used to define both interpersonal and institutional trust. Interpersonal trust 

is frequently divided into narrow and generalised trust. The composition of institutional trust 

may include political, law and order, media, and private institutions. It should be noted that 

there is no empirical consensus on what the exact dimensions of trust are. 

4. Data 
The dataset on which the statistical analyses are based is the South African version of the fifth 

wave of the WVS that took place in 20062. The WVS contains questions that pertain to 

individuals’ beliefs and values. Moreover, the WVS incorporates background information such 

as respondent age, sex, and socioeconomic attributes. The dataset includes 2,988 cases from a 

population consisting of South African residents of both sexes with an age exceeding 15 and 

who have been part of a household for at least six months, thus excluding visiting relatives and 

other temporary inhabitants.  

The sampling procedure is in line with a multistage random sampling procedure involving 

stratification, selection of clusters, and random sampling of individuals in households. The 

sampling procedure has been constructed to ascertain a representative sample with respect to 

                                                 
2 Data may be accessed by the following link: http://www.worldvaluessurvey.org/WVSDocumentationWV5.jsp 
(Retrieved 2018-04-04). 
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geography, variations in degree of urbanisation, and sex. Firstly, South Africa has been 

stratified into three area types, namely high-, medium-, and low-density areas. Secondly, 

geographical clusters of households have been randomly selected from the three area types. 

Thirdly, households have been randomly selected in the geographical clusters. The sample sizes 

allocated to the three area types are proportional to the size of the areas. Lastly, individual 

respondents have been randomly chosen from the selected households in a manner that makes 

certain an equal representation of males and females. The choice of respondent of a certain sex 

from a household has been done through the use of Kish grids based on the ages of the 

individuals in the household. The Kish respondent selection table provides an objective method 

of randomly sampling household respondents where the probability of including an individual 

in the sample is calculable (Kish 1949). Data were obtained through face-to-face interviews. 

Raw data have been randomly shuffled to remove clustering of observations, for example 

with regard to sex. The preliminary dataset includes 30 variables of which 19 encompass 

dimensions of trust that have been chosen to match the analysis by the OECD (2017). Trust in 

banks and in universities have been excluded because of data unavailability. The reason for the 

absence of these two institutions in the dataset is that the OECD (2017) used the sixth wave of 

the WVS whereas this study is based on the fifth wave. The definitions of the trust variables 

can be found in Table A.1 and A.2 in Appendix A. All trust variables are measured on a Likert 

scale with four scale steps, where the variables have been transformed such that 1 indicates lack 

of trust and 4 indicates a high trust level.  

The observed trust variables are used as indicator variables in the exploratory and 

confirmatory factor analyses which are based on polychoric correlations. Polychoric 

correlations assume that the observed ordinal variables are generated from underlying latent 

response variables that pairwise are bivariate normally distributed (Flora & Curran 2004). One 

could examine bivariate normality separately for each pair of the 19 latent response variables 

which would result in 171 tests. If one instead performs a multivariate normality test, 

multiplicity issues would be minimised. The assumption of multivariate normality is more 

stringent than that of bivariate normality and multivariate normality of data imply bivariate 

normality of data (Tacq 2010). Furthermore, it should be underscored that polychoric 

correlations have been proven to be relatively robust to deviations from the normality 

assumption (Flora & Curran 2004). A graphical examination of a chi-square Q-Q plot provides 

no evidence of considerable deviations from the assumption of bivariate normality underlying 

polychoric correlations. The Q-Q plot is found in Figure B.1 in Appendix B. 
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The dataset includes a dichotomous variable (V234) that takes the value 1 if the 

respondent voted in the last national elections and 0 otherwise. In the dataset, approximately 68 

% of respondents report having voted in the last national elections and 31 % report having 

abstained. The remaining ten variables are control variables selected based on the meta-analysis 

of individual-level voter turnout research by Smets and van Ham (2013) and data availability. 

The control variables have been selected to represent socioeconomic and cognitive attributes. 

Examples of control variables are sex, age, political interest, and life satisfaction. The 

dependent variable and control variables are defined in Table A.3 in Appendix A. Some 

variables have been transformed, for example dichotomised, to fit definitions. The age variable 

has been logarithmically transformed to adjust its positive skewness. One could consider 

including more control variables. However, sample size requirements for the logistic regression 

model set an upper limit for the possible number of variables to control for.  

The dependent variable in the logistic regression model (V234) shows self-reported 

voting or abstention which should be underscored since reported and actual turnout decisions 

can differ one from the other. There might therefore be a risk of interview effects on the answers 

from respondents. For example, it could be that some respondents give answers believed to 

conform with norms, thus leading to a biased number of voters. However, similar to a vast 

number of previous studies, reported decisions are used since validated turnout is not included 

in the WVS and it is not possible to connect an external validated turnout decision to each 

respondent as no identification numbers are given in the original dataset. 

Only complete cases are treated in the statistical analyses. On the one hand, using only 

complete cases decreases statistical power and leads to a reduction of the sample size. On the 

other hand, the complete-case approach guarantees that only observed data are used which 

implies that there is no risk of reinforcing the present structure, introducing false relationships, 

or misrepresenting variable distributions by imputing replacement values for the missing data 

cells (Hair et al. 2014, Ch. 2). Furthermore, the complete-case approach is preferred to the all-

available approach since the latter can generate correlation matrices that are not positive definite 

and whose eigenvalues can be negative (ibid.).  

There are missing data in the dataset due to non-response, and a missing data analysis is 

adopted to identify problematic variables. A univariate examination reveals that ideological 

position (V114) has a non-response rate exceeding 15 % with 497 missing data values. Almost 

half of the variables contain less than 1 % missing data values and non-response is less than 5 

% for eight out of ten of the variables in the dataset. Thus, the conclusion is drawn that the 

extent of missing data is negligible for the majority of the variables. To examine whether 
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attrition has driven non-response, the WVS questions are ordered by their appearance in the 

questionnaire and the non-response pattern is analysed. The analysis shows no signs that 

attrition is the main driver of non-response since the last questions are, with few exceptions, 

answered even when questions that appear earlier in the survey are unanswered. However, the 

non-response pattern identifies 218 cases where only V114 contains missing data. A potential 

reason for the problematic nature of V114 relative to the other variables can be that it is a 

sensitive question. The relatively large extent of missing data, the potential sample size increase 

with a complete-case approach when omitting V114, and the fact that the variable is not of 

major importance to the study goals motivate its exclusion. The exclusion of V114 may result 

in omitted variable bias. Nevertheless, the inclusion of other control variables controlling for 

cognitive aspects such as political interest, and the findings in the meta-analysis by Smets and 

van Ham (2013) that ideological placement has not proven to be statistically significant at the 

.05 significance level in the majority of examined studies, motivate the conclusion that the 

omitted variable bias should be minor. 

The dataset that is obtained when V114 is omitted contains 2,114 cases. In other words, 

about 71 % of the original sample size is retained for further analyses. Although missing data 

for variables have been addressed, there remains a number of cases with non-response on at 

least one of the questions in focus. Non-response should be taken into consideration when 

evaluating statistical results since it might negatively influence generalisability beyond the 

effective sample. Nevertheless, 2,114 cases are deemed sufficient for the statistical methods 

adopted in the study. Criteria for sample size adequacy are outlined in the following chapter for 

each of the adopted statistical methods. 

5. Research Methods 
5.1 Exploratory Factor Analysis 

There is theoretical and empirical uncertainty as regards which dimensions of trust exist. Thus, 

an Exploratory Factor Analysis (EFA) will precede a Confirmatory Factor Analysis (CFA) in 

order to use theory and empirical results to delineate latent variables to be examined. The CFA 

is outlined in section 5.2.  

The aim of the EFA is to empirically identify factors that represent different dimensions 

of trust which can be implemented in the CFA. The aim of the CFA, in turn, is to confirm the 

factor solution of the EFA and create factor scores so that factors can be used as independent 

variables to explain individual-level voter turnout. Regarding exploratory techniques, one can 
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distinguish between Principal Components Factoring (PCF) and EFA. A disadvantage of EFA 

compared to PCF is that the former lacks a unique factor solution which implies that a multitude 

of factor score estimates can be calculated for each respondent in the sample, a phenomenon 

known as factor indeterminacy (Hair et al. 2014, Ch. 3; Mulaik & McDonald 1978). Still, EFA 

is superior in the sense that it recognises the presence of measurement error by not assuming 

perfect reliability of measured variables (Borgatta et al. 1986). Furthermore, PCF generates 

factor loadings that can be positively biased where loading inflations can lead to 

misinterpretations regarding significance (Snook & Gorsuch 1989). Therefore, EFA is 

preferred to PCF in this study. 

Adequate sample size for factor analysis can be expressed both in terms of ratios of 

observations to measured variables and absolute sample size thresholds. Guidelines suggest that 

a minimum and recommended number of observations per observed variable be 5 and 10 

respectively, and that there should be at least 100 cases to analyse in the sample (Hair et al. 

2014, Ch. 3). Three hundred cases are used for the EFA in this study to attain a stable factor 

solution. 

The ordinal nature of the trust variables motivates the use of polychoric correlations rather 

than Pearson correlations which are used when variables are measured on metric scales, the 

latter underestimating correlations compared to the former when variables are measured on 

ordinal scales such as Likert scales (Holgado-Tello et al. 2010). The derivation of polychoric 

correlations is made under the assumption that values for each ordinal variable are observations 

from an underlying variable with a normal distribution (Jöreskog 1994).  

The factorability of the trust variable dataset is assessed through an analysis of 

intercorrelations. The Kaiser-Meyer-Olkin Measure of overall Sampling Adequacy (MSA) is 

analysed where a value exceeding .50 would indicate that factor analysis can be justified for 

the dataset and where higher MSA values provide stronger evidence of factorability (Kaiser & 

Rice 1974). Furthermore, the partial correlation matrix is analysed where partial correlations 

above .70 are interpreted as indications that the underlying factor structure is not well-defined 

because high partial correlations signify that variables do not share a high degree of variance. 

With regard to the non-inferential objective of the EFA, namely to serve as a guide in the 

formulation of the CFA measurement model, Principal Axis Factoring (PAF) is used to estimate 

the factor matrix of loadings. PAF does not make any distributional assumptions compared to 

other inferential extraction methods such as maximum likelihood extraction (de Winter & 

Dodou 2012). The latent root criterion and the variance extracted criterion are employed in the 

decision about the number of factors to retain. Factors with eigenvalues below 1 are not retained 
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in the factor solution since a low eigenvalue for a given factor indicates that the factor accounts 

for but a small proportion of the variance in the measured variables. The obtained factors should 

furthermore explain at least 70 % of the total unique variance. In the EFA, measured variables, 

their corresponding error terms, and the factors are assumed to be distributed with means of 

zero and unity variances. Furthermore, the assumption is made that factors and the error terms 

of the measured variables are uncorrelated. 

Estimated factor loadings are interpreted as practically significant if their absolute values 

exceed .50. Oblique VARIMAX (OV) rotation is used on the matrix of estimated factor 

loadings to render a structure that is simpler to interpret, and which permits factors to be 

correlated. As a measure of internal consistency of factors, the Cronbach’s alpha is used. A 

conclusion of adequate internal consistency is drawn if the Cronbach’s alpha exceeds .70, based 

on the guidelines given by Nunnally and Bernstein (1994). Factors are named according to 

theory. 

Based on theory and previous empirical work, the dimensions to be found are expected 

to encompass interpersonal trust, trust in political institutions, and an uncertain number and 

composition of trust dimensions regarding non-political institutions. The estimated factor 

loadings obtained in the rotated factor loading matrix will serve as a guide, in combination with 

theory and previous empirical work, in the formulation of the measurement model to be used 

in the CFA. 

 

5.2 Confirmatory Factor Analysis 

The latent constructs in the CFA correspond to the factors obtained in the EFA. In the CFA, the 

measurement model consists of observed variables connected to the latent constructs and is 

formulated with the help of theory and the EFA results. One could consider performing the 

EFA and not the CFA. A disadvantage of this alternative method is that one does not validate 

the EFA in any way. The strength of performing a CFA is therefore that it becomes a validation 

of the EFA results and the proposed theory. As regards the structural model, correlations are 

allowed between latent constructs because they are measuring dimensions of the same concept: 

trust.  

The CFA makes the same conceptual assumptions as the EFA as regards the means and 

variances of measured variables, latent constructs, and error terms. Adhering to the same 

reasoning as in the EFA methodology, polychoric correlations are used in the CFA. Following 

the notation by Bollen (1989, Ch. 9), the CFA model can be expressed as 
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         	𝑿∗ = 𝚲𝒙𝝃 + 𝜹             (5.2.1) 

where 𝑿∗ is a vector of the latent response variables associated with the measured ordinal 

variables, 𝚲𝒙 is a matrix of factor loadings, 𝝃 is a vector of latent constructs, and 𝜹 is a vector 

of error terms. In Equation (5.2.1), the error terms allow for relationships between measured 

variables and latent constructs that are not perfectly linear. 

The validity of the latent constructs in the measurement model is evaluated in terms of 

convergent and discriminant validity. Convergent validity is assessed by examining the 

Average Variance Extracted (AVE) for each latent construct and the standardised loading 

estimate for each measured variable. Following Fornell and Larcker (1981), AVE values 

exceeding .50 for each latent construct are interpreted as satisfactory since AVE values in this 

range indicate that the variance in the measured variables that a latent construct accounts for is 

larger than the variance unaccounted for. Furthermore, if standardised factor loading estimates 

for a latent construct exceed .50 in absolute value, thus signifying practical significance, the 

conclusion is drawn that there is a satisfactory degree of convergence of the measured variables 

on the latent construct at issue (Anderson & Gerbing 1988).  

Adequate discriminant validity is suggested if correlations between latent constructs are 

different from unity at the .05 significance level which would provide statistical evidence that 

latent constructs are distinct. Furthermore, the conclusion of discriminant validity between two 

latent constructs is drawn if the AVE is greater than the square of the bivariate correlation which 

would indicate that a latent construct can explain more variance in its measured variables than 

in another construct (Hair et al. 2014, Ch. 12).  

One could consider using maximum likelihood estimation for estimating the CFA model. 

However, the maximum likelihood estimation procedure assumes multivariate normality of 

data and violations of this assumption can lead to biases in parameter inference (Mîndrilă 2010). 

Therefore, Robust Diagonally Weighted Least Squares (RDWLS) estimation, a robust version 

of the Weighted Least Squares estimation procedure, is used which takes into consideration 

ordinality of variables, and which is based on polychoric correlations (ibid.). 

To give a well-rounded perspective of the performance of the CFA, the Standardised Root 

Mean Square Residual (SRMR), the Comparative Fit Index (CFI) and the non-normed fit index 

(NNFI) are examined. Based on the discussions by Hair et al. (2014, Ch. 12), satisfactory model 

fit is indicated if the SRMR does not exceed .10 and the CFI exceeds .90. Furthermore, the 

conclusion of good model fit is supported if the NNFI exceeds .90 (Beauducel & Wittmann 

2005). One could also consider evaluating model fit by using the 𝜒7	test of correspondence 
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between the observed covariance matrix and the covariance matrix generated by the CFA model 

and the Root Mean Square Error of Approximation (RMSEA). However, these measures are 

unreliable when using RDWLS to estimate the CFA model and are thus disregarded (SAS 

2010). Instead, Jöreskog and Sörbom’s Adjusted Goodness of Fit Index (AGFI) is used which 

can be seen as a substitute to the 𝜒7	test and which corrects for the number of estimated 

parameters (Hooper et al. 2008). The generally accepted threshold of .90 for good model fit is 

used (ibid.).  

The sample size is chosen so that there are at least 15 cases per estimated parameter in 

the CFA model. If the sample size is below 200 observations, then it will be adjusted upward 

to ascertain that the estimation provides robust results (Hair et al. 2014, Ch. 12). The exact 

sample size cannot be determined until the EFA results have been obtained. 

If the CFA model displays adequate validity, then it will serve as a basis for calculating 

factor score estimates. Factor scores are further discussed in Section 5.4. 

 

5.3 Logistic Trust-Turnout Regression Model 

The dependent variable in the study is V234, a binary variable indicating whether a respondent 

voted in the last national elections. In order to analyse the relationship between dimensions of 

trust and voter turnout, one can consider using limited dependent variable models in which 

voting propensity is explained by independent and control variables. An example of such a 

model is the linear probability model which is a multiple regression model based on Ordinary 

Least Squares (OLS) estimation. A notable disadvantage of the linear probability model is that 

it does not take into consideration the binary nature of the dependent variable, resulting in 

misspecification of the model error term distribution which is binomial rather than normal (Hair 

et al. 2014, Ch. 6). Furthermore, the linear probability model can produce voting propensity 

estimates that are outside of the range of possible probability values, rendering it undesirable 

(ibid.).  

One could perform a linear discriminant analysis to find variables that are influential in 

classifying individuals into voters and absentees. However, this approach is most suitable when 

independent variables are metric, which is not the case in this study. Moreover, linear 

discriminant analysis assumes data to be multivariate normally distributed (Hair et al. 2014, 

Ch. 6). Logistic regression analysis does not assume multivariate normality of data, nor that 

independent variables are measured on metric scales. Considering the fact that logistic 

regression models account for binary dependent variables, provide propensity estimates within 
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the possible outcome range, and do not need an assumption of a specific distribution of the 

independent variables, logistic regression analysis is the chosen method (ibid.). The logistic 

regression model in focus can be expressed as 

𝑙𝑛 :;	(<=>)
>@:;	(<=>)

= 𝛼 + 𝜷𝝃 + 𝝀𝒁 + 𝜀"            (5.3.1) 

where 𝛼 is an intercept term, 𝜷 is a vector of coefficients for the trust factors, 𝝃 is a vector of 

the trust factors, 𝝀 is a vector of control variable coefficients,	𝒁 is a vector of control variables, 

and 𝜀" is a case-specific error term. Error terms are assumed to be independent (Stoltzfus 2011). 

A strength of the logistic regression model is that it can provide quantitative estimates of the 

strength of the relationship between individual variables and the dependent variable. A 

weakness, however, can be that the experimental design that underpins Equation (5.3.1) does 

not guarantee that estimated effects of independent variables on the dependent variable can be 

interpreted causally. For this to be possible, a natural experiment could be performed where 

treatment effects are isolated. Since causal inference is not part of the objective of this study, 

this drawback is disregarded. 

As concerns sample size, Hair et al. (2014, Ch. 6) recommends a minimum number of 

400 sample cases. Based on the simulation study by (Peduzzi et al. 1996), a suggested minimum 

number of 10 cases per estimated parameter in each group of the dependent variable should be 

available to minimise biases in estimated regression coefficients. Sample size is furthermore 

adjusted to exceed the threshold set by Van Belle (2002, Ch. 2) which can be expressed as  

𝑛 ≥ (10𝑘)/(𝑝J"K), where k is the number of independent variables in the model and 𝑝J"K is 

the proportion that the smallest of the two groups of the dependent variable constitutes. The 

adequacy of the sample size is evaluated when factor analysis results have been obtained. 

Multicollinearity is assessed by Variance Inflation Factor (VIF) values, where an upper 

limit of acceptance of 10 is chosen (Hair et al. 2014, Ch. 6). To determine whether the 

assumption of linearity in the continuous independent variables is fulfilled, the Hosmer-

Lemeshow test is examined, the significance of which at the .05 significance level would 

indicate that nonlinear specifications of the continuous independent variables may be included 

in the model (Hosmer & Lemeshow 2013).  

Trust variable and control variable significances are evaluated at the .05 significance 

level. McFadden’s pseudo R2 is examined to arrive at a more profound comprehension of the 

explanatory power of the estimated model. Values greater than .20 indicate excellent model fit 

(McFadden 1979).  
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Based on theory, the estimated coefficients for the interpersonal trust and the political 

trust factors are hypothesised to be positive, thus implying that higher trust levels increase the 

voting propensity of an individual when controlling for socioeconomic and cognitive attributes. 

However, prior empirical work lead to the conclusion that interpersonal trust may have a non-

significant association with voter turnout. Concerning the effect of trust in non-political 

institutions on voter turnout, neither theory nor prior research provide concrete predictions. It 

is important to emphasise the need for reliance on theory and empirical confirmations before 

drawing general conclusions regarding the relationship between factors without clear 

predictions and voter turnout.  

 

5.4 Factor Score Estimates 

Factor score estimation procedures can be used to generate values for the different trust 

dimensions which enable the use of them as independent variables in the logistic trust-turnout 

regression model. The estimated CFA model underpins the derivation of factor score estimates 

in this study. The factor score estimate of a given latent construct for a given individual is 

calculated as the weighted average of individual-specific values of the indicator variables 

connected to the latent construct, where weights are equal to the estimated factor loadings 

obtained through the CFA.  

An advantage of using weighted sums, compared to unweighted sums, is that indicator 

variables with higher loadings influence scores to a higher degree than indicator variables with 

lower degrees of association with a latent construct. Another advantage of the weighted sum 

approach is that it permits the CFA model estimation and the estimation of factor scores to be 

separated into two independent samples. Firstly, one can conduct the CFA analysis, obtain 

estimated loadings, and secondly, use the loading estimates to calculate factor score estimates 

for individuals beyond the CFA sample. The split-sample approach can be motivated by the 

commonly agreed relative strength of the weighted sum approach that it displays 

generalisability across samples, thus not being dependent upon the characteristics of a specific 

sample (DiStefano et al. 2009).  

Due to the factor indeterminacy of factor models, apart from PCF, the underlying true 

factor scores can only be estimated and several methods for factor score estimation exist that 

produce factor score patterns consistent with the defined factor model but with differing 

properties (Gorsuch 1983, Ch. 12). For example, one could consider regression scores or 

Bartlett scores. A relative strength of regression scores is that they maximise reliability, defined 
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as the correlation between estimated and true factor scores, whereas Bartlett scores produce 

unbiased estimates of true factor scores (DiStefano et al. 2009; Gorsuch 1983).  

It is important to underscore that the extent of factor indeterminacy is minimised the 

higher the communalities and the more indicator variables per factor (Acito & Anderson 1986). 

In other words, the effect of the choice of factor score estimation procedure decreases when the 

factor model is well-defined. Furthermore, empirical evidence shows that factor scores from 

different estimation procedures can generate results that are highly correlated, reducing the 

impact of estimation procedure choice (Uluman & Doğan 2016). The choice in this study of 

defining a threshold for practical significance of factor loading estimates and the pursuit of 

well-rounded definitions of factors are therefore beneficial in the minimising of the influence 

of factor indeterminacy on statistical results.  

The weighted sum approach is based upon the assumption that the numerical values 

assigned to the ordered categories of the Likert-scale variables are equidistant, as are other 

methods for calculating factor score estimates. Although there are studies supporting the 

interpretation of Likert scale data as interval data when the number of scale steps are at least 

four, this assumption should be taken into consideration when interpreting results, in particular 

since the Likert scales in this study contain relatively few items (Carifio & Perla 2007; Hair et 

al. 2014, Ch. 12).   
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6. Empirical Results 
6.1 Exploratory Factor Analysis 

The EFA is first performed using all 19 measured trust variables. Three factors are kept 

according to the latent root criterion. The overall MSA exceeds .50. However, the rotated factor 

solution shows that trust in one’s family (V125), trust in the armed forces (V132), trust in the 

press (V133), and trust in television (V134) do not have any practically significant loadings. 

Trust in Media is not a supported factor of trust. The variables connected to trust in media do 

not converge on a separate factor that explains an adequate amount of unique variance and they 

do not load on any of the three obtained factors. The aforementioned variables with non-

significant loading estimates are omitted and the EFA is re-estimated.  

The updated polychoric correlation matrix is displayed in Table 1. Relatively high 

correlations can be seen amongst the interpersonal trust variables and amongst the institutional 

trust variables. The overall MSA signals factorability which is further articulated by the absence 

of partial correlations exceeding .70 in the partial correlation matrix, which can be found in 

Table B.1 in Appendix B.  

 
Table 1: EFA polychoric correlation matrix. V125, V132, V133, and V134 excluded. 
n = 300. 
Overall MSA: .83. 

 V126 V127 V128 V129 V130 V136 V137 V138 V139 V140 V141 V142 V143 V144 
V127 .35              
V128 .49 .30             
V129 .46 .37 .53            
V130 .41 .45 .53 .67           
V136 .20 -.00 .13 .21 .15          
V137 .17 -.05 -.00 .09 .12 .69         
V138 .07 -.12 .01 .11 .03 .49 .60        
V139 .22 -.10 .17 .18 .15 .33 .41 .63       
V140 .10 -.10 -.00 .09 -.03 .42 .60 .79 .64      
V141 .25 .03 .17 .09 .11 .58 .57 .48 .46 .51     
V142 .21 .06 .10 .12 .12 .25 .32 .23 .36 .30 .42    
V143 .25 .08 .13 .21 .21 .31 .21 .21 .30 .19 .40 .54   
V144 .15 .05 .11 .16 .17 .26 .26 .29 .30 .31 .39 .46 .58  
V145 .07 -.04 .01 .07 .07 .34 .31 .28 .24 .27 .43 .40 .52 .58 

 

The estimated factor matrix of loadings is presented in Table 2. The simple structure 

delineates three distinguishable factors with eigenvalues exceeding 1 and which extract 81.94 

% of the total unique variance. The first factor includes six measured variables defining trust in 

political and law and order institutions. These variables share the attribute of describing Trust 

in Public Institutions and the factor is named accordingly. The second factor encompasses non-

political institutions such as major companies and charitable organisations. The common 
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attribute is that the institutions pertain to the private sector and thus motivates the name Trust 

in Private Institutions for the factor. The third factor focuses on interpersonal trust where no 

distinction is drawn between narrow and generalised trust. The factor is therefore named 

Interpersonal Trust to emphasise its general nature. The Cronbach’s alpha for each factor 

exceeds the threshold of .70 and the conclusion is therefore drawn that the obtained factors 

show an adequate degree of internal consistency. 

As displayed in Table B.2 in Appendix B, the estimated factor correlation matrix shows 

that the Pearson correlation coefficient between Trust in Public Institutions and Trust in Private 

Institutions is .41. A positive linear relationship is hence suggested between the institutional 

trust factors, indicating that increased trust in one is associated with increased trust in the other. 

The correlations between institutional and interpersonal trust factors, however, are below .2 and 

thus considered relatively small.  

In summary, factors distinguish between institutional and interpersonal trust. Inter-factor 

correlations motivate the estimation of correlation paths between factors in the CFA structural 

model. The EFA displays adequate model fit and is therefore used to outline the measurement 

model to be analysed in the following section.  

 
Table 2: Estimated oblique rotated loadings (Oblique VARIMAX). 
Factor loadings less than .50 have not been printed and variables have been sorted by loadings on each factor. 

Var Trust in… Trust in Public 
Institutions 

Trust in Private 
Institutions 

Interpersonal 
Trust 

V138 The government .88   
V140 Parliament .85   
V137 The courts .72   
V139 Political parties .60   
V136 The police .56   
V141 The civil service .50   
V143 Environmental organisations  .80  
V144 Women’s organisations  .73  
V145 Charitable or humanitarian organisations  .70  
V142 Major companies  .59  
V130 People of another nationality   .79 
V129 People of another religion   .77 
V128 People you meet for the first time   .68 
V126 Your neighbourhood   .58 
V127 People you know personally   .54 
Cronbach’s Alpha .94 .89 .91 
Unique Variance Extracted (%) 31.04 28.75 22.15 
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6.2 Confirmatory Factor Analysis 

The CFA polychoric correlation matrix is displayed in Table 3. Four hundred cases have been 

dedicated to the estimation of the CFA model. By and large, the CFA correlation matrix mirrors 

the EFA correlation matrix in Table 1 where strong correlations are found amongst the 

interpersonal trust variables and amongst the institutional trust variables. Clusters of strong 

correlations can be amongst indicator variables that belong to the same latent construct. 

Moderately strong correlations can also be found between the variables in Trust in Public 

Institutions and those in Trust in Private Institutions.  

 
Table 3: CFA polychoric correlation matrix. 
n = 400. 

 V126 V127 V128 V129 V130 V136 V137 V138 V139 V140 V141 V142 V143 V144 
V127 .51              
V128 .39 .40             
V129 .40 .41 .51            
V130 .40 .48 .57 .71           
V136 .08 .11 .13 .14 .12          
V137 .07 .12 .08 .14 .10 .68         
V138 .07 .04 .05 .05 .04 .48 .59        
V139 .10 .16 .13 .17 .23 .45 .51 .61       
V140 .13 .07 .11 .07 .08 .48 .56 .79 .65      
V141 .11 .11 .14 .07 .14 .46 .46 .60 .52 .64     
V142 .22 .21 .12 .14 .19 .25 .45 .43 .40 .46 .47    
V143 .15 .28 .14 .20 .29 .35 .31 .34 .34 .29 .37 .51   
V144 .23 .23 .21 .28 .33 .37 .40 .38 .31 .35 .44 .47 .66  
V145 .13 .28 .13 .27 .30 .29 .37 .33 .24 .30 .38 .38 .59 .68 

 

The CFA model is formulated in line with the results in Section 6.1 and the estimated 

model is presented as a path diagram in Figure 1. The CFA model is based on a polychoric 

correlation matrix with 15 measured variables and thus 120 unique variance and covariance 

terms. As 33 parameters are estimated, the CFA model is over-identified with 87 degrees of 

freedom.  

Figure 1 shows that all estimated factor loadings display practical significance. 

Furthermore, AVE values fulfil the criterion of AVE ≥ .50. Nevertheless, it is noted that the 

AVE value for Interpersonal Trust is low relative to the threshold. By and large, the latent 

constructs display an adequate degree of convergent validity.  

As regards discriminant validity, all AVE values are larger than the approximate value of 

.41 of the largest squared inter-factor correlation coefficient, thus suggesting adequate 

discriminant validity. 



 24 

 

Figure 1: Path diagram of CFA model. Codes within squares correspond to WVS question codes. Arrows define estimated 
paths, including inter-factor correlations, factor loadings, and error terms.  
WVS questions can be found in Appendix A. 

 

Discriminant validity is further motivated by the fact that all inter-factor correlations are 

different from unity at the .05 significance level, which is shown in Table B.3 in Appendix B. 

However, there are notable correlations between the obtained factors. In particular, institutional 

trust is a two-dimensional concept according to the CFA where the two dimensions have a 

relatively high degree of intercorrelation. Still, with regard to the discriminant validity measures 

indicating adequate distinction of factors, the three-dimensional CFA model is kept for further 

examination. 

The goodness of fit indices support the conclusion of good model fit. With regard to the 

convergent and discriminant validity of latent constructs and the adequate model fit, the CFA 

model in Figure 1 is used to calculate factor score estimates to implement in the logistic trust-

turnout regression model. 

 
6.3 Logistic Trust-Turnout Regression Model 

Table 4 displays the statistical results from the estimation of the logistic factor score regression 

model, including the three dimensions of trust as predictors and controlling for cognitive and 

socioeconomic covariates. The analysis sample consists of 780 cases and the validation sample 

contains 634 cases. The sample sizes have been chosen to fulfil the sample size requirements 

outlined in Section 5.3 and to maximise the number of cases in the analysis sample. 

AVE = 0.58 AVE = 0.56 AVE = 0.50 

SRMR     
CFI  
NNFI  
AGFI 
 

0.06 
0.95 
0.94 
0.98 

 



 25 

Table 4: Estimated logistic trust-turnout regression models for analysis and validation sample. nanalysis=780, nvalidation=634. 
B and Exp(B) display non-exponentiated and exponentiated coefficients. 
VIF = Variance Inflation Factors. 
Standard errors are reported within parentheses under estimated coefficients. 
The H-L statistic shows the value of the Hosmer-Lemeshow goodness of fit statistic. 
* = Significant difference from zero at the .10 significance level, ** = Significant difference from zero at the .05 significance 
level, *** = Significant difference from zero at the .01 significance level. 

  Analysis   Validation  
Var B Exp(B) VIF B Exp(B) VIF 
Intercept 
 

-10.69*** 
(1.43) 

0.00  -11.18*** 
(1.80) 

0.00  

Trust in Public 
Institutions 

0.09** 
(0.04) 

1.09 1.69 0.09** 
(0.04) 

1.09 1.68 

Trust in Private 
Institutions 

-0.05 
(0.05) 

0.95 1.32 -0.10 
(0.06) 

0.91 1.39 

Interpersonal Trust -0.04 
(0.05) 

0.97 1.22 -0.10 
(0.06) 

0.91 1.23 

Log(Age) 
 

2.85*** 
(0.28) 

17.26 1.35 3.39*** 
(0.34) 

29.55 1.32 

Sex 
(Ref. = female) 

-0.33* 
(0.19) 

0.72 1.05 -0.04 
(0.21) 

1.04 1.04 

Income 
 

-0.02 
(0.05) 

0.98 1.38 0.03 
(0.05) 

1.03 1.27 

Education 
(Ref. = no education) 
= Primary School 

 
 
0.54 
(0.59) 

 
 
1.72 

 
 
3.54 

 
 
0.43 
(0.93) 

 
 
1.53 

 
 
5.06 

= Secondary School 0.63 
(0.57) 

1.89 5.42 0.40 
(0.91) 

1.50 7.67 

= University 1.12 
(0.69) 

3.05 2.77 1.33 
(1.02) 

3.78 4.00 

Ethnic Group 
(Ref. = Black) 
= Coloured 

 
 
-1.27*** 
(0.30) 

 
 
0.28 

 
 
1.18 

 
 
-0.67* 
(0.36) 

 
 
0.51 

 
 
1.18 

= Asian-South -1.69*** 
(0.40) 

0.19 1.24 -1.64*** 
(0.56) 

0.19 1.14 

= White -1.25*** 
(0.32) 

0.29 1.75 -1.14*** 
(0.34) 

0.32 1.61 

Town Size 0.00 
(0.05) 

1.00 1.20 -0.07 
(0.06) 

0.93 1.22 

Life Satisfaction 0.06 
(0.04) 

1.06 1.16 0.02 
(0.05) 

1.02 1.16 

Political Interest 0.20** 
(0.09) 

1.22 1.09 0.34*** 
(0.11) 

1.41 1.17 

Importance of 
Democracy 

0.00 
(0.05) 

1.00 1.08 -0.02 
(0.07) 

0.98 1.13 

Labour Union 
(Ref. = not a member) 

-0.10 
(0.21) 

0.90 1.09 0.04 
(0.25) 

1.04 1.05 

Radio/TV User 
(Ref. = not a user) 

0.58** 
(0.26) 

1.78 1.12 0.24 
(0.29) 

1.27 1.10 

McFadden’s R2 0.22   0.24   
H-L statistic 8.51   3.10   
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By and large, the validation sample confirms the results in the analysis sample. At the .05 

significance level, only trust in public institutions has a significant estimated coefficient 

amongst the latent constructs. Holding all other variables in the model constant, a one-unit 

increase in trust in public institutions is associated with an average increase of 9 % in the odds 

of voting. Amongst the control variables, Log(Age), ethnic group, and political interest have 

significant estimated coefficients in both samples at the .05 significance level. The coefficient 

for the category Coloured loses its significance in the validation sample whereas the 

coefficients for the other categories remain largely unchanged. Log(Age) and political interest 

are positively related to the odds of voting. The odds of being a voter increases the older and 

more politically interested an individual is. A negative relationship between the ethnic group 

categories and the odds of voting can be seen, indicating that individuals classified as Black 

vote to a larger extent than the other groups. Whether one is a radio or TV user has a significant 

estimated coefficient at the .05 significance level in the analysis sample but not in the validation 

sample. Further analysis of this variable is disregarded due to uncertainty about its effect.  

Table 4 also shows that the VIF values for the education dummy variables are relatively 

large but within the region of acceptance. A re-estimation of the proposed model, excluding the 

education variables, yields no notable changes as regards coefficient values, relationship 

directions, or significances. Therefore, education is kept in the model so that its effect can be 

controlled for. Based on McFadden’s R2, which is within the region for excellent fit in the 

analysis and validation sample, and the Hosmer-Lemeshow statistic, which is non-significant 

in both samples at the .05 significance level, the conclusion of adequate model fit is drawn. 

7. Conclusion 
The aim of this study is to construe the relationship between trust and voter turnout in South 

Africa. Based on WVS data, an exploratory and confirmatory factor analysis discern three 

dimensions of trust, namely interpersonal trust, trust in public institutions, and trust in private 

institutions. It is shown that the three dimensions of trust have dissimilar effects on South 

African citizens’ decision whether to vote. At the .05 significance level, the logistic regression 

model implies that a one-unit increase of trust in public institutions is associated with an average 

increase of 9 % in the odds of being a voter whereas trust in private institutions and 

interpersonal trust have no significant effects, controlling for socioeconomic and cognitive 

attributes.  

The non-significant effect of interpersonal trust on voter turnout does not align with the 

theoretical prediction that networking has a cost-decreasing function that is large enough to 
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affect voting behaviour. However, the results are in line with the empirical examinations by 

Tambe (2017) and Bühlmann and Freitag (2011). It should be taken into consideration that 

these studies use univariate measurements of interpersonal trust that may not represent the 

possibly two-dimensional nature of interpersonal trust as described by Crepaz et al. (2017) who 

also show that narrow and generalised trust may have opposite effects on turnout. Hence, by 

not measuring narrow and generalised trust separately, one might obtain non-significant results 

due to the two dimensions offsetting each other’s effects. The factor analyses in this study 

provide no direct statistical evidence that interpersonal trust should be measured two-

dimensionally. Nevertheless, it should be noted that the trust variables that can be connected to 

narrow trust have the lowest estimated factor loadings on the interpersonal trust factor and that 

trust in one’s family (V125) has been omitted from the factor solution due to its low degree of 

convergence on the factor, resulting in narrow trust possibly being underrepresented by the 

factor. Despite the high degree of internal consistency, it is concluded that interpersonal trust 

is a factor with notable heterogeneity. Further studies should be performed to confirm the 

dimensions of interpersonal trust, be it unitary or multiple, and their distinctive effects on voter 

turnout. 

As regards institutional trust, WVS data for South Africa support a distinction between 

trust in private and public institutions where trust in public institutions is a one-dimensional 

factor. The dimensionality of trust in public institutions is supported by Hooghe and Marien 

(2013) who obtain the same results with the same trust variables analysed, including law and 

order institutions and political institutions such as the parliament, and is not supported by the 

OECD (2017) which finds trust in law and order institutions to be a distinct factor. Differing 

definitions of populations can be a possible reason for discrepancies. The distinction between 

public and private institutions permits the conclusion that the relationship between voter turnout 

and institutional trust differs depending on the institutions at issue.  

The positive relationship between trust in public institutions and voter turnout is largely 

confirmed by theory and previous empirical work, for example by Tambe (2017). The 

significance of the relationship and its direction make intuitive sense because, as Grönlund and 

Setälä (2007) articulate, individuals should feel a stronger incentive to vote if they find voting 

meaningful, which can be the case when they have high confidence in the institutions 

responsible for nation governance. The effect of increased trust in public institutions is, 

however, deemed to be of marginal practical significance, and there may be other variables than 

trust that have a stronger influence on electoral participation. Moreover, data support the 
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dominance of the exit over the voice option outlined by Hooghe et al. (2011) since the 

relationship between trust in political institutions and voter turnout is positive.  

As concerns trust in private institutions, its non-significant relationship with voter turnout 

signifies that it is not an aspect of critical importance to the comprehension of individuals’ 

electoral participation. However, since trust in private institutions is a relatively unexplored 

factor of trust in relation to voter turnout, a suggestion for future research is to perform more 

analyses on other datasets with different indicator variable compositions to validate the 

conclusion of its non-significance. For example, one could identify whether the inclusion of 

trust in banks and universities in Trust in Private Institutions changes the aforementioned 

conclusions. 

Statistical analyses have been performed on South African citizens where the WVS data 

collection procedure has laid the foundation for inferences at the population level, with regard 

to equal gender representation and randomness in respondent sampling. Nevertheless, since 

data is from a limited cultural context, results may not be generalised to other countries. A 

limitation worth underscoring is the access to self-reported rather than actual voting decisions 

which has a negative impact on the reliability of the obtained results. As mentioned in this 

study, actual turnout decisions have not been available, and it would be of interest to examine 

the changes in results when using self-reported and actual turnout data. Another aspect 

negatively affecting inferences is the missing data in this study. The performed missing data 

analysis, nevertheless, has been beneficial in the minimisation of the impact of missing data on 

results. Another limitation is that the dataset is from 2006 which is the most recent WVS dataset 

in which the voter turnout question (V234) is available. It would be of interest to perform 

longitudinal studies to examine whether a temporal perspective is needed in understanding the 

relationship between trust and voter turnout. Furthermore, it would be of interest to examine 

potential mediation effects of trust through non-instrumental benefits as hypothesised by Wang 

(2016). 

A relative strength of this study is the use of multivariate rather than univariate 

measurements of dimensions of trust, and the use of estimation procedures in the factor analyses 

that are adequate for ordinal data. Another relative strength of this study is the reliance on a 

sound theoretical basis and the use of both objective measures and exploratory and confirmatory 

techniques to decide upon the composition of factors of trust. Furthermore, the use of a 

validation sample in the logistic regression model contributes to the reliability of obtained 

results. An opportunity for replications of this study is to analyse the impact of factor 

indeterminacy on estimated factor scores. The need for simulation studies on ordinal data and 
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logistic factor score regression models is prevalent. Another opportunity for future research is 

to use experimental designs that permit causal conclusions such as natural experiments. These 

approaches would complement findings by existing studies dominated by the use of cross-

sectional data. 

Voting is a quintessential component in the interaction between individual preferences 

and state governance that is the democratic state. That trust influences South African 

individuals’ choice of voting or abstaining through confidence in public institutions sends an 

explicit signal to policymakers that activities that strengthen trust in the public body are of 

distinct interest in the maintenance of legitimacy of electoral outcomes and the maximisation 

of voter turnout.  
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Appendix A –Variable Definitions 
The trust variables can be divided into variables pertaining to interpersonal and institutional 

trust. Interpersonal trust variables are defined in Table A.1 and institutional trust variables are 

defined in Table A.2. The dependent variable and control variables are listed in Table A.3. 

 
Table A.1: Interpersonal trust variable definitions.  

Question: 
“I’d like to ask you how much you trust people from various groups. Could you tell me for each whether you 
trust people from this group completely, somewhat, not very much or not at all?” 
Code Definition Do not Trust 

at All 
Do not Trust 
Very Much 

Trust 
Somewhat 

Trust  
Completely 

V125 Your family 1 2 3 4 
V126 Your neighbourhood 1 2 3 4 
V127 People you know personally 1 2 3 4 
V128 People you meet for the first time 1 2 3 4 
V129 People of another religion 1 2 3 4 
V130 People of another nationality 1 2 3 4 

 

Table A.2: Institutional trust variable definitions. 

Question: 
“I am going to name a number of organisations. For each one, could you tell me how much confidence you 
have in them: is it a great deal of confidence, quite a lot of confidence, not very much confidence or none at 
all?” 
Code Definition None 

at All 
Not Very 
Much 

Quite 
a Lot 

A Great 
Deal 

V132 The armed forces 
 

1 2 3 4 
V133 The press 

 
 

1 2 3 4 
V134 Television 

 
 

1 2 3 4 
V136 The police 

 
 

1 2 3 4 
V137 The courts 

 
 

1 2 3 4 
V138 The government 

 
 

1 2 3 4 
V139 Political parties 

 
 

1 2 3 4 
V140 Parliament 

 
 

1 2 3 4 
V141 The civil service 

 
 

1 2 3 4 
V142 Major companies 

 
 

1 2 3 4 
V143 Environmental organisations 

 
1 2 3 4 

V144 Women’s organisations 
 

1 2 3 4 
V145 Charitable/humanitarian organisations 1 2 3 4 
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Table A.3: dependent variable and control variable definitions. 

Code Definition 

V22 Life satisfaction: 1 Completely dissatisfied to 10 Completely satisfied.  
Scale items: 1 2 3 4 5 6 7 8 9 10. 

V27 Member in labour union: 1 if yes, 0 otherwise. 
 

V95 Political interest: 1 Not at all interested, 2 Not very interested, 3 Somewhat interested, 4 Very 
interested. 

V114 Ideology: 1 Left to 10 Right. 
Scale items: 1 2 3 4 5 6 7 8 9 10. 

V162 Importance of democracy: 1 Not at all important to 10 Absolutely important. 
Scale items: 1 2 3 4 5 6 7 8 9 10. 

V224 Radio or TV news use: 1 if used last week, 0 otherwise. 
 

V234 Voting in last national elections: 1 if yes, 0 otherwise. 
 

V235 Sex: 1 if male, 0 female. 
 

V237 Age (years). 
 

V238 Educational level: 0 No formal education, 1 Primary school, 2 Secondary school, 3 
University-level. 

V253 Income group belonging (perceived): 1 Lowest decile to 10 Highest decile. 
Scale items: 1 2 3 4 5 6 7 8 9 10. 

V255 Town size, determined by number of inhabitants:  
1 Rural, 2 Village, 3 Small town, 4 Large town, 5 City, 6 Metro. 

V256 Ethnic group: 0 Black-Other/Black, 1 Coloured (dark), 2 Asian-South (Indian, Hindu, 
Pakistani, Bangladeshi), 3 White/Caucasian White. 
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Appendix B – Essential Output 
Figure B.1: Chi-square Q-Q plot for graphical examination of multivariate normality of observed trust variables. 
n=2,114.  

 

Table B.1: EFA partial correlation matrix. 
n = 300. 

 V126 V127 V128 V129 V130 V136 V137 V138 V139 V140 V141 V142 V143 V144 
V127 .06              
V128 .12 -.10             
V129 -.05 -.05 -.01            
V130 -.17 .07 -.03 .15           
V136 -.00 -.04 .01 .05 .00          
V137 .04 -.01 -.13 -.06 .13 .41         
V138 -.10 -.07 -.02 .12 .07 -.10 -.14        
V139 .01 .10 .05 -.06 -.05 -.21 -.21 .21       
V140 -.01 .00 -.03 .12 -.08 -.27 -.14 .20 .25      
V141 .09 .03 .11 -.19 -.07 .20 .11 -.19 -.03 -.09     
V142 .06 .03 -.00 -.05 -.06 -.10 .03 -.12 .12 .05 .04    
V143 .04 -.03 -.06 .03 -.01 .03 -.11 .08 .07 -.04 -.05 .09   
V144 -.07 .00 .01 .06 .05 -.11 -.08 .11 .01 .13 -.08 -.03 -.01  
V145 -.07 -.04 -.01 .05 .07 .06 .02 .03 -.09 -.04 .02 -.08 -.05 .12 

 
Table B.2: Inter-factor correlation matrix based on EFA input. 

Factor Interpersonal Trust Trust in Public 
Institutions 

Trust in Private 
Institutions 

Interpersonal Trust 1.00   
Trust in Public Institutions .08 1.00  
Trust in Private Institutions .18 .41 1.00 

 
Table B.3: Inter-factor correlation matrix based on CFA input. Standard errors are given within parentheses for each 
correlation coefficient. 
** = Significant difference from unity at the .05 significance level.  

Factor Interpersonal Trust Trust in Public 
Institutions 

Trust in Private 
Institutions 

Interpersonal Trust 1.00 
 

  

Trust in Public Institutions .19** 
(.07) 

1.00  

Trust in Private Institutions .42** 
(.06) 

.64** 
(.05) 

1.00 

 


