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Abstract

Chronic stress associated with living in societies with high income inequality may
increase risk for cardiovascular disease (CVD) and mental illness. Research has also linked
social capital, including trust of other people, to mental health outcomes. South Africa has one of
the highest levels of income inequality recorded worldwide and is experiencing a growing
burden of non-communicable diseases. Data additionally suggest that levels of trust in South
Africa are low. Using longitudinal data from adults interviewed in Waves 1 to 3 (2008-2012) of
the National Income Dynamics Study, this dissertation examined whether district-level income
inequality calculated from census and survey data was associated with several physical and
behavioral risk factors for CVD (Paper 1) and with depressive symptoms (Paper 2), as well as
whether trust at the individual and district levels was associated with depressive symptoms
(Paper 3).

Income inequality, measured using Gini coefficients, and prevalence of most CVD risk
factors increased during the study time period, while depressive symptoms, measured using the
Center for Epidemiological Studies of Depression Short Form (CES-D-10), decreased. In pooled
cross-sectional regression models, higher district inequality was associated with lower BMI and
waist circumference. In longitudinal fixed-effects models, Gini coefficients were not
significantly associated with any CVD risk factors. District-level Gini coefficients were not

significantly associated with CES-D-10 scores or with high depressive symptoms (scores of 10
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or higher) in either cross-sectional or longitudinal fixed-effects models. Low generalized and
personalized trust at the individual level were associated with lower CES-D-10 scores and
reduced risk of high depressive symptoms in pooled cross-sectional and longitudinal fixed-
effects models. Neither district-level generalized nor personalized trust was associated with
depressive symptoms. However, a cross-level interaction was observed suggesting that lower
levels of trust are associated with reduced depressive symptoms when districts have low
percentages of highly trusting individuals but not when district-level distrust is low.

In conclusion, the results of this dissertation do not support the income inequality
hypothesis in relation to CVD risk factors or depressive symptoms in South Africa. Moreover,
findings suggest that trust may not be beneficial for depressive symptoms for all individuals or in

all contexts.
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Paper 1
Income Inequality and Cardiovascular Disease Risk Factors in a Highly Unequal Country:

The Case of South Africa

Societies with higher income inequality tend to exhibit worse health performance,
including higher levels of mental illness, violence, teenage births, and cardiovascular disease
(CVD) risk factors (Subramanian and Kawachi 2004, Wilkinson and Pickett 2009b). However, a
critical debate persists concerning whether income inequality is causally linked to health
outcomes (Kawachi 2000, Kawachi and Wamala 2007), such that, all other things being equal,
the health of an individual in a more unequal society will be worse than that of the same
individual in a more equal society.

Non-communicable diseases (NCDs), including CVD, are the leading causes of years of
life lost worldwide, and their impact has increased dramatically in low- and middle-income
countries (LMICs) (Murray et al. 2013). Moreover, LMICs tend to have considerably higher
levels of income inequality than high-income countries (HICs) (Kim et al. 2008), yet most
research on this question has been carried out in rich nations. Our study seeks to address this gap
in knowledge by examining the impact of income inequality on risk factors for CVD in South
Africa, a middle-income country which has experienced major social and economic

transformations in the last three decades.

Background
Ecological studies have generally found that higher income inequality is associated with

poorer population health. For example, Wilkinson and Pickett found that high-income countries



with higher levels of inequality had higher rates of obesity, diabetes-related mortality, and daily
calorie consumption (Pickett et al. 2005, Wilkinson and Pickett 2009a, Wilkinson and Pickett
2009b). In an international study of 78 countries, Kim et al. (2008) observed positive
associations between income inequality and mean BMI, prevalence of obesity, and mortality
rates and disability-adjusted life-years lost due to coronary heart disease.

However, the results of ecological studies have been criticized for being correlational and
cross-sectional in nature, and failing to account for unobserved sources of confounding,
including compositional effects. For example, it has been argued that the relationship between
income inequality and population health may simply be a mechanical result of the fact that at the
individual level, income and health have a curvilinear relationship (Gravelle 1998, Kawachi
2000). In order to address these criticisms, the effects of income inequality on health need to be
estimated using multilevel data and controlling for individual characteristics (Diez-Roux, Link
and Northridge 2000, Subramanian and Kawachi 2004, Subramanian, Glymour and Kawachi
2007).

Currently, the evidence from multilevel studies on the impact of inequality on
cardiovascular health remains inconclusive (Pabayo, Kawachi and Gilman 2015). In one study,
Diez-Roux, Link and Northridge (2000) found that income inequality across U.S. states was
associated with higher body mass index (BMI), greater odds of hypertension diagnosis among
low-income women, and greater odds of physical inactivity overall, after controlling for
individual income. In another cross-sectional study, among U.S. metropolitan areas, Sturm and
Gresenz (2002) found no associations between income inequality and chronic health conditions,

including diabetes, hypertension, stroke, angina, heart failure, and coronary artery disease. A



regional study examining income inequality in New Zealand found no association between
income inequality and cardiovascular mortality (Blakely, Atkinson and O’Dea 2003).

Recent studies have attempted to use more robust analytic techniques such as prospective
or fixed-effects designs. A prospective study by Pabayo, Kawachi and Gilman (2015) found that
the risk for heart attack and Class III obesity was higher in U.S. states with higher income
inequality, but no associations were observed for smoking or other bodyweight variables.
Clough-Gorr, Egger and Spoerri (2015) and Regidor et al. (2015) found that income inequality
was not (or was even inversely) associated with mortality, including cardiovascular mortality, in
Switzerland and Spain, respectively, when controlling for individual characteristics. In a
longitudinal study using European countries, Hu, van Lenthe and Mackenbach (2015) found that
while income inequality was associated with higher mortality—including cerebrovascular
mortality—in pooled cross-sectional results, the addition of country fixed effects to control for

unobserved time-constant confounders eliminated these associations.

Evidence from low- and middle-income countries

Fewer studies have examined income inequality and NCD-related conditions in LMICs.
Using multilevel data from women in India, Subramanian, Kawachi and Smith (2007) observed
that the odds of underweight, pre-overweight, overweight, and obesity compared to normal
weight were all significantly elevated in states with higher levels of income inequality. Rasella,
Aquino and Barreto (2013) examined state income inequality and life expectancy longitudinally
in Brazil, a country with high levels of inequality. Using fixed-effects methods to control for
time-invariant state confounding, they found that inequality was inversely associated with life

expectancy. Although limited by either cross-sectional or ecological designs, these results



suggest that associations between income inequality and health may potentially be relevant in
other LMICs.

Of the few multilevel studies on income inequality and health in Africa, which is home to
several high-inequality countries (Kim et al. 2008), most have been cross-sectional and have not
examined CVD risk factors (Cramm, Moller and Nieboer 2012, Feldacker, Ennett and Speizer
2011, Harling, Ehrlich and Myer 2008). As a recent review by Pickett and Wilkinson (2015)
demonstrates, longitudinal studies of income inequality and health have been predominantly
carried out in HICs. Thus, as has been articulated by Subramanian and Kawachi (2004; Kawachi
and Subramanian 2014), there remains a need for studies in contexts that are as unequal as or

more unequal than the U.S., as well as longitudinal studies on income inequality and health.

Potential Mechanisms

Several theories have been put forward to explain why income inequality may be harmful
to population health. A robust association has been found between rising income inequality and
rates of violence and crime, (Kawachi 2000, Wilkinson and Pickett 2009b) which may in turn
affect perceptions of safety and social cohesion. Income inequality is also correlated with
restricted upward social mobility, which may engender feelings of stress and frustration. The
impacts of inequality on violence, crime, social cohesion, and stress could have a variety of
health consequences. With regard to CVD risk, these could include reductions in physical
activity due to perceived lack of safety or physiological changes (e.g., in blood pressure),
psychological impacts, or adoption of unhealthy coping behaviors (e.g., smoking, unhealthy
eating, alcohol consumption) in response to chronic stress (Adjaye-Gbewonyo and Kawachi

2012, Brunner 1997, Centers for Disease Control and Prevention [CDC] 1999, Diez Roux 2003,



Elstad 1998, Kawachi 2000, Kruger et al. 2005, Kubzansky and Kawachi 2000, Kubzansky,
Seeman and Glymour 2014, Kubzansky, Winning and Kawachi 2014, Pabayo, Kawachi and

Gilman 2015, Rosenberg et al. 2006, Sapolsky 2004).

Testing the income inequality hypothesis in South Africa

South Africa offers a unique setting to examine the income inequality hypothesis.
Arguably due to the legacy of colonialism and apartheid (Leibbrandt, Finn and Woolard 2012,
van der Berg 2011), South Africa is one of the most unequal societies in the world. Based on the
most recent data from the World Bank, South Africa’s 2011 Gini coefficient of 0.65 is the
second highest among countries with available data (World Bank 2015). Moreover, there is
evidence that income inequality has increased post-apartheid (Leibbrandt, Finn and Woolard
2012, OECD 2013, van der Berg 2011).

There are also several indications that the burden of NCDs in South Africa is rising. In
2010, circulatory or cardiovascular causes were the second leading cause of death in South
Africa after infectious and parasitic illnesses; moreover, the proportion of deaths due to
circulatory causes has been increasing over time (Statistics South Africa 2013). CVD risk factors
such as overweight and obesity are also a serious problem in South Africa, with around 60% of
women and 30% of men being classified as overweight, and approximately one-third of women
and 10% of men being classified as obese (Ardington and Case 2009, Van der Merwe and
Pepper 2006). Excessive alcohol consumption and high blood pressure are also highly prevalent
(Charlton et al. 2001, Cois and Ehrlich 2014, Lloyd-Sherlock et al. 2014, World Health

Organization [WHO] 2011, WHO 2014).



In this study, we attempt to address some of the aforementioned gaps in the literature,
using longitudinal data from South Africa to examine whether changes in district-level income
inequality are associated with individual-level risk factors for cardiovascular disease. We use
fixed-effects models that exploit changes in income inequality over the period 2007-2011 to
control for time-invariant confounders and improve causal inference. To our knowledge, this is
the first longitudinal study to examine this question in the African continent. We hypothesize
that increases in district income inequality will be associated with worsening indicators of CVD
risk. It has been argued that the association between income inequality and health observed in the
U.S. does not hold in European countries due to their relatively lower levels of income inequality
compared to the U.S (Hu, van Lenthe and Mackenbach 2015). By contrast, we would expect the
relationship between income inequality and health to be stronger in a very unequal country such

as South Africa compared to the United States or to European countries.

Data and Methods
Data Sources

National Income Dynamics Study

Data were drawn from the National Income Dynamics Study (NIDS), a nationally-
representative, household, longitudinal survey conducted by the Southern Africa Labour and
Development Research Unit (SALDRU) (National Income Dynamics Study 2014). Sampling
was done in a stratified, two-stage cluster sample design as described elsewhere, and the
household response rate was 69% (De Villiers et al. 2014, SALDRU 2014a, SALDRU 2014b,

SALDRU 2014c).



There were 16,871 individuals from 7,305 households who participated in the NIDS
Wave 1 (2008) adult questionnaire for persons aged 15 years or older. For the present analyses,
we excluded 2,976 respondents who: a) had incomplete or discrepant age information or were
under age 15 years at the time of interview in 2008 (n=110); b) had died by Wave 3 (n=1,208);
c) were living outside of South Africa in Wave 3 (n=43); d) were living in a different district
from their original Wave 1 district in Wave 3 (n=1,203); or ) were pregnant or had missing or
unknown pregnancy status in Wave 1 (n=359) or Wave 3 (n=177). This resulted in an eligible
sample of 13,895 respondents. Of these, 3,324 respondents were excluded due to unsuccessful
interviews or loss to follow-up [Wave 1 (n=1,045) and Wave 3 (n=2,564)], and an additional
1,215 respondents were excluded due to either missing or unknown district information in Wave
3 (n=27) or lack of data on any of the outcomes examined in either Wave 1 or Wave 3, after
exclusions for extreme values described below (n=1,215). Our final sample contained 9,356

individuals (see Figure 1.1).



Wave 1 Adult Questionnaire Respondents : n=16,871

Ineligible due to age, death, 1=2.976
pregnancy, or moving residence ’

Eligible Adult Sample (15+): n=13,895

Exclusions for unsuccessful n=3.324
interview in Wave 1 or Wave 3 ’

Sample : n=10,571

Exclusions for missing n=1215
geographic or outcome data ’

A 4

Final Sample: n=9,356

Figure 1.1. Flowchart of sample selection

District-level data

South Africa is divided administratively into nine provinces, and further divided into 52
district councils/district municipalities and over 200 local municipalities, as of the Census 2011
(SALDRU 2014a, Statistics South Africa [Stats SA] 2006, Stats SA 2014a). Our study focuses
on income inequality at the district level.

Data for district variables were obtained from South Africa’s Community Survey 2007
(CS 2007) available from the Minnesota Population Center’s Integrated Public Use Microdata
Series (Minnesota Population Center 2013), and from a 10% sample of the Census 2011
available from DataFirst at the University of Cape Town (Stats SA 2014a). The CS 2007 is a 2%

random population sample conducted by Statistics South Africa (Stats SA) to provide



information between the 2001 and 2011 censuses and to provide data at the municipality level
and other subnational levels. The CS 2007 contains data from 238,067 dwelling units or
approximately one million persons and had a response rate of 93.9% (Minnesota Population
Center 2013, Stats SA 2007). District-level data calculated from the CS 2007 were matched to
the 2008 NIDS Wave 1 survey for the present analysis.

The 10% sample of the Census 2011 contains over one million households and nearly 4.5
million individuals (Stats SA 2014a). Data from the census sample were matched to the 2012
NIDS Wave 3 survey. District boundaries changed in 2011 (Day, Gray and Budgell 2011, Day et
al. 2012, Stats SA 2012), so for consistency, a new set of districts was constructed for the CS
2007 to correspond with the 52 districts defined in the Census 2011. A list of districts is

displayed in Appendix A.

Income inequality

We measured income inequality using the Gini coefficient as described in Subramanian,
Kawachi and Smith (2007). Gini coefficients were calculated in SAS (Cohen N.d.) from gross
income before deductions but including social grants as recorded in 12 categories in the Census
2011 and CS 2007 (Lehohla 2008). Incomes were deflated to August 2012 prices and
equivalized by dividing by the square root of household size. Details of these calculations are

provided in Appendix B. We multiplied Gini coefficients by a factor of 10 for use in the models.



Cardiovascular risk factors

Our study focused on the following major modifiable risk factors for CVD (Centers for
Disease Control and Prevention [CDC] 2009, National Heart Lung and Blood Institute 2015,
World Heart Federation 2015):
Blood pressure

Systolic blood pressure (SBP) and diastolic blood pressure (DBP) were calculated as the
means of up to two readings in each wave. We considered SBP readings that were under 50 mm
Hg or over 250 mm Hg and DBP readings that were under 150 mm Hg or over 30 mm Hg as
implausible (Cois and Ehrlich 2014, Georgiades et al. 1996) and excluded them from the
calculations. If mean DBP was greater than mean SBP, both blood pressure measurements were
dropped (Georgiades et al. 1996). Individuals with mean SBP greater than 139 or mean DBP
greater than 89 were classified as having a high blood pressure. Individuals whose blood
pressure readings were below these cutoffs but who reported currently taking medication for

high blood pressure were also classified as having high blood pressure.

BMI

BMIs were calculated as mean weight in kilograms divided by the square of mean height
in meters from up to three height and weight measurements in each wave. Overweight was
defined as having a BMI as 25 or more kg/m?. Obesity was defined as having a BMI of 30 or
more kg/m?.

Average weights less than or equal to 31.8 kg (approximately 70 pounds) or greater than
or equal to 150 kg (approximately 331 Ibs.) and average heights less than or equal to 121.9 cm

(48 inches) or greater than 213.4 cm (84 inches) were considered implausible and excluded (Das
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et al. 2005, Littman et al. 2012, Noel et al. 2010, Noel et al. 2012). Average heights that were
implausible, missing, or differed by more than 10 cm between any two waves were replaced with
the mean of the plausible average heights across the three waves where available.

Waist Circumference

We calculated waist circumference in centimeters as the mean of up to three
measurements in each wave. We considered waist circumference measurements greater than
190.5 cm (75 inches) or less than 50.8 cm (20 inches) to be implausible (Jacobs et al. 2010) and
excluded them from the calculations. Women with mean waist circumferences greater than 88
cm and men with mean waist circumferences greater than 102 cm were classified as having high
waist circumference.

Smoking

To facilitate analysis of smoking as a categorical outcome using risk ratios, and because

of the small number of former smokers, we dichotomized smoking into two categories: current

smokers and current non-smokers.

Alcohol consumption

Respondents were was asked how often they consume alcohol per week and the number
of standard drinks consumed per day of drinking in the categories reported in the NIDS
(SALDRU N.d.). We estimated the number of drinks consumed per week by multiplying
together the midpoints of the responses to each question and dividing by seven to estimate the
average number of drinks consumed per day (see Appendix B). High alcohol consumers,
including binge and heavy drinkers (CDC 2014), were defined as respondents who reported

drinking five or more standard drinks on a day when they drink alcohol, women who averaged

11



more than one drink per day or eight or more drinks per week, and men who averaged more than
two drinks per day or 15 or more drinks per week.

Physical activity

Respondents were asked how many days a week they exercised. We dichotomized

physical activity as no days a week versus one or more days a week of exercise.

Individual- and Household-Level Covariates

In addition to age, sex, and race/population group (African, Coloured, Asian/Indian, and
White), we included the following covariates in the models

Education: We classified highest year of education completed into the following six
categories: no education, some general education and training, completed general education and
training, some further education and training, completed further education and training, and
higher education. See Appendix B for additional details and definitions.

Household Income was based on post-tax household income in Rand over the past 30

days (Argent 2009). We deflated income to August 2012 levels (Siljeur 2013a, Siljeur 2013b).
To account for the non-linear relationship between income and health, we used the natural log of
income. (Those whose household income was zero were given an income of one.)

Employment status was classified as employed, unemployed, or not economically active.

Marital Status: We dichotomized marital status as currently married/living with partner
and currently single (divorced, widowed, and never married).

Rural/Urban location: We classified households from rural formal or tribal authority

areas as rural and those from urban formal or urban informal geographies as urban.

12



Receipt of Government Grants included receipt of at least one of either of the following

by a household member in the past month: old age pension, child support grant, or other social

grants (Argent 2009).

District-Level Covariates

To control for potential confounding effects of district characteristics, we calculated the
following district variables from the CS 2007 and Census 2011: log of mean equivalized monthly
household income; percent of persons aged 15+ years with no education, with completed further
education, and with higher education; percent of persons aged 15-65 years who are unemployed
and percent not economically active; percent of households that are rural; mean age; percent
African; percent Coloured; and percent female.

Gini coefficients were correlated with district-level educational distribution and mean
household income in Wave 1 and with mean age, gender distribution, racial distribution, percent
married, and percent unemployed in Wave 3, but the magnitudes of the correlation coefficients
were below 0.5. Several district-level covariates correlated with each other but none displayed
collinearity in the models.

Analysis

For all variables, refusals and missing, “don’t” know” or “not applicable” responses were
coded as missing. For each model, individuals with missing covariates (<3% of sample) were
excluded.

We implemented linear regression models for the continuous outcomes BMI, waist
circumference, DBP, and SBP. Because the dichotomous outcomes (overweight, obesity, high

waist circumference, high blood pressure, high alcohol consumption, smoking, and physical

13



inactivity) were fairly common in the sample, and therefore odds ratios from logistic models
would not approximate risk ratios, Poisson regression models with robust standard errors were
run to directly estimate risk ratios for these outcomes. Robust Poisson regression may be more
conservative in some instances than other methods of estimating risk or prevalence ratios, such
as log-binomial models, but it tends not to have convergence issues (Cummings 2009, Lumley,
Kronmal and Ma 2006, Petersen and Deddens 2008).

We began with pooled cross-sectional models with standard errors clustered at the district
level. (Separate cross-sectional models for Waves 1 and 3 are available in Supplemental File 1.)
For each outcome, models adjusting only for wave (Model 1), models adding
individual/household covariates (Model 2), and models adding district covariates (Model 3) are
presented.

Cross-sectional models provide a first sense of the correlation between Gini coefficients
and health outcomes, but they are susceptible to bias arising from differences between
individuals and districts in many unobserved variables. To address this, we implemented
longitudinal fixed-effects models on individuals present in both Waves 1 and 3. Fixed-effects
models exploit the longitudinal nature of the data by relating within-individual changes in
outcomes to within-individual changes in exposure. They are an attractive method for estimating
causal effects because they account for any unobserved confounders that are constant over time.
Fixed-effects models use each individual as his or her own control, by comparing an individual’s
health when exposed to a given level of district income inequality, with the same individual’s
health when exposed to a different level of district income inequality. Assuming that intra-
individual changes in income inequality are uncorrelated with changes in other variables, within-

individual changes in health over time provide an estimate of the effect of income inequality on

14



health outcomes. Fixed-effects estimates obtain the average differences across all individuals to
yield an estimate of the average ‘treatment effect’ of district income inequality, which controls
for all stable individual and district characteristics. Because fixed-effects models do not control
for characteristics that change over time, our models incorporate a wide range of time-varying
district- and individual-level measured covariates described above.

The models were specified as follows:

CVD Riskyp; = Po + PrInequality,j + BrCovariatesyp;
+ BsCovariates;y; + PsCovariates,; + fswave, + fgindividual;p; + eqgin;

where ¢ represents wave, i represents individuals, / represents households, and j represents
districts. CVD Risk;, represents the individual-level CVD risk factors in Waves 1 and 3 (e.g.,
BMI, waist circumference, BP). B, is the intercept. Inequality,; is district income inequality in
each wave. Covariates;;, Covariatesy,j, and Covariates,; are vectors of individual-,

household-, and district-level covariates, respectively. Wave, indicates time fixed-effects.
Bsindividual;; represents individual fixed-effects, and egy;; are the error terms. All

covariates, including unmeasured confounders, that are constant over time will drop out of the
models. The main effect of interest was measured by coefficient £5;.

For continuous outcomes, we ran linear fixed-effects models with standard errors
clustered by district. For dichotomous outcomes, we ran conditional Poisson regression models
and bootstrapped the standard errors using 200 replications, with clustering at the district level;
we used normal-based confidence intervals (Cameron, Gelbach and Miller 2007, Guan 2003, Poi
2004, StataCorp 2013). For each outcome, fixed-effects models adjusting only for wave (Model
1), adding individual/household covariates (Model 2), and adding district covariates (Model 3)
are presented.

Analyses were conducted in Stata version 13 and SAS version 9.4.

15



Results
Descriptive Statistics

Sample characteristics are summarized in Table 1.1. The sample was predominantly
female (63.0%), African (81.4%), and currently single (60.6%) with a mean age of 39 years at
baseline and a mean household size of 4.3 members. Over 18% of the sample were unemployed
at baseline, and over 42% were not economically active. About 61% of households received
government grants at baseline. More than half of households were rural. At baseline, 48.6% of
the sample were overweight, and 26.1% were obese. Approximately, 33% had high blood
pressure, and 36% had high waist circumference. Over 19% of the sample smoked at baseline,
and more than 10% had high alcohol consumption. Nearly three-quarters of the sample reported

that they do not exercise. Average outcome levels varied considerably by district (see Figure

1.2).
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Table 1.1 Sample characteristics, NIDS Waves 1 and 3

Wave 1 Wave 3
Sample Size | Proportion/ Mean |Sample Size| Proportion/ Mean
(Standard deviation) (Standard deviation)
Total 9,356 9,356
Female 9,356 63.0% 9,356 63.0%
Race/Population Group 9,356 9,356
African 80.3% 80.3%
Coloured 14.8% 14.8%
Asian/Indian 1.2% 1.2%
White 3.7% 3.7%
Age (years) 9,356 39.3(17.3) 9,356 43.5(17.4)
Highest education level 9,349 9,348
No education 14.4% 13.9%
Some general education & training 35.9% 32.0%
General education & training 8.9% 7.1%
Some further education & training 20.6% 22.7%
Further education & training 14.0% 13.9%
Higher education 6.2% 10.4%
Employment status 9,262 9,334
Employed 39.4% 38.1%
Unemployed 18.4% 17.0%
Not economically active 42.1% 44.9%
Marital status 9,315 9,350
Currently Married/Cohabiting 39.4% 38.8%
Currently single 60.6% 61.2%
Household size 5,318 4.3 (2.7) 5,870 4.4 (2.9)
Household receipt of government 5,299 60.7% 5,867 62.6%
grants
Monthly household income (Rand) 5,318 5,082.0 (8,717.1) 5,870 5,884.4 (9720.5)
Rural household 5,318 51.2% 5,870 51.0%
Systolic blood pressure (mm Hg) 8,523 127.4 (23.7) 9,172 127.9 (23.0)
Diastolic blood pressure (mm Hg) 8,520 81.9 (14.3) 9,172 83.5(13.7)
High blood pressure 8,525 38.0% 9,172 42.6%
Body mass index (kg/m?) 8,507 26.3 (7.1) 9,161 27.4(6.7)
Overweight 8,507 48.6% 9,161 57.7%
Obese 8,507 26.1% 9,161 29.9%
Waist circumference (cm) 8,517 87.4 (16.2) 9,140 91.1 (16.0)
High waist circumference 8,517 36.2% 9,140 43.9%
Current smoker 9,328 19.5% 9,349 19.1%
Physical inactivity 9,300 71.7% 9,351 74.4%
High alcohol consumption 9,321 10.7% 9,284 12.3%

The average district Gini coefficient was 0.73 in 2007 (range: 0.65 to 0.80) and 0.75 in

2011 (range: 0.69 to 0.78). Figure 1.3 maps the Gini coefficients by district in 2007 and 2011.

On average, district Gini coefficients increased by 0.02 points; however the change in district
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Gini across waves ranged from -0.05 points for Umkhanyakude to 0.08 points for Xhariep.

Detailed Gini coefficient values can be found in Appendix A.

Cross-sectional models

Scatter plots of the cross-sectional correlation between district Gini coefficients and
average levels of risk factors are shown in Figure 1.2. Higher Gini coefficients seemed to be
marginally correlated with higher percent of respondents who were overweight, did not exercise,
and had high waist circumstance, and lower percent of respondents who had high blood pressure,
reported high alcohol consumption, and smoked. However, regression results for all CVD risk
factors in Table 1.2 show that most of these associations did not hold in fully-adjusted, cross-
sectional models. Higher Gini coefficients were associated with lower BMI and waist

circumference in these models.

Longitudinal fixed-effects models

Results from longitudinal fixed-effects models are summarized in the last three columns
of Table 1.2 (unadjusted fixed-effect models are presented in Supplemental File 1). After
inclusion of individual and time fixed effects and covariates, changes in district Gini were not
significantly associated with any of the CVD risk factors examined.

The addition of health behaviors (smoking, exercise, and high alcohol consumption) to
the fully-adjusted models for anthropometric CVD risk factors led to little change in the
longitudinal (and cross-sectional) estimates for the Gini coefficients, as shown in Supplemental

File 1.
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Table 1.2 Effect estimates/risk ratios and 95% confidence intervals for the association between income inequality (as measured

by 10 times the district Gini coefficient) and CVD risk and protective factors

Pooled Cross-sectional Analysis

Longitudinal Fixed Effects Models

Model 12 Model 2 Model 3¢ Model 12 Model 2¢ Model 3¢
0.07 -0.05 -1.26* 0.03 0.03 0.13
2
BMI (kg/m’) (-0.82, 0.96) (-0.88, 0.79) (:2.31,-0.22) (-0.56, 0.64) (:0.56, 0.62) (:0.75, 1.03)
Waist cireumf -1.93 -1.37 3.11% -1.49 -1.62 -0.08
aist circumference (cm) (-4.19, 0.32) (-3.18, 0.44) (-5.91, -0.30) (-3.26,0.27) (-3.33,0.07) (-2.64, 2.49)
Svstolic blood ° -4.09% -0.49 1.70 -1.66 -1.57 0.66
ystolic blood pressure (mm Hg) | ;54 " g4y (-3.03, 2.05) (-1.55,4.94) (-4.07, 0.76) (-3.95,0.82) (-2.14, 3.46)
. -1.35 0.38 1.65 0.32 0.30 1.15
Diastolic blood pressure (mm Hg) | 3 o5 3¢) (-1.15, 1.90) (-0.49, 3.79) (-1.47,2.11) (-1.43,2.03) (-1.10, 3.41)
o ot (risk rafi 1.01 1.01 0.88 0.96 0.95 1.00
verweight (risk ratio) (0.91, 1.14) (0.91, 1.12) 0.76, 1.01) (0.87, 1.06) (0.86, 1.05) (0.84, 1.19)
Obesity (risk rati 0.98 0.99 0.84 1.01 1.01 1.07
esity (risk ratio) (0.84, 1.15) (0.86, 1.13) (0.67, 1.06) (0.91, 1.12) (0.91, 1.12) (0.88, 1.32)
Hieh waist < rai 0.93 0.97 0.89 0.99 0.97 1.13
igh waist cm (risk ratio) (0.81, 1.07) (0.86, 1.08) (0.74, 1.07) (0.87, 1.12) (0.86, 1.10) (0.90, 1.43)
. . . 0.85% 1.02 1.07 1.03 1.05 1.14
High blood pressure (risk ratio) | ) 74 ) gg) (0.90, 1.15) (0.90, 1.27) (0.93, 1.15) (0.94, 1.17) (0.91, 1.43)
Smokine (risk rafi 0.52%* 0.86 1.00 0.99 0.97 0.94
moking (risk ratio) (0.32, 0.83) 0.73, 1.00) (0.81, 1.24) (0.84, 1.16) (0.83, 1.15) 0.71,1.24)
. . . 0.70% 0.83 1.08 1.36 1.35 1.14
High alcohol (risk ratio) (0.49, 0.93) (0.66, 1.05) (0.71, 1.67) (0.93, 1.97) (0.92, 1.97) (0.43, 3.05)
Phvsical inactivity (risk rafi 1.11 1.05 1.00 0.91 0.92 0.94
ysical inactivity (risk ratio) (0.94, 1.31) (0.96, 1.15) (0.89, 1.13) (0.82, 1.02) (0.82,1.01) (0.73, 1.20)

Notes: *p<0.05. **p<0.01 (two-tailed tests)

a. Controls only for wave of survey.
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b. Controls for household and individual factors: log monthly household income, household size, rural/urban location, household receipt of government grants,
age, race/population group, sex, education level, marital status, and employment status.

c. Adds district-level variables to Model 2: percent female, percent African, percent Coloured, mean age, log mean monthly equivalized household income,
percent not economically active, percent unemployed, percent with no education, percent with completed further education, percent with tertiary education,
percent rural.

d. Controls for: log monthly household income, household size, household receipt of government grants, marital status, employment status, and wave.



Covariates

Full model results showing covariates are shown in Supplemental File 1. In cross-
sectional models, age was associated with most outcomes except smoking, with older
respondents generally having higher CVD risk factors but lower risk of high alcohol
consumption. Anthropometric risk factors generally increased with income and education while
behavioral risk factors tended to decrease with income and education. Men and currently single
respondents had significantly lower body weight, waist circumference, and DBP, and higher
levels of SBP, smoking, high alcohol consumption, and exercise than women and currently
married people, respectively. Being married/cohabiting continued to be associated with higher
waist circumference and BMI, in fixed-effects models. Except for SBP, the employed and
unemployed generally had higher CVD risk factors compared to those not economically active;
however, in fixed-effects models, these associations were no longer significant, and employment
was associated with reduced inactivity. Whites had significantly lower blood pressures than
Africans; Coloureds had higher rates of high alcohol consumption than Africans, and Africans
had lower levels of exercise and smoking and higher BMIs than all other racial groups.
Household receipt of government grants was associated with lower blood pressures and BMIs in
cross-sectional models, and with higher alcohol consumption and waist circumference in fixed-
effects models. Larger household size was associated with lower blood pressures in fixed-effects
and cross-sectional models. Associations of CVD risk factors with district-level covariates
varied. Most risk factors increased across waves. However, these increases were often explained

by district-level or other covariates.
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Discussion

South Africa is one of the most unequal nations in the world. Yet, we found that district-
level income inequality, as measured by the Gini coefficient, showed no consistent associations
with CVD risk factors in this sample. While both Gini coefficients and several CVD risk factors
increased over time, increases in CVD risk factors were explained by aging or other trends over
time and not by inequality. Our findings are consistent with other recent studies using fixed-
effects methods that have failed to find associations between changes in inequality and changes
in population health outcomes (Clarkwest 2008, Hu, van Lenthe and Mackenbach 2015).

There are several potential explanations for the lack of association between income
inequality and CVD risk factors in the present study, from both a methodological standpoint and
a causal standpoint. On the methodological front, our fixed-effects models may underestimate
the impact of income inequality because they only exploit within-district variation in the Gini,
while eliminating between-district variation in inequality, the largest share of total variation
(Glymour 2008). Effects of district inequality on CVD risk factors may be mediated by other
variables in the models or by fixed individual, household, or district characteristics that are
automatically controlled for in fixed-effects designs and may be affected by income inequality
(e.g., individual educational attainment) (Pickett and Wilkinson 2015). For example debate
remains as to whether to even control for individual income in studies of income inequality and
health (Pickett and Wilkinson 2015), although even in our reduced fixed-effects models, no
significant effects of income inequality were observed.

Furthermore, the data may not capture the relevant etiologic period. Fixed-effects and
cross-sectional models imply instantaneous effects of the exposure on the outcome, which may

not be consistent with theory, and modeling change in inequality on change in health may be
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confounded by historical inequality levels (Clarkwest 2008, Glymour 2008, Subramanian and
Kawachi 2004). In the present analysis, Gini coefficients for each wave were based on data from
the previous year which further referred to income during the preceding 12 months, thus,
assuming that effects of income inequality would manifest within 1 to 2 years. However, some
studies suggest that there may be longer-term effects of up to 10 years for some health outcomes
(Glymour 2008, Pabayo, Kawachi and Gilman 2015, Zheng 2012). Improperly specifying the lag
period may attenuate or bias fixed-effects model results. Given that Gini coefficients often
correlate highly over time, results from cross-sectional models may be attenuated but should
generally reflect the long-term effects of inequality on health (Glymour 2008). Nevertheless,
(apart from a few possible associations in Wave 3 for DBP and inactivity), our cross-sectional
models likewise failed to show detrimental effects of income inequality. Moreover, in
preliminary analyses examining the NIDS Wave 1 outcomes in relation to Gini Coefficients
calculated from South Africa’s Census 2001 (7-8 years prior) and Wave 3 outcomes in relation
to Gini coefficients from the CS 2007 (5-6 years prior), only SBP and physical activity suggested
potential adverse associations with district income inequality, but controlling for changes in
district covariates eliminated these associations. Given the number of analyses conducted, such
findings should also be interpreted with caution.

Another potential methodological explanation for the null results is in the exposure
definition. Gini coefficients used here are based on pre-tax income available in the Census 2011
and CS 2007, but post-tax income or other measures of inequality could be more relevant for
health outcomes. Furthermore, the question of whether district councils are a meaningful unit for
examining contextual effects on health in South Africa remains, since several multilevel studies

of sub-national regions or smaller areas within countries have failed to find associations between
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health and income inequality by contrast to studies of larger areas or at the country level
(Clough-Gorr, Egger and Spoerri 2015, Pickett and Wilkinson 2015, Subramanian and Kawachi
2004). Nonetheless, additional analyses using Gini coefficients calculated from the NIDS survey
based on net, post-tax income still resulted in either no association or in inverse associations
(waist circumference, blood pressure) between inequality and CVD risk factors. Also, within
South Africa, the sub-national administrative areas above districts are provinces, of which there
are only nine, thus offering few observations to explore changes in inequality.

Perhaps more likely, there may be causal or substantive explanations for the lack of
association between income inequality and CVD risk factors in our fixed-effects analyses. One
may be the presence of ceiling effects. Income inequality was high for all districts in South
Africa in both waves, and although many districts experienced increases in their Gini
coefficients, it is possible that at the high levels of income inequality observed in South Africa,
there are no marginal effects of additional changes in inequality on these CVD risk factors. This
would imply that effects of income inequality may have a ceiling above which additional effects
are no longer observed. Because some studies have not observed income inequality impacts on
health in low inequality countries but have observed associations in higher inequality countries
such as the U.S. (Hu, van Lenthe and Mackenbach 2015), it has already been suggested that there
may be floor effects for the association between income inequality and health, indicating a
threshold of inequality below which impacts of inequality on health are not observed. Thus, if
both are true, then changes in income inequality would only affect health in a medium range of
inequality but not at very high or very low levels.

Alternatively, there may be no causal effect of income inequality on these specific CVD

risk factors in South Africa. In the present sample, as in several LMICs (Subramanian et al.
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2011), CVD risk factors such as high BMI or waist circumference appear to still be
predominantly associated with higher socioeconomic status (SES). Pickett and Wilkinson (2015)
recently clarified that income inequality may amplify the prevalence of conditions associated
with Jow SES or of conditions with a strong inverse social gradient. Thus, it is possible that
outcomes related to extreme poverty such as infectious diseases (e.g., HIV/AIDS and
tuberculosis) and undernourishment may be more sensitive to inequality in South Africa than the
outcomes examined here. Previous cross-sectional research has observed associations between
Gini coefficients and tuberculosis in South Africa (Harling, Ehrlich and Myer 2008). Also, a
study decomposing race and gender differences in nutritional outcomes in South Africa,
observed that province of residence explained some racial differences in underweight prevalence
in South Africa but not obesity prevalence (Averett, Stacey and Wang 2014), thus potentially
suggesting that contextual factors could play a bigger role in undernutrition than overnutrition in
this setting. This hypothesis may partially explain the indications of inverse associations we
observed between Gini coefficients and BMI and other outcomes in cross-sectional and
sensitivity analyses and is an issue that warrants further research.

Lastly, and more crucially, our results may indicate that previous studies suggesting a
contextual effect of income inequality on health may be confounded by compositional or other
factors. The fact that income inequality has been associated on a population level with conditions
related to low SES may simply reflect the fact that societies with higher inequality may also have
larger poor or low-income populations with worse outcomes on those indicators, thus implying
an income effect on health and not an income inequality effect. Alternatively, if income
inequality is only harmful for those with lower incomes, that would suggest a relative

deprivation pathway (Adjaye-Gbewonyo and Kawachi 2012) rather than a contextual effect.
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Initial examination of interactions between income and income inequality did not provide
evidence of an interaction in this sample; however, and given that most of the people in our
sample had lower incomes, we might still expect to see a harmful effect of income inequality in

our overall results, if it were operating through relative deprivation here.

Strengths and Limitations

Strengths of this study include a large sample size as well as the use of anthropometric
measurements of CVD risk factors, reducing the potential for self-report bias for those outcomes.
In addition, linking data from the CS 2007 and the Census 2011 to calculate Gini coefficients
and district covariates provided us with estimates that were representative at the district level.
Income inequality was also measured before the health outcomes of interest at both time points,
thus establishing temporal order between the exposure and outcome. Moreover, the patterns
observed in this analysis regarding socio-demographics, distributions of the health outcomes, and
levels of income inequality, are similar to those observed in other South African studies
(Ardington and Case 2009, Averett, Stacey and Wang 2014, Cois and Ehrlich 2014, Leibbrandt,
Finn and Woolard 2012, WHO 2014). Finally, we were able to exploit the longitudinal nature of
the NIDS to conduct fixed-effects analyses examining the associations between changes in
income inequality at a societal level and changes in CVD risk factors at an individual level over
time, thus explicitly testing the hypothesis of contextual effects of income inequality on health,
while controlling for both observed factors and stable unobserved factors. Given that few studies
of income inequality and health have applied the fixed-effects design while controlling for

individual-level factors or examined income inequality in relation to risk factors for CVD in
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highly unequal countries in the sub-Saharan Africa region, this study extends previous research
and offers a comparison with results observed in more equal, high-income nations.

Nevertheless, several limitations of this study should be considered. Although the
original NIDS sample was nationally-representative, those excluded from this analysis due to
eligibility and exclusion criteria were not missing completely at random. At baseline, individuals
excluded from the sample tended to be younger; more educated; less likely to be female, African,
or receive government grants; and more likely to be urban, white, single, and from districts with
higher Gini coefficients. They also tended to have smaller households and higher incomes. In
terms of health outcomes, they had lower BMIs, waist circumferences, and blood pressures, and
were more likely to smoke, exercise, and have high alcohol consumption than those included in
the analysis (see Appendix C for baseline characteristics of those excluded from the analysis).
This could affect not only the generalizability of the results but could introduce selection bias (or
endogenous sampling) if inclusion in the sample varies in relation to the outcomes, conditional
on the explanatory variables. Panel weights adjusting for the probability of attrition and selection
were not applied in this analysis, given that the use of weights in regression is still debated and
often not necessary (Solon, Haider and Wooldridge 2013). Moreover the panel weights provided
with the dataset also incorporated post-stratification weighting for national representativeness but
did not account for missingness on our outcomes of interest or on other eligibility criteria
specific to this study. However, sensitivity analyses applying these weights did not change the
overall conclusions of this study (results available upon request).

District boundaries also changed slightly in 2011, affecting about 12 of the original 2001
districts (Day, Gray and Budgell 2011, Day et al. 2012, Stats SA 2012). Though 2011 boundaries

were used throughout this analysis, because data below the municipality level was not available
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in the CS 2007 and district management areas within each district were combined, this limited
re-allocation of district management areas and within-municipality boundary changes in the CS
2007 for districts such as West Rand, City of Tshwane, Waterberg, Bojanala, Vhembe, Mopani,
and Ehlanzeni (Stats SA 2012). Models run excluding these districts yielded similar results.
Also, the inclusion of district-level covariates in our models may have helped to account for
some of the differences due to boundary changes.

The CS 2007 did not include some institutionalized populations whereas the Census 2011
did (Lehohla 2008, Stats SA 2012, Stats SA 2014b), which may affect some of the district-level
covariate estimates, though the estimates from the two data sources are very similar across
districts and are highly correlated. In addition, South African census data sources, including the
CS 2007, have large percentages of households reporting zero income; therefore inequality may
be overestimated in census sources (Yu 2010).

There was some evidence of inconsistencies or errors in the data, particularly for some of
the anthropometric data in Wave 1 (Ardington and Case 2009), as well as for education where
about 1.4% of the sample had education levels which decreased between Waves 1 and 3, and
about 0.07% had education levels that increased by more than 3 categories. Implausible values
were excluded for anthropometric outcomes, and education was not included in fixed-effects
models to eliminate noise from changes in education due to inconsistencies.

It should be noted that survey participants with high blood pressure readings were given
information advising them about seeking treatment for high blood pressure. This could attenuate
some of the associations observed in this analysis if treatment is sought before subsequent
waves. Variables on healthcare utilization were excluded from the analysis because of

inconsistencies over time for several participants. However, use of antihypertensive drugs was
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included in our definition of high blood pressure for those whose blood pressures were below the
cutoff. For the continuous outcomes of SBP and DBP, additional analyses controlling for
antihypertensive use produced similar results to those presented here (available upon request).
Finally, the risk of residual time-varying confounding still remains, as in all observational

studies.

Conclusion

Overall, our fixed-effects results did not provide support for an effect of income
inequality on CVD risk factors in South Africa, one of the most unequal countries in the world.
Additional research may examine whether other outcomes, such as communicable diseases,
poverty-related conditions, and violence-related deaths, may be linked to inequality in South
Africa. Likewise, analyses over more extended periods, considering longer time lags, and
encompassing broader ranges of inequality may yield different results and also elucidate the
potential for ceiling and floor effects or effect modification by context. Nevertheless, our results
suggest that while the trend towards increasing income inequality following South Africa’s
democratization may be highly undesirable from a social perspective, there is so far no evidence

that it has led to worse cardiovascular health profiles.
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Paper 2

Income Inequality and Depressive Symptoms in South Africa: A Longitudinal Analysis

Introduction

Research suggests that income inequality may be a threat to population health, including
both physical and mental health outcomes. A major pathway by which income inequality is
hypothesized to negatively impact health is through psychosocial mechanisms, such as stress and
frustration induced by a heightened sense of relative deprivation (Adjaye-Gbewonyo & Kawachi,
2012; Cifuentes et al., 2008; Pabayo, Kawachi, & Gilman, 2015).

Ecological analyses among high-income countries have shown that in unadjusted
correlations, income-inequality is more strongly associated with mental illness (correlations of
0.73) than other health outcomes such as life expectancy, obesity, infant mortality, and homicide
(Pickett & Wilkinson, 2015). Mental disorders present a growing burden on health globally.
Major depressive disorder rose from the 15% leading cause of global disability-adjusted life years
to the 11™ leading cause between 1990 and 2010, and depressive disorders contribute more to
years lived with disability than other mental and behavioral conditions (Murray et al., 2013). In
addition, while depression leads to major morbidity in its own right, including risk of suicide, it
has also been linked to greater risk of physical conditions such as cardiovascular disease (Hare,
Toukhsati, Johansson, & Jaarsma, 2014; Rumsfeld & Ho, 2005).

However, many studies on income inequality and depression or other mental health
outcomes have drawn on ecological data (Bouffard & Dubé, 2013; Hiilamo, 2014; Messias,
Eaton, & Grooms, 2011; Pickett & Wilkinson, 2015), which present limitations in terms of

making causal inferences. A recent study by Hiilamo (2014) employed longitudinal data from



municipalities in Finland for the years 1995 to 2010. Using fixed-effects methods, he examined
whether changes in income inequality are associated with changes in depression. There was no
association between changes in municipal Gini coefficients and antidepressant use, but, among
the elderly, increases in municipal Gini coefficients were associated with decreases in
antidepressant use. However, as an ecological study, the study did not explicitly test whether
municipal income inequality is associated with antidepressant use independently of individual
income—in other words, whether income inequality has a contextual effect on depression.

Several studies have used data at multiple levels to attempt to assess the contextual effect
of income inequality on depression while controlling for individual-level factors, but most have
been cross-sectional. For example, an international study using the World Health Surveys found
that national Gini was not associated with individual risk of depression (Rai, Zitko, Jones,
Lynch, & Araya, 2013). However, another analysis found that inequality was positively
associated with major depressive episodes but only in countries with high Human Development
Indices (Cifuentes et al., 2008), and Steptoe and colleagues observed a positive association
between national income inequality and depressive symptoms among university students from 23
countries (Steptoe, Tsuda, Tanaka, & Wardle, 2007). A study based in the United Kingdom
found income inequality to be associated with common mental disorders independently of
individual income only among high-income individuals, while it had a protective association
among low-income individuals (Weich, Lewis, & Jenkins, 2001).

Studies within the United States have generally found income inequality at the state,
county, school, or neighborhood level to be associated with higher levels of depression or
depressive symptomatology, but some results have been mixed or have failed to observe a

detrimental effect of income inequality (Ahern & Galea, 2006; Goodman, Huang, Wade, &
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Kahn, 2003; Gresenz, Sturm, & Tang, 2001; Henderson, Liu, Diez Roux, Link, & Hasin, 2004;
Muramatsu, 2003; Pabayo, Kawachi, & Gilman, 2014; Shi, Starfield, Politzer, & Regan, 2002;
Sturm & Gresenz, 2002; Zimmerman & Bell, 2006). In a recent prospective study, Pabayo et al.
(2014) examined the association between state-level income inequality in the U.S. and major
depression measured three years later and observed that income inequality was associated with
increased risk of depression among women but not among men.

There have been recent calls to expand the test of the income inequality hypothesis as it
relates to mental health in low- and middle-income countries (LMICs) (Burns, 2015; Lund,
2015). Only a few multilevel studies have been conducted within non-Western countries or in
LMICs, which tend to have high levels of inequality compared to high-income countries (Burns,
2015). Chiavegatto Filho, Kawachi, Wang, Viana, and Andrade (2013) found that income
inequality among municipalities within Sao Paulo, Brazil-—a middle-income country with high
levels of inequality—was positively associated with depression. By contrast, Fernandez-Nino,
Manrique-Espinoza, Bojorquez-Chapela, and Salinas-Rodriguez (2014) found no association
between income inequality (at the locality, municipality, and state levels) and prevalence of
depressive symptoms among older adults in Mexico. Again, these studies did not examine this
relationship longitudinally, and it is therefore difficult to tease out the temporal order of any links
between income inequality and depression or to make causal interpretations.

Studies examining the association between mental health and income inequality in Africa
are sparse (Burns & Esterhuizen, 2008), although many African countries are among the nations
with the highest levels of inequality worldwide (Kim, Kawachi, Hoorn, & Ezzati, 2008). The
middle-income country of South Africa consistently tops the list of most unequal societies. Its

Gini coefficient has been reported at 0.65 as of 2011, ranking it as the second most unequal
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country among those with available data (World Bank, 2015). This high level of inequality
reflects a legacy of colonialism and apartheid, but there is also evidence that income inequality
has further increased in the post-apartheid era and in recent years (Bhorat, van der Westhuizen,
& Jacobs, 2009; Leibbrandt, Finn, & Woolard, 2012; OECD, 2013; van der Berg, 2011). Thus,
South Africa may be a prime setting to examine the potential effects of income inequality on
mental health.

Burns and Esterhuizen (2008) assessed the association between income inequality and
presentation for treatment of psychosis in seven municipalities in a district in South Africa and
found that municipality inequality was positively correlated with treated incidence of psychosis;
however, the study was ecological and did not control for individual-level factors. Data have
suggested that over 16% of South African adults suffer from a common mental disorder,
including depression, anxiety, or a substance use disorder (Lund, Kleintjes, Kakuma, Flisher, &
Consortium, 2010; Williams et al., 2008). Data from the 2002-2003 World Health Survey
estimated the prevalence of depression in South Africa at around 3-4% of the adult population 18
years of age and older (Rai et al., 2013), and data from another nationally representative survey
in 2002-2004 found lifetime prevalence of major depression to be 9.7% while past year
prevalence was 4.9% (Tomlinson, Grimsrud, Stein, Williams, & Myer, 2009; Williams et al.,
2008). When looking depressive symptomatology and not solely clinical depression, more recent
data from the 2008 National Income Dynamics Study (NIDS) Wave 1 estimated the prevalence
of depressive symptomatology to be around 36% for women and 27% for men in South Africa
(Ardington & Case, 2009), and other studies in rural and urban areas of South Africa have found

similarly high levels of depressive symptomatology (Tomlinson et al., 2009).
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In the present study, we sought to examine the potential association between area-level

income inequality and depressive symptoms in South Africa using longitudinal, multilevel data.

Methods
Data Sources and Sample

Individual- and household-level data were drawn from the NIDS, and district-level data
were drawn from South Africa’s Community Survey 2007 and Census 2011, which have been
described in detail previously. Of the original Wave 1 NIDS adult sample of 16,871 individuals,
panel members were considered ineligible if they had discrepant or incomplete age information
or were under 15 years of age at the time of the Wave 1 interview (n=110), if they had died by
Wave 3 (n=1,208), if they were living outside of South Africa in Wave 3 (n=43), or if they were
living in a different district council from their original Wave 1 district in Wave 3 (n=1,203). This
resulted in a total of 2,515 ineligible participants and an eligible sample of 14,356 participants;
3,389 of these panel members were excluded for unsuccessful interviews in Wave 1 (n=1,056) or
Wave 3 (n=2,618). Of the remaining participants, 1,303 respondents with either missing or
unknown geographic (district council) information in Wave 3 (n=27) or who responded to half or
fewer of the depressive symptoms items in either Wave 1 (n= 54) or Wave 3 (n=1,252) were

excluded. The final sample contained 9,664 individuals (Figure 2.1).
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Wave 1 Adult Questionnaire Respondents = 16,871

Ineligible due to age, death, or
. d 2,976
moving residence

Eligible Adult Sample (15+) = 14,356

|4l

Exclusions for unsuccessful 1=3.389
interview in Wave 1 or Wave 3 ’

Sample = 10,967

Exclusions for missing n=1.303
geographic or outcome data >

A 4

Final Sample = 9,664

Figure 2.1. Flowchart of sample selection

Variables

Depressive Symptoms: The NIDS adult survey includes the Center for Epidemiological

Studies Depression Scale Short Form (CES-D-10). The items ask respondents about the
frequency of the following 10 symptoms over the past week: being unusually bothered, having
trouble keeping their minds on current activities, feeling depressed, feeling that all activities
were an effort, feeling hopeful about the future, feeling fearful, having restless sleep, being

happy, feeling lonely, and being unable to get going. The responses are on a four-point Likert
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scale [rarely or none of the time (< 1 day), some or little of the time (1-2 days), occasionally or a
moderate amount (3-4 days), all of the time (5-7 days)].

To calculate CES-D-10 scores, we coded responses from 0 to 3 in order of increasing
frequency, except for the items ‘feeling hopeful about the future’ and ‘being happy’ which were
reverse coded. This procedure follows that used by previous studies (Alaba & Chola, 2013;
Meffert, McCulloch, Neylan, Gandhi, & Lund, 2015; Tomita, Labys, & Burns, 2015a, 2015b).
Responses were summed to create a score ranging from 0 to 30 which served as the primary
outcome for this analysis. Individuals missing five or more items in the scale were excluded. For
individuals missing four or fewer items, the mean score of the non-missing items was used to
impute the values for the missing items, and this was summed with the other responses to create
the score. Of the 9,664 adults in the sample, 125 individuals had one or more items in the scale
imputed this way in Wave 1, while 86 had one or more items imputed in Wave 3.

The internal consistency of the CES-D-10 scale in this sample measured using the
standardized coefficient alpha was 0.75 in Wave 1. Among those excluded from the sample, the
corresponding alpha value was 0.76 at baseline. In Wave 3, the standardized Cronbach’s alpha
value was 0.74 for members of the sample.

Following previous research (Bjorgvinsson, Kertz, Bigda-Peyton, McCoy, & Aderka,
2013; Meffert et al., 2015; Tomita et al., 2015a, 2015b) Andresen et al., 1994), a cutoff score of
10 was used to designate high levels of depressive symptoms and create a dichotomous outcome
(high depressive symptoms).

Income Inequality: The exposure of interest was district-level income inequality

measured using the Gini coefficient (Subramanian, Kawachi, & Smith, 2007). Gini coefficients

were calculated as detailed in the previous paper.
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Covariates: Covariates at the individual and household levels included, age, sex,
race/population group, education, household income, employment status, marital status,
urban/rural location, and household receipt of government grants. At the district level, covariates
included log mean household income, adult education levels, adult employment status, percent
rural, mean age, percent African, percent Coloured, and percent female. Covariates were defined

as described in the previous paper.

Analysis

Data were cleaned and analyzed in SAS version 9.4 and Stata version 13.

Missing responses, responses of “don’t know,” refusals to answer an item, or items that
were not applicable to an individual were coded as missing for all variables. Given the low
percentage of missing responses on covariates (<2%), those with missing covariates were
excluded from all analyses, and complete—case analyses were conducted.

For each outcome, we ran pooled cross-sectional models for Waves 1 and 3 and
longitudinal models with individual fixed-effects. Linear regression models and linear fixed-
effects models were run for the continuous outcome CES-D-10 scores. Because our dichotomous
outcome of high depressive symptoms was not rare, Poisson regression models and longitudinal
conditional Poisson regression models were run in order to estimate risk ratios (Cummings,
2009; Lumley, Kronmal, & Ma, 2006; Petersen & Deddens, 2008).

For all models, individuals were assigned to districts based on the 2011 district
boundaries, and all district covariates, including Gini coefficients, were assigned to individuals
according to these district boundaries. Standard errors were clustered by district, and in

conditional Poisson regression models, standard errors were bootstrapped with clustering at the
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district level using 200 replications (Cameron, Gelbach, & Miller, 2007; Guan, 2003; Poi, 2004;
StataCorp, 2013).

Our theory-driven hypothesis of a contextual effect of income inequality on depressive
symptoms did not hypothesize differential effects for different segments of the population. In
fixed-effects models adjusting for other covariates, there were no statistically significant
interactions between income inequality and income, baseline age (50+ years, vs. 15-49), or race;
while interaction terms for income inequality by sex were statistically significant, stratified
models did not produce significant associations for income inequality for either sex. Models are

therefore presented for the full sample without interaction terms.

Results
Descriptive Statistics

Sample characteristics are shown in Table 2.1. The sample was 65% female and 80%
African race. The mean age at baseline was 38.9 years with a standard deviation of 17.3 years;
the mean size for households in the sample was 4.3 individuals with a standard deviation of 2.6.
About 51% of households were rural, and at baseline over 60% of households received some
type of government support (e.g., child support, old age pension). At baseline, 18.6% of
individuals were unemployed, and 60.8% were currently single. The mean Wave 1 CES-D-10
score was 8.1 out of 30 with a standard deviation of 4.8, and 34.3% of the sample had high
depressive symptoms based on a cutoff score of 10. In Wave 3, the mean CES-D-10 score was
7.1 (SD=4.5), and 27.1% of the sample had high depressive symptoms. The correlation between

CES-D-10 scores across time was fairly low though significant [Pearson correlation between
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Wave 1 and 3 was 0.13 (p<0.0001)]. Average outcomes differed considerably by district (see

Figure 2.2).

District-level Gini coefficients are detailed in Appendix A. District Gini coefficients

ranged from 0.65 to 0.80 in 2007 with a mean of 0.73. In 2011, district Gini coefficients ranged

from 0.69 to 0.78 with a mean of 0.75. Figure 2.3 displays the change in district Gini coefficients

between 2007 and 2011.

Table 2.1. Sample characteristics, Waves 1 and 3

Wave 1 Wave 3
Sample Proportion/Mean Sample Proportion/Mean
Size (Standard Size (Standard
Deviation) Deviation)
Total 9,664 9,664
Female 9,664 64.5% 9,664 64.5%
Race 9,664 9,664
African 80.3% 80.3%
Coloured 14.8% 14.8%
Asian/Indian 1.1% 1.1%
White 3.7% 3.7%
Age (years) 9,664 38.9(17.3) 9,664 43.1(17.3)
Highest Education level 9,657 9,656
No Education 14.0% 13.5%
Some General Education & Training 35.5% 31.6%
General Education & Training 9.1% 7.2%
Some Further Education & Training 21.0% 23.0%
Further Education & Training 14.2% 14.2%
Higher Education 6.3% 10.6%
Monthly household income (Rand) 5,388 5,061.6 (8,682.7) 5,986 5,874.2 (9,697.8)
Mean household size 5,388 4.3 (2.6) 5,986 4.4(2.9)
Rural household 5,388 51.0% 5,986 50.9%
Percent of households receiving government 5,369 60.6% 5,983 62.8%
grants
CES-D-10 score 9,664 8.1 (4.8) 9,664 7.1 (4.5)
High depressive symptoms 9,664 34.3% 9,664 27.1%
Employment status 9,576 9,642
Employed 39.1% 38.0%
Unemployed 18.6% 17.1%
Not economically active 42.3% 44.9%
Marital Status 9,631 9,657
Currently Married/Cohabiting 39.2% 38.6%
Currently single 60.8% 61.4%
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Figure 2.2. Cross-sectional scatter plots of district Gini coefficient (x-axis) and district-level
summary of depressive symptoms (y-axis)

Mean CES-D-10 score by Gini (pooled cross sections)
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Figure 2.3. South Africa district council change in Gini Coefficients, 2007-2011
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Income Inequality and Depressive Symptoms

Scatter plots showing the cross-sectional correlation between district Gini coefficients
and district rates of depressive symptoms in this sample show positive trends in Waves 1 and 3
which are less pronounced in the pooled cross section (Figure 2.2). However, as show in Table
2.2, in fully-adjusted pooled cross-sectional and longitudinal fixed-effects models, district-level
income inequality was not associated with CES-D-10 scores. Likewise, there were no
statistically significant associations between district-level Gini coefficients and risk of high
depressive symptoms in fully-adjusted cross-sectional or fixed-effects models (Table 2.3).
Separate cross-sectional models for Waves 1 and 3 are shown in Supplemental File 2. The
estimates for the association between district Gini coefficients and depressive symptoms did not

differ statistically across waves in fully-adjusted models.

Covariates

Higher household income (log) was associated with lower CES-D-10 scores in cross-
sectional models and with reduced risk of high depressive symptoms in cross-sectional and
fixed-effects models. Age was positively associated with CES-D-10 scores and risk of high
depressive symptoms in cross-sectional models, and Coloureds, Asians/Indians, and whites had
lower depressive symptoms compared to Africans. Females had higher CES-D-10 scores and
risk of high depressive symptoms than males. Having higher levels of education and being
married or cohabiting were associated with lower depressive symptoms than having no education
or being single, respectively. Wave/time, was associated with lower levels of depressive

symptoms. However, the inclusion of district-level covariates eliminated this association.
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Table 2.2. Regression model coefficients for the outcome CES-D-10 score.

Pooled Cross-Sectional Models

Longitudinal Fixed-Effects

(Standard Error)

0.14)  (0.14)

Models
Covariates/Parameters Model1 Model2 Model3 | Model1l Model2 Model3
Wave 1 Ref Ref Ref Ref Ref Ref
Wave 3 -1.25%%% ], 17%%* -0.96 -1.08%%*  -1,05%** -0.95
(Standard Error) (0.21) (0.19) (0.61) 0.17) 0.17) (0.82)
District-level variables
10*District Gini Coefficient, 1105 065 050 0.29 030  -0.08
equivalized household income
(Standard Error) (0.54) (0.38) (0.56) (0.60) (0.59) (0.97)
Percent Female -0.11 -0.43*
(Standard Error) (0.11) 0.17)
Percent African -0.04 0.19
(Standard Error) (0.04) (0.14)
Percent Coloured -0.06 0.22
(Standard Error) (0.04) (0.19)
Mean age 0.01 -0.32
(Standard Error) (0.13) (0.41)
Log mean equivalized household income 0.62 1.77
(Standard Error) (1.23) (2.65)
Percent with no education -0.06 0.44**
(Standard Error) (0.04) (0.15)
Percent with complete further education -0.06 0.08
(Standard Error) (0.07) (0.10)
Percent with higher education -0.10 -0.12
(Standard Error) (0.08) (0.15)
Percent Unemployed 0.05 0.07
(Standard Error) (0.05) (0.07)
Percent Not Economically Active 0.02 -0.04
(Standard Error) (0.06) (0.09)
Percent Rural 0.01 0.01
(Standard Error) (0.01) (0.05)
Household-level variables
Log household income -0.53%**  _(,53%** -0.14 -0.16
(Standard Error) 0.07) 0.07) (0.09) (0.09)
Household size 0.05 0.05* 0.04 0.03
(Standard Error) (0.03) (0.02) (0.04) (0.04)
Urban Ref Ref Ref Ref
Rural -0.27 -0.34
(Standard Error) (0.20) (0.20)
Does not receive government grants Ref Ref Ref Ref
Receives government grants -0.21 -0.24 -0.31 -0.35

0.18) 0.18)

56




Table 2.2 (Continued). Regression model coefficients for the outcome CES-D-10 Score.

Pooled Cross-Sectional Models

Longitudinal Fixed-Effects Models

Covariates/Parameters Model 1 Model2  Model 3 Model 1 Model2  Model 3
Individual-level variables

Age (yrs) 0.04***  (.04%**

(Standard Error) (0.00) (0.00)

African Ref Ref

Coloured -1.58%%*  -1,08*%*

(Standard Error) (0.29) (0.29)

Asian/Indian =2.01%%*  -2,09%**

(Standard Error) (0.40) (0.41)

White -2, 25%%%  _],03%%*

(Standard Error) (0.29) (0.37)

Male Ref Ref

Female 0.52%*%  (,54%%*

(Standard Error) 0.07) (0.08)

No education Ref Ref

Somg general education & 0.14 022

training

(Standard Error) (0.14) (0.13)

Completed general

educaption 85; training -0.51% - -0.60%*

(Standard Error) (0.18) 0.19)

Somg further education & _0.50%* 0.58%*

training

(Standard Error) (0.16) (0.16)

Completed further

educaption & training -0.78%E - -0.86%%

(Standard Error) (0.18) 0.17)

Higher education -0.78%%*  -(.84%**

(Standard Error) (0.18) (0.18)

Currently single Ref Ref Ref Ref
Cgrrently married/living L048%FF  _0.46%F* 0.55% -0.59*
with partner

(Standard Error) (0.07) 0.07) (0.22) (0.22)
Not economically active Ref Ref Ref Ref
Employed -0.19 -0.16 -0.31 -0.23
(Standard Error) (0.10) (0.10) (0.17) (0.16)
Unemployed 0.01 0.02 -0.17 -0.08
(Standard Error) (0.13) (0.13) (0.18) (0.16)

Italics indicates p<0.10. Bold indicates p<0.05. * indicates p<0.05. ** indicates p<0.01. ***indicates p<0.001.
Models are linear, and fixed-effects models use individual fixed effects. Standard errors are clustered by district.
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Table 2.3. Risk ratios for the outcome high depressive symptoms (CES-D-10 score > 10).

Pooled Cross-Sectional Models

Longitudinal Fixed-Effects Models

Covariates/Parameters Model1 Model2 Model3 | Model 1 Model 2 Model 3
Wave 1 Ref Ref Ref Ref Ref Ref
Wave 3 0.75%**  0.76%** 0.78 0.77%** 0.77%%* 0.68
(Standard Error) (0.05) (0.05) 0.17) (0.05) (0.05) (0.24)
District-level variables

igzg';ltirz 'ecctl f(‘)'l‘l‘sfh"oel;ﬁf:z‘;;e 1.28+ 1.21 125 1.13 115 132
(Standard Error) (0.16) (0.13) (0.21) (0.21) 0.21) (0.45)
Percent Female 0.98 0.81*
(Standard Error) (0.04) (0.08)
Percent African 0.99 1.07
(Standard Error) (0.01) (0.07)
Percent Coloured 0.98 1.08
(Standard Error) (0.01) (0.09)
Mean age 1.02 0.84
(Standard Error) (0.04) (0.15)
ﬁl(()i rr:::an equivalized household 097 0381
(Standard Error) (0.34) (0.77)
Percent with no education 0.99 1.22%*
(Standard Error) (0.01) (0.08)
:glrlcczltlitox;lmh complete further 0.99 1.03
(Standard Error) (0.02) (0.05)
Percent with higher education 0.99 1.00
(Standard Error) (0.03) (0.06)
Percent Unemployed 1.01 1.02
(Standard Error) (0.01) (0.02)
Percent Not Economically Active 1.00 0.99
(Standard Error) (0.02) (0.03)
Percent Rural 1.00 1.01
(Standard Error) (0.00) (0.02)
Household-level variables

Log household income 0.87%%*  (.87*%* 0.92* 0.91%*
(Standard Error) (0.02) (0.01) (0.03) (0.03)
Household size 1.01 1.01 1.01 1.01
(Standard Error) (0.01) (0.01) (0.01) (0.01)
Urban Ref Ref

Rural 0.98 0.94

(Standard Error) (0.06) (0.06)

Does not receive government grants Ref Ref Ref Ref
Receives government grants 0.94 0.94 0.96 0.96
(Standard Error) (0.04) (0.04) (0.05) (0.05)
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Table 2.3 (Continued). Risk ratios for the outcome high depressive symptoms (CES-D-10

score > 10).

Pooled Cross-Sectional

Models

Longitudinal Fixed-Effects
Models

Covariates/Parameters

Model1l Model2 Model3

Model 1 Model 2 Model 3

Individual-level variables

Age (yrs) 1.01%%*  1.01*%**

(Standard Error) (0.00) (0.00)

African Ref Ref

Coloured 0.74%* 0.80*

(Standard Error) (0.07) (0.07)

Asian/Indian 0.42%%*  (0.4]1%**

(Standard Error) (0.07) (0.07)

White 0.48%*%  (.50%**

(Standard Error) (0.08) (0.09)

Male Ref Ref

Female 1.13%%*  1,14%%*

(Standard Error) (0.03) (0.03)

No education Ref Ref

Some general education & training 1.01 1.00

(Standard Error) (0.04) (0.04)

Cqmpleted general education & 0.96 0.94

training

(Standard Error) (0.05) (0.05)

Some further education & training 0.93 0.92

(Standard Error) (0.05) (0.05)

Completed further education & 0.85%%  (.84%

training

(Standard Error) (0.05) (0.04)

Higher education 0.84* 0.82%*

(Standard Error) (0.06) (0.05)

Currently single Ref Ref Ref Ref
Currently married/living with partner 0.88***  (.88*** 0.85* 0.82*
(Standard Error) (0.02) (0.02) (0.06) (0.06)
Not economically active Ref Ref Ref Ref
Employed 0.95 0.96 0.89* 0.91
(Standard Error) (0.03) (0.03) (0.05) (0.05)
Unemployed 1.02 1.02 0.95 0.97
(Standard Error) (0.05) (0.05) (0.06) (0.06)

Italics indicates p<0.10. Bold indicates p<0.05. * indicates p<0.05. ** indicates p<0.01. ***indicates p<0.001.
Cross-sectional models use Poisson regression, and longitudinal models use conditional Poisson regression with

individual fixed effects. Standard errors are clustered by district.
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Discussion

Income inequality was not significantly associated with depressive symptoms in this
analysis. Despite some previous research showing positive associations between income
inequality and depression, as detailed in a recent review (Pickett & Wilkinson, 2015), several
other studies have failed to observe an association between income inequality and depression or
other mental health outcomes, or have noted that contextual factors explain a relatively small
proportion of the variance in mental illness (Fernandez-Nino et al., 2014; Gresenz et al., 2001;
Pabayo et al., 2015; Rai et al., 2013).

We offer several explanations for the lack of association between depressive symptoms
and income inequality in this analysis. First and foremost, our findings may indicate that there is,
in fact, no causal relationship between income inequality and depression, at least in South Africa.
It is possible, for example, that South Africans are more tolerant of high levels of income
inequality because of their hopes and expectations for a better future in a post-apartheid setting.
If this is the case, it suggests that income inequality does not have a consistent or generalizable
impact on mental health in different contexts.

Alternatively, we may not completely understand the etiologic period for the impact of
income inequality on depression, and our analysis may not have captured the relevant time
frame. To further examine this issue, we conducted sensitivity analyses matching Gini
coefficients from the Census 2001 (Minnesota Population Center, 2013; Statistics South Africa
[Stats SA], 2003) to the 2008 NIDS (7-8 year lag) and Gini coefficients from the Community
Survey 2007 to the 2012 NIDS (5-6 year lag). However, associations between Gini coefficients

and depressive symptoms, controlling for other factors, also failed to reach statistical
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significance. If the etiologic period is longer, we may have missed an association, and additional
follow-up would be warranted.

Another potential explanation may be that there are ceiling effects for the impact of
income inequality on health, and that there was an insufficient range of inequality between
districts and over time to detect marginal effects. The districts in South Africa all had very high
levels of inequality, ranging from 0.65 to 0.80 during the four years examined. It may be that at
such high levels of inequality, the damage has already been done, so to speak, and additional
increases over time or moderate differences between districts may have little impact.

A further consideration is that the Gini coefficient as a measure does not provide
information on the nature of the income distribution in an area. Multiple income distributions
may give rise to the same Gini coefficient (Burns, 2015; Rasella, Aquino, & Barreto, 2013). It
may be that in the states or countries in which associations between income inequality and health
have been observed, Gini coefficients correspond to particular structures of the income
distribution to which they do not correspond in South Africa. Or, as has been previously
suggested in neo-materialist hypotheses, income inequality may matter in high-income countries
with low levels of poverty and not in low- or middle-income countries with high levels of
poverty, where the effects of poverty and individual income may be more significant (Cifuentes
et al., 2008). Cifuentes et al. (2008) found that income inequality was only associated with major
depressive episodes among countries in the top third of the Human Development Index.

Lastly, it is still unclear as to whether effects of income inequality only operate at certain
geographic scales and to whom people compare themselves, for example national versus
municipal or regional comparisons. If there is high residential segregation, as is the case in South

Africa (Bradlow, Bolnick, & Shearing, 2011; Tomita & Burns, 2013; Tomita et al., 2015b),
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smaller areal units of analysis for income inequality may not capture the full range of society
members to which individuals compare themselves (Chiavegatto Filho et al., 2013).

Our results suggest that depressive symptoms decreased in this sample over time. Given
that cross-sectional models showed a positive association between age and depressive symptoms
and given that in fixed-effects models, the inverse association between wave/time and depressive
symptoms was reduced to non-significance after the inclusion of changes in district level
covariates, the decreases in depressive symptoms over time may be related to secular trends or
other changes in demographic characteristics, such as increases in income or improvements in
the economy, rather than to aging. Other researchers have found results that seem to be
consistent with our finding of increasing depressive symptomatology with age (Ardington &
Case, 2009; Hiilamo, 2014; Rai et al., 2013; Tomita & Burns, 2013; Tomita et al., 2015b;
Tomlinson et al., 2009). However, the association between age and depression varies in the
literature (Cifuentes et al., 2008; Rai et al., 2013; Tomlinson et al., 2009).

Consistent with theories about social support and depression (Berkman & Glass, 2000;
Berkman & Krishna, 2014; Kawachi & Berkman, 2001), as well as with results from other
studies (Cifuentes et al., 2008; Fernandez-Nino et al., 2014; Rai et al., 2013; Tomita et al.,
2015b), individuals who were married or partnered, or who became married or partnered had
reduced levels of depressive symptoms in our sample. Additionally, consistent with social
determinants of health frameworks and other studies (Allen, Balfour, Bell, & Marmot, 2014;
Ardington & Case, 2009; Berkman & Kawachi, 2014; Glymour, Avendano, & Kawaachi, 2014;
Hong, Knapp, & McGuire, 2011; Lynch & Kaplan, 2000; Rai et al., 2013; Tomita & Burns,
2013; Tomita et al., 2015b; Tomlinson et al., 2009), depressive symptoms in our sample tended

to decrease with increasing income and education. Income inequality did not interact with
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income in additional analyses. Some studies have likewise failed to observe interactions between
income inequality and measures of socioeconomic status in relation to depression (Pabayo et al.,
2014; Rai et al., 2013), while others have (Weich et al., 2001).

We also found depressive symptoms to be higher among those of African race/ethnicity
compared to those of other races and ethnicities in this sample. This would be consistent with a
social determinants of health framework, since historically blacks in South Africa were the most
economically and socially marginalized under the apartheid system (Tomita et al., 2015b; van
der Berg, 2011). Some others have observed a similar racial pattern with depression and
depressive symptoms in South Africa; however, this has not been consistent (Ardington & Case,
2009; Tomita & Burns, 2013; Tomita et al., 2015b; Tomlinson et al., 2009). As has been
consistently noted in depression literature (Ardington & Case, 2009; Fernandez-Nino et al.,
2014; Rai et al., 2013; Tomita & Burns, 2013; Tomita et al., 2015b; Tomlinson et al., 2009),
being female was associated with higher depressive symptoms in our sample.

The relationship between employment status and depressive symptoms varied in this
analysis, as shown in Supplemental File 2. In Wave 3, the employed and unemployed had lower
depressive scores and risk of depression than those who were not economically active. But, in
Wave 1, those who were unemployed and employed had higher CES-D-10 scores and risk of
high depressive symptoms than those who were not economically active, controlling for other
factors. In the pooled cross-sectional analysis and fixed-effects analysis, those who were
employed had marginally lower depressive symptoms than those not economically active before
addition of district covariates. Rai et al. (2013) found that risk of depression was higher among
individuals who were not working for pay in a cross-sectional, multi-country study, and Tomita

and Burns (2013) observed that those who were not employed had higher depressive symptoms
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than those employed in the NIDS Wave 1. The relationship between employment status and

depressive symptoms in South Africa may deserve further exploration.

Strengths and limitations

There are a number limitations to this study. Our sample may not be representative of the
South African population, and there may be risk of selection bias. At baseline, those excluded
from the sample differed from those included in terms of education levels, marital status, age,
race, sex, being from rural/urban households, household size, household income, household
receipt of government grants, and Gini coefficient of their district. However, those excluded
from the sample did not differ significantly from those included in terms of CES-D-10 scores or
high depressive symptoms at baseline (see Appendix D). Thus, the risk of selection bias may be
low. In addition, sensitivity analyses including NIDS panel weights accounting for general
attrition among other factors produced qualitatively similar results to those presented here.

District boundaries changed slightly in 2011 resulting in 52 rather than 53 district
councils. The 2011 boundaries were used throughout this analysis for consistency. However, in
the Community Survey 2007, data below the municipality level was not available, and district
management areas within each district were grouped. This limited more specific allocation of
district management areas in the Community Survey to 2011 districts and limited our ability to
account for district boundary changes due to within-municipality boundary changes. However,
this issue only affected districts Vhembe, Mopani, Ehlanzeni, West Rand, City of Tshwane,
Waterberg, and Bojanala. Models run excluding these districts produced similar findings.

The Community Survey excluded residents of certain types of institutions and collective

living quarters (Lehohla, 2008; Stats SA, 2012, 2014), which may affect some district-level
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covariates, though the estimates from the Community Survey 2007 and Census 2011 are still
very similar and highly correlated. South African census data have also been reported to have
high numbers of households reporting no income (Yu, 2010). In the Census 2011, about 15% of
households reported no income, and in the Community Survey 2007 nearly 13% reported no
income. In the NIDS sample, less than 1% of households had zero income in the fully imputed
data. This may suggest that while census data sources may be the most reliable and
representative at subnational levels, unlike detailed economic surveys, many households may not
actually be considering all sources of income when reporting. Thus, Gini coefficients may appear
higher in census sources. Nevertheless, we do not expect these households to be distributed
differentially across census datasets, and therefore this should not bias our results.

An additional consideration is that the Gini coefficients used in this study were based on
pre-tax income available in the Census and Community Survey, but it is possible that
comparisons of post-tax income are more relevant for depressive symptoms. In sensitivity
analyses using Gini coefficients calculated from the NIDS survey, which estimates post-tax
household income, most estimates were in the inverse direction and were not statistically
significant in adjusted fixed-effects models.

The question of how well the CES-D-10 performs in this sample compared to other
samples should be considered. Our standardized measures of internal consistency for the CES-D-
10 were around 0.75 in this sample. Previous studies have found Cronbach’s alpha values of 0.85
(Meffert et al., 2015) and 0.89 (Bjorgvinsson et al., 2013). When we excluded the two reverse-
coded items (happiness and hope), standardized Cronbach’s alpha values increased to 0.84 in
Wave 1 and 0.80 in Wave 3.This could suggest that those items do not hang together with the

rest of the scale in this sample. However, when we analyzed depressive symptoms excluding the
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items on hope and happiness, our results showed the same patterns, with reductions in depressive
symptoms over time, and no significant associations between income inequality and depressive
symptoms.

It is worth noting that the 2010 World Cup took place in South African in the middle of
the study period. Mega-events such as the World Cup may have effects on the local economy as
well as quality of life (du Plessis & Maennig, 2011; Kaplanidou et al., 2013). If any such effects
are lasting and not uniform across districts (for example if they depend on whether a district
included a host community), this could have biased our results. Finally, while the fixed-effects
design helps to reduce the risk of confounding by controlling for all unmeasured time-constant
factors, it is still possible that there are unmeasured time-varying confounders of the
relationships tested here.

Nevertheless, this study has several strengths. Rather than using diagnosed depression
which is contingent on healthcare utilization, it uses directly measured depressive symptoms
derived from the CES-D-10. Income inequality was also measured before the outcomes in the
survey, thus establishing temporality between the exposure and the outcomes. In addition, the
use of data from the Community Survey 2007 and the Census 2011 to calculate Gini coefficients
and district-level characteristics enhanced the quality of district-level estimates. Furthermore, the
number of individuals in our NIDS sample was fairly large which increases the precision of our
results.

Most importantly, because the NIDS is a longitudinal study in which many individuals
are followed over time, we were able to exploit this fact to do fixed-effects analyses examining
the associations between changes in income inequality and changes in depressive symptoms over

time. This design reduces the effect of stable unmeasured confounders by automatically factoring
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out all time-constant factors, thereby strengthening causal inference from these data. Few other
studies have applied this design to study the association between income inequality and
depressive symptoms. Given that South Africa has some of the highest levels of income
inequality worldwide (OECD, 2013) and that apart from a few cross-national studies that include
data from Africa, very few studies have examined the relationship between income inequality
and depressive symptoms in African countries (Cifuentes et al., 2008; Rai et al., 2013), this study
contributes to the literature on income inequality and health by expanding our knowledge about

the potential nature of this association in a highly unequal country such as South Africa.

Conclusion

Future research examining various levels of aggregation, broader ranges of inequality,
longer lag periods, and measures of inequality which provide more information about the shape
of the income distribution is recommended. In conclusion, our analysis did not provide evidence
to support the hypothesis that area-level income inequality is associated with depressive

symptoms in South Africa.
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Paper 3

Low Trust Associated with Reduced Depressive Symptoms in a Recent South African
Sample

Introduction

Social capital is defined as the resources accessed by individuals through their network
connections (Kawachi & Berkman, 2014). These resources include information channels, social
reinforcement (e.g., support from others in the network), and the ability of groups to undertake
collective action. Trust is a type of “moral resource” which facilitates reciprocity exchanges
within a network. Without trust, it is difficult for network members to perform favors for each
other. Trust and norms of reciprocity are often referred to as cognitive social capital (Giordano &
Lindstrom, 2011; Mckenzie, 2008). In previous research, trust has been linked to health
outcomes including mental health and self-rated health (Giordano & Lindstrom, 2010, 2011,
2016; Kim, Baum, Ganz, Subramanian, & Kawachi, 2011).

A number of studies have examined the link between health and social capital at the
individual-level, using individuals’ survey responses to questions about community involvement
and perceptions of trust as the exposure of interest. However, Kawachi and others have argued
that social capital is also a contextual phenomenon (Kawachi, Kim, Coutts, & Subramanian,
2004; Kawachi, Takao, & Subramanian, 2013). As a contextual measure, social capital is
operationalized by aggregating individual responses to the group level (e.g., the community or
workplace). Contextual social capital has also been linked to several health outcomes (D. Kim et
al., 2011). In general, measures of trust or cognitive social capital appear to be more strongly
associated with health than other dimensions of social capital when examined at an individual or

contextual level (Giordano & Lindstrom, 2010, 2011, 2016; D. Kim et al., 2011).



One class of health outcomes for which social capital is hypothesized to have an effect is
mental health, particularly depression. Mental illness is increasingly posing a burden to health

and well-being globally. Major depressive disorder jumped from the 15 to the 11®

leading
cause of global disability-adjusted life years between 1990 and 2010. Furthermore, depressive
disorders contribute more than any other mental or behavioral condition to years lived with
disability (Murray et al., 2013). In addition to being a major cause of disability, depression and
other mental health problems have also been linked to poor cardiovascular health and other
chronic conditions (Hare, Toukhsati, Johansson, & Jaarsma, 2014; Rumsfeld & Ho, 2005;
Torquato, de Souza, losifescu, & Fraguas, 2012). Thus, efforts to understand the epidemiology
of depression are important for public health.

The proposed mechanisms linking social capital to mental health outcomes such as
depression include the observation that communities with high levels of social capital provide
members with social support and other resources that may mitigate against the effects of
stressors on mental health. (Kessler, 1997; Mckenzie, 2008). Furthermore, through informal
social control and social networks, high social capital may encourage and help to spread health
promoting behaviors such as exercise, while simultaneously discouraging poor health behaviors
such as alcohol and substance use (Frank, Davis, & Elgar, 2014; Giordano & Lindstrom, 2010,
2011; Kawachi & Berkman, 2000, 2014; Subramanian, Kim, & Kawachi, 2002), which have
been connected to depression (Grant et al., 2004).

Research has linked social capital, particularly at the individual level, to reduced levels of
depressive symptoms and improved psychological well-being (Bertotti et al., 2013; Croezen,
Avendano, Burdorf, & van Lenthe, 2015; De Silva, Huttly, Harpham, & Kenward, 2007; Frank

et al., 2014; Fujiwara & Kawachi, 2008a; Giordano & Lindstrom, 2011; Hall, Tol, Jordans, Bass,
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& de Jong, 2014; Han, 2015; S. S. Kim, Chung, Perry, Kawachi, & Subramanian, 2012;
Murayama et al., 2013; Riumallo-Herl, Kawachi, & Avendano, 2014; Scheffler, Brown, & Rice,
2007; Tsuboya, Tsutsumi, & Kawachi, 2015). In an individual-level study in the U.S., Fujiwara
and Kawachi (2008a) found that individuals’ perceptions of low neighborhood trust at baseline
predicted greater odds of major depression at follow-up. However, in a cross-sectional analysis
of the dataset using twin fixed effects to control for confounding factors, social capital was not
associated with major depression (Fujiwara & Kawachi, 2008b).

Murayama, Fujiwara, and Kawachi (2012) reviewed prospective multilevel studies on
social capital and health and identified 13 studies, four of which assessed outcomes related to
mental health (depression/antidepressant use, alcohol-related mortality, and suicide mortality). A
Finnish study by Kouvonen and colleagues which included measures of cognitive social capital
found that at the individual level, lower social capital was associated with self-reported physician
diagnosis with depression, but workplace social capital showed no association. A study by Desai
and colleagues based in the U.S. which included measures of trust found that suicide mortality
was higher in states that had lower social capital (Kawachi, Takao, et al., 2013; Murayama et al.,
2012).

However, much of the research on social capital and health is concentrated in high-
income countries (Story, 2013). In their systematic review on social capital and mental illness,
De Silva, McKenzie, Harpham, and Huttly (2005) found only two studies in low- and middle-
income countries (LMICs) and called for additional research in these parts of the world and in
rural areas. A more recent review of social capital in relation to positive aspects of mental health
among older adults found three of 11 studies from a low- or middle-income country (Nyqvist,

Forsman, Giuntoli, & Cattan, 2013). In 2014, a study from Chile reported inverse associations
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between individual-level measures of social capital and depressive symptoms, similar to
associations observed in high-income countries (Riumallo-Herl et al., 2014). Nevertheless,
research on social capital and mental illness from LMICs remains sparse. Yet, many of these
countries are undergoing rapid societal changes including rapid urbanization and
industrialization, and increasing income inequality which may affect social structures, and in turn
social capital in those societies (Mckenzie, 2008). To the extent that social capital is associated
with mental health, such changes may have consequences for mental health in those areas.

One region that has received little attention in terms of social capital research is Sub-
Saharan Africa. Ramlagan, Peltzer, and Phaswana-Mafuya (2013) assessed associations between
social capital and health among older adults in South Africa using the 2008 Study of Global
Ageing and Adult Health. Depressive symptoms were associated with lower levels of various
measures of social capital. In a study among war-affected youth in Burundi, Hall et al. (2014)
observed that children who believed that their community was trustworthy and cohesive had
depression scores that decreased over time. Verduin, Smid, Wind, and Scholte (2014) found that
a sociotherapy intervention in post-genocide Rwanda led to small improvements in mental health
outcomes and civic participation; but, these changes were not significantly correlated, and the
intervention did not have consistent effects on cognitive social capital or social support. Another
study in a South African sample observed that trust was associated with good self-rated oral
health among men (Olutola & Ayo-Yusuf, 2012). However, these studies only assessed
individual measures of social capital and did not address potential contextual effects of social
capital, a task which requires the use of multilevel data (Subramanian, Glymour, & Kawachi,
2007). A few recent multilevel studies using the National Income Dynamics Study (NIDS) in

South Africa, have found that various measures of individual and neighborhood social capital
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and neighborhood social disorder are associated with depressive symptoms and self-rated health.
(Lau & Ataguba, 2015; Tomita & Burns, 2013; Tomita, Labys, & Burns, 2015b). Still, these
studies have so far been cross-sectional or prospective and have not yet exploited the
longitudinal nature of the NIDS to control for time-constant confounding, such as through the
use of fixed-effects methods.

Reinforcing earlier calls by De Silva et al. (2005) for further research examining
longitudinal associations and using multilevel modeling, Kawachi, Ichida, Tampubolon, and
Fujiwara (2013) discussed the issue of causal inference in social capital studies and identified the
need for studies of contextual social capital, prospective studies to establish temporality of cause
and effect, and studies that attempt to eliminate the influence of confounding factors through

methods such as fixed effects.

Objectives and motivation

The present study sought to address some of these gaps and extend previous analyses by
drawing on three waves of the NIDS to examine longitudinally whether changes in social capital
at both a contextual (district) and individual level are associated with changes in depressive
symptoms in South Africa. The study employed a fixed-effects design to reduce the influence of
observed and unobserved time-invariant confounding variables.

South Africa is a middle-income country with consistently high levels of income
inequality, crime, violence, and racial disparities (Demombynes & Ozler, 2005; Leibbrandt,
Finn, & Woolard, 2012; Leibbrandt, Levinsohn, & McCrary, 2010; World Bank, 2016; United
Nations Office on Drugs and Crime, 2014; van der Berg, 2011; World Bank, 2015; Yu, 2010),

These problems may be indicative of low social cohesion or the presence of latent social conflict
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(Kawachi & Berkman, 2000). Given the links between social capital, income inequality, and
crime (Kawachi, Kennedy, Lochner, & Prothrow-Stith, 1997; Kennedy, Kawachi, Prothrow-
Stith, Lochner, & Gupta, 1998; Lederman, Loayza, & Menendez, 2002; Sampson, 1997), and
given that previous data suggests low levels of cognitive social capital in South Africa (D. Kim
et al., 2011), South Africa is an apt location to study the relationship between social capital and
health. The prevalence of depression in South Africa is not well established, but studies have
noted prevalence rates ranging from about 4% to 10% for major depression (Rai, Zitko, Jones,
Lynch, & Araya, 2013; Tomlinson, Grimsrud, Stein, Williams, & Myer, 2009; Williams et al.,
2008), with about one-fifth to one-third of women and one-eighth to one-quarter of men having
depressive symptomatology in various South African samples (Ardington & Case, 2009; Nduna,
Jewkes, Dunkle, Shai, & Colman, 2010; Tomlinson et al., 2009).

Administratively, South Africa is divided into nine provinces and 53 districts as of the
2001 census. (These have recently been reduced to 52 districts as of the 2011 census). The
following study examines indicators of cognitive social capital at the level of individuals and

districts.

Hypothesis
We hypothesized that higher levels of cognitive social capital would be independently

associated with lower rates of depressive symptoms.

Methods
Data were drawn from the NIDS Waves 1, 2, and 3. The NIDS is a nationally-

representative, household panel study, and sampling was done in a stratified, two-stage cluster
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sample design as described previously. In Wave 1, the household response rate was 69%, and
16,871 individuals were initially included in the adult survey, with panel members being added
in subsequent waves (De Villiers, Brown, Woolard, Daniels, & Leibbrandt, 2014; Southern
Africa Labour and Development Research Unit, 2014a, 2014b, 2014c¢).

Our sample includes adults aged 15 years or older who were interviewed in at least two
waves of the survey. Participants were excluded from the present sample if they were not
successfully interviewed in two or more waves (due to death, non-response or refusal, inability to
be located, or moving outside of South Africa), if they did not have a depressive symptoms score
[Center for Epidemiology Studies of Depression Short Form (CES-D-10)] or responses to the
trust items in two or more waves, if they were not aged 15 years or over or in the adult
questionnaire by Wave 2, or if they had no district information when joining the sample. In
Wave 2, respondents were interviewed in two phases, and the second phase contained a
shortened version of the survey which did not include the CES-D-10 items among other items.
Seven hundred thirty-four individuals were excluded due to being surveyed in Phase 2 of Wave
2. Our final sample contained 15,670 individuals interviewed in at least two of three waves,

12,868 of whom were members of the original Wave 1 sample.

Variables

Depressive symptoms: Depressive symptoms were measured using CES-D-10 scores as

described previously. Scores were also dichotomized using a cut-off of 10 to indicate high
depressive symptoms (Tomita, Labys, & Burns, 2015a; Tomita et al., 2015b). Internal
consistency measures for the CES-D-10 scale in this sample yielded standardized Cronbach’s

alpha values of 0.75 in Wave 1; 0.71 in Wave 2; and 0.74 in Wave 3.
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Trust: The survey asked the following two questions regarding trust:
« “ Imagine you lost a wallet or purse that contained R200 and it was found by someone

who lives close by. Is it very likely, somewhat likely or not likely at all to be returned

with the money in it?”

« “Imagine you lost a wallet or purse that contained R200 and it was found by a complete
stranger. Is it very likely, somewhat likely or not likely at all to be returned with the
money in it?”

In Wave 3, the survey specified that the wallet or purse “contained R200 and your contact
details.” These variables were entered as categorical variables at the individual level.

We will sometimes refer to the responses pertaining to a neighbor/“someone who lives close by”
as “personalized trust,” and those referring to a complete stranger as “generalized trust” (Lau &
Ataguba, 2015).

For district-level measures of trust, responses to each question above were aggregated
separately by district using the 2001 administrative district boundaries for all 53 South African
districts. The percentage of NIDS respondents selecting each of the three responses was
calculated for each district, applying the NIDS cross-sectional post-stratification weights. The
percent in each district selecting that it was not likely at all for the wallet to be returned was used
as an indicator of low trust or low social capital in the models. Separate analyses using the
percent believing it was very likely for the wallet to be returned (high trust/social capital) were
also run.

Covariates: Age in years, race/population group (African, Coloured, Asian/Indian, or
White), highest education level attained (no education, some general education & training,

completed general education & training, some further education & training, completed further
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education & training, higher education), sex (male, female), marital status (currently
married/living with partner, currently single), employment status (employed, unemployed, not
economically active), perceived health status (excellent, very good, good, fair, poor), household
size, and monthly household income were included as covariates. Monthly household income
was calculated as described previously. In Wave 2, one woman had an erroneous or outlying
household income value (over 600,000 Rand) (correspondence with Michelle Chinhema), and
this was excluded from all analyses. The log of household income was used in models.
Sensitivity analyses also added various district-level variables constructed from the NIDS survey

(see Appendices).

Analysis

The analysis was conducted using a form of the “intention-to-treat” method in which
individuals in the sample who moved from their original Wave 1 or Wave 2 district or who had
missing district information in a later wave were treated as if they remained in their original
district. This was to avoid potential endogeneity if moving or having missing district information
was a result of the outcomes of interest. In the sample, 1,640 people (578 in Wave 2 and 1,219 in
Wave 3) or 10.5% of the sample had missing district information in a subsequent wave and were
assigned to their original district; 1,359 people (or 8.7% of the sample) who had moved to a
different district by Wave 2 or Wave 3 were assigned to their starting district.

For all models, responses of missing, don’t know, or not applicable on all other variables
were excluded, and complete-case analyses were conducted. Pooled cross-sectional analyses and
longitudinal models with individual fixed-effects were conducted. For the outcome CES-D-10

scores, linear regression models were run. For the outcome high depressive symptoms, Poisson
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regression models were run. Standard errors were clustered at the district level. For conditional
Poisson fixed-effects regressions, bootstrapping was used to cluster standard errors at the district
level, using 200 replications and normal-based confidence intervals. Models presented here are
as follows: a model including only individual-level trust and dummies for wave (wave-adjusted);
a model adding individual and household covariates (Model 2); and models adding indicators for
district low and high trust (Models 3A & 3B). Separate models were run for personalized and
generalized trust. Sensitivity analyses using individual random effects rather than fixed effects
were also run for the outcome CES-D-10 score, and additional cross-sectional models were run
for each wave separately. In addition, sensitivity analyses adding district covariates were
conducted.

The statistical models were of the following form:
CESD¢in; = Bo + B1Trustyn;+ BrSocial Capital,; + f Covariatesyj + BiCovariatesy;

+ BsIndividual; + BsWave, + (€ginj)

In the above equation, ¢ represents wave, i represents individuals, 4 represents households, and j
represents districts. CESDy;p,j represents the individual-level CES-D-10 scores in each wave. 3,
is the intercept. Trusty;y; represents individual-level trust at each wave. Social Capital,; is
district-level trust at each wave. Covariates;;; is a vector of individual-level covariates.
Covariates.y; is a vector of household covariates. Individual; represents the individual fixed
effects. Wave, are the time fixed effects, and eqq;,; represents the random error terms. All

covariates and unmeasured confounders that are constant over time drop out of the models due to
the inclusion of individual fixed effects. The main effects of interest are expressed in coefficients

and Band S,.
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Results
Sample Characteristics

In all waves, over 60% of the sample was female, over 80% was of African
race/population group (See Table 3.1). The mean age was 37.5 years in Wave 1 and increased to
39.5 years by Wave 3. The mean size of households in the sample was over four individuals in
each wave. Mean deflated monthly household income was 5,248.9 Rand in Wave 1 and
increased to 5,719.8 Rand in Wave 3. Half of households in the sample were rural in Wave 1,
and this decreased to 47.4% by Wave 3. Over one-third of participants in the sample were
married or living with a partner. Mean CES-D-10 scores decreased from 8.1 in Wave 1 to 7.0 in
Wave 3. The proportion of the sample with high depressive symptoms ranged from 24.5% in
Wave 2 to 33.9% in Wave 1. Mean CES-D-10 scores and prevalence of high depressive
symptoms varied across districts (see Figure 3.1).

The percentage of the sample believing that it was not likely for their neighbor to return
their lost wallet ranged from 64.8% in Wave 2 to 75.3% in Wave 1, while the percentage of the
sample believing that it was not likely for a stranger to return their lost wallet ranged from 78.7%
in Wave 3 to 87.5% in Wave 1. Nearly 21% of sample members reported fair or poor health in

Wave 1, while the corresponding percentages were 12.1% in Wave 2 and 13.3% in Wave 3.
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Table 3.1. Sample characteristics, NIDS Waves 1, 2, and 3

Wave 1 Wave 2 Wave 3
Sample | Proportion/ | Sample | Proportion/ | Sample | Proportion/
Size Mean (SD) Size Mean (SD) Size Mean (SD)
Total 12,868 15,351 14,567
Female 12,868 61.3% 15,351 60.1% 14,567 60.5%
Race/population group 12,868 15,351 14,567
African 80.4% 81.7% 81.6%
Coloured 14.2% 13.5% 13.7%
Asian/Indian 1.2% 1.2% 1.1%
White 4.1% 3.7% 3.6%
Age in years 12,868 37.5(17.4) 15,351 37.9 (17.7) 14,567 39.5(17.4)
Highest Education level 12,832 15,099 14,472
No Education 12.9% 11.7% 11.2%
Some General Ed & Training 33.4% 32.5% 28.8%
General Ed & Training 9.4% 9.7% 8.8%
Some Further Ed & Training 22.5% 23.4% 25.5%
Further Ed & Training 15.3% 15.6% 15.8%
Higher Education 6.5% 7.0% 10.0%
Monthly household income, 6,227 5,248.9 6,442 5,479.2 7,317 5,719.8
Rand (9,373.1) (11,173.7) (9,387.9)
Household size 6,227 4.1 (2.6) 6,442 4.4 (2.9) 7,317 4.2 (2.8)
Rural household 6,227 50.0% 6,874 49.4% 7,710 47.4%
Household receipt of 6,205 58.1% 6,419 58.1% 7,310 59.3%
government grants
CES-D-10 score 12,438 8.1 (4.8) 13,817 7.1 (4.2) 13,625 7.0 (4.4)
High depressive symptoms 12,438 33.9% 13,817 24.5% 13,625 26.2%
Employment status 12,295 14,098 13,610
Employed 38.1% 30.5% 36.6%
Unemployed 18.8% 14.1% 17.0%
Not economically active 43.1% 55.4% 46.4%
Marital Status 12,431 14,150 13,633
Currently Married/Cohabiting 36.8% 33.2% 34.2%
Currently single 63.2% 66.8% 65.8%
Trust of neighbors 11,860 13,236 13,261
Very likely 10.2% 17.6% 13.1%
Somewhat likely 14.5% 17.6% 16.0%
Not likely 75.3% 64.8% 71.0%
Trust of strangers 11,755 12,981 13,007
Very likely 4.7% 10.2% 7.8%
Somewhat likely 7.9% 10.3% 13.5%
Not likely 87.5% 79.5% 78.7%
Perceived health status 12,420 14,185 13,635
Excellent 29.2% 37.7% 28.5%
Very good 25.5% 29.4% 29.0%
Good 24.6% 20.8% 29.3%
Fair 13.2% 8.4% 9.7%
Poor 7.5% 3.7% 3.6%
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Figure 3.1. Scatter plots of district percent believing it is not likely for a neighbor (top panels) or stranger (bottom panels) to
return a lost wallet (x-axis) and district-level summary of depressive symptoms (y-axis), pooled Waves 1, 2 and 3




At the district level, the mean proportion of district respondents believing it was not
likely for someone close by to return their lost wallet was 72.9% (range: 30.4%-95.2%) at
baseline. For strangers, the corresponding mean level of district distrust was 87.1% (range:
65.4%-97.9%) in Wave 1. These numbers decreased in Wave 2 and increased again slightly in
Wave 3. (See Figure 3.1 for pooled cross-sectional scatter plots of district trust and district
depressive symptoms). High district trust showed a parallel opposing pattern, with the mean
proportion of district respondents believing it very likely for a wallet to be returned by a
neighbor and stranger increasing in Wave 2 and decreasing again slightly in Wave 3 (see

Appendix E).

Trust

In adjusted pooled cross-sectional models, there were no statistically significant
associations between depressive symptoms and personalized trust at the individual or district
level. However, individual-level generalized trust was positively associated with depressive
symptoms; those who were unlikely to trust a stranger had CES-D-10 scores that were more than
one point /ower than those who were very likely to trust a stranger. District-level generalized
trust indicators were not associated with CES-D-10 scores (Table 3.2). Results from models for
CES-D-10 scores using individual random effects were highly similar to those from pooled
cross-sectional models (available upon request).

In adjusted, pooled cross-sectional models using the dichotomous outcome of high
depressive symptoms (Table 3.3), feeling that it was somewhat likely or unlikely for a neighbor
to return a wallet was associated with lower risk of high depressive symptoms (RR: 0.86, 95%

CI: 0.76-0.98 for somewhat likely; RR: 0.85, 95% CI: 0.75-0.96 for not likely). At the district
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level, neither the percent not likely to trust a neighbor nor the percent very likely to trust a
neighbor were associated with risk of high depressive symptoms. For generalized trust, at the
individual level, responding ‘not likely’ compared to ‘very likely,” was significantly associated
with reduced risk of high depressive symptoms (RR: 0.77, 95% CI: 0.68-0.87). Again, there was
no association at the district level for either indicator of district generalized trust.

When we examined each wave separately, the positive cross-sectional association
between individual trust and depressive symptoms only became evident in Waves 2 and 3 (see
Supplemental File 3), while in Wave 1, there appeared to be an inverse relationship between
individual personalized trust and depressive symptoms. At the district level, personalized trust
was inversely associated with depressive symptoms in Wave 2, while in Wave 1, the percent
very likely to trust a neighbor was positively associated with risk of high depressive symptoms.

In longitudinal, fixed-effects models, becoming not likely to trust a neighbor compared to
very likely to trust a neighbor was associated with a decrease in CES-D-10 scores of 0.43 points
(95% CI: -0.85, -0.01) in models adjusted for individual covariates and district trust (Table 3.4).
For individual generalized trust, becoming unlikely to trust a stranger was also associated with a
decrease in CES-D-10 scores of about one point compared to believing it was very likely for a
stranger to return a wallet (95% CI: -1.37— -0.63). For the outcome of high depressive
symptoms (Table 3.5), becoming somewhat likely and unlikely to trust a neighbor were likewise
associated with reduced risk of high depressive symptoms compared to being very likely to trust
a neighbor. Similarly, becoming unlikely to trust a stranger significantly reduced the risk of high

depressive symptoms compared to being very likely to trust a stranger.
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Table 3.2. Pooled cross-sectional estimates and 95% confidence intervals for CES-D-10 scores and trust

| Wave-adjusted Model 2 Model 3A Model 3A+ Model 3B Model 3B+
Personalized trust (Trust of neighbors)
Individual trust
Very likely Ref
Somewhat likely -0.04 -0.15 -0.16 1.63 -0.16 -0.92*
(-0.36, 0.28) (-0.49, 0.19) (-0.50, 0.18) (-0.58, 3.84) (-0.47,0.16) (-1.63, -0.22)
. -0.10 -0.30 -0.35 1.63 -1.19%*
Not likely (-0.50,0.31)  (-0.69, 0.08) (-0.73, 0.02) (-0.64, 3.90) -0.31(-0.69, 0.06) (-1.88, -0.50)
District trust
% Not likely 0.01 (-0.00,0.02)  0.04* (0.01, 0.06)
% Very likely 0.00 (-0.02,0.02)  -0.04* (-0.07, -0.00)
Interactions
% Not likely*Very likely Ref Ref
% Not likely*Somewhat likely -0.03 (-0.06, 0.00)
% Not likely*Not likely -0.03 (-0.06, 0.00)
% Very likely*Very likely Ref Ref Ref
% Very likely*Somewhat likely 0.04 (-0.00, 0.08)
% Very likely*Not likely 0.05* (0.01, 0.08)
Generalized trust (Trust of strangers)
Individual trust
Very likely Ref
Somewhat likely -0.21 -0.13 -0.14 3.07* -0.21 -0.87%*
(-0.65, 0.23) (-0.54, 0.27) (-0.54, 0.26) (0.63, 5.50) (-0.58, 0.16) (-1.46, -0.28)
. -1 1% -1.09%** -1.10%** -1.18%** -1.35%**
Not likely (1.53,-0.69)  (-1.44,-0.74)  (-1.47,-0.74) O (IS L0 s 0.85) (-1.84, -0.86)
District trust
% Not likely 0.00 (-0.01, 0.02)  0.01 (-0.01, 0.03)
% Very likely -0.01 (-0.03,0.01)  -0.02* (-0.05, -0.00)
Interactions

% Not likely*Very likely
% Not likely*Somewhat likely

% Not likely*Not likely
% Very likely*Very likely
% Very likely*Somewhat likely

% Very likely*Not likely

Ref
-0.04*
(-0.07, -0.01)
-0.01 (-0.03, 0.01)

Ref
0.07** (0.03, 0.12)
0.01 (-0.02, 0.04)
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Notes: Standard errors are clustered by district. Wave-adjusted model controls only for wave. Model 2 adds household and individual factors: log monthly
household income, household size, rural/urban location, household receipt of government grants, age, population group, sex, education level, marital status,
employment status, and perceived self-rated health. Model 3A adds the district-level trust indicator, percent in district not likely to trust to Model 2. Model 3A+
adds an interaction between district percent not likely to trust and individual level trust to Model 3A. Model 3B adds district percent very likely to trust to Model
2. Model 3B-+adds an interaction between district percent very likely to trust and individual-level trust to Model 3B. Bold indicates significance at the p<0.05
level. Italics indicates that p<0.10. Italics indicates that p<0.10. * indicates p<0.05. ** indicates p<0.01. *** indicates p<0.001.
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Table 3.3. Risk ratios and 95% confidence intervals from pooled cross-sectional models for high depressive symptoms trust

% Not likely*Very likely
% Not likely*Somewhat likely
% Not likely*Not likely
% Very likely*Very likely
% Very likely*Somewhat likely
% Very likely*Not likely

Ref
1.00 (0.99, 1.01)
0.99 (0.98, 1.00)

| Wave-adjusted Model 2 Model 3A Model 3A+ Model 3B Model 3B+
Personalized trust (Trust of neighbors)
Individual trust
Very likely Ref
Somewhat likely 0.89 (0.79, 1.00)  0.86* (0.76, 0.98) 0.86* (0.76,0.98) 1.03 (0.44,2.41) 0.87* (0.77,0.98) 0.70** (0.54, 0.89)
Not likely 0.91(0.80,1.04) 0.85* (0.75,0.98) 0.85* (0.74,0.96) 1.36(0.60,3.06) 0.86* (0.76,0.99) 0.69** (0.56, 0.85)
District trust
% Not likely 1.00 (1.00, 1.01)  1.01 (1.00, 1.02)
% Very likely 1.00 (1.00, 1.01) 0.99 (0.98, 1.00)
Interactions

Ref
1.01(1.00, 1.03)
1.01 (1.00, 1.03)

Generalized trust (Trust of strangers)

Individual trust
Very likely
Somewhat likely

Not likely

District trust
% Not likely
% Very likely
Interactions
% Not likely*Very likely
% Not likely*Somewhat likely
% Not likely*Not likely
% Very likely*Very likely
% Very likely*Somewhat likely
% Very likely*Not likely

0.94 (0.81, 1.08)
0.75%%*
(0.67, 0.85)

Ref
0.96 (0.83, 1.11) 0.95(0.82, 1.10)
0.78%%* 0.77%%*
(0.69, 0.88) (0.68, 0.87)

1.00 (1.00, 1.01)

2.03 (0.81, 5.08)
0.77 (0.38, 1.57)

1.00 (0.99, 1.01)

Ref
0.99 (0.98, 1.00)
1.00(0.99, 1.01)

0.94 (0.83, 1.07)
0.76%%*
(0.69, 0.85)

1.00 (0.99, 1.00)

0.78%* (0.65, 0.93)
0.75%%*
(0.64, 0.87)

0.99 (0.98, 1.01)

Ref

1.02%* (1.01, 1.04)
1.00 (0.99, 1.01)

Notes: Standard errors are clustered by district. Wave-adjusted model controls only for wave. Model 2 adds household and individual factors: log monthly
household income, household size, rural/urban location, household receipt of government grants, age, population group, sex, education level, marital status,
employment status, and perceived self-rated health. Model 3A adds the district-level trust indicator percent not likely to trust to Model 2. Model 3A+ adds an
interaction between district percent not likely to trust and individual level trust to Model 3A. Model 3B adds district percent very likely to trust to Model 2.
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Model 3B+ adds an interaction between district percent very likely to trust and individual-level trust to Model 3B. Bold indicates significance at the p<0.05
level. Italics indicates that p<0.10. Italics indicates that p<0.10. * indicates p<0.05. ** indicates p<0.01. *** indicates p<0.001.
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Table 3.4. Fixed-effects estimates and 95% confidence intervals for CES-D-10 scores and trust

% Not likely*Very likely
% Not likely*Somewhat likely

% Not likely*Not likely

% Very likely*Very likely
% Very likely*Somewhat likely
% Very likely*Not likely

Ref
-0.04* (-0.08, -0.00)

-0.01 (-0.04, 0.02)

| Wave-adjusted Model 2 Model 3A Model 3A+ Model 3B Model 3B+
Personalized trust (Trust of neighbors)
Individual trust
Very likely Ref
Somewhat likely -0.08 -0.11 -0.11 2.45 -0.09 -1.16%*
(-0.44, 0.29) (-0.48, 0.26) (-0.47, 0.26) (-0.08, 4.99) (-0.45,0.27) (-1.91, -0.41)
. -0.41 -0.44 -0.43* -0.42* -1.55%**
Not likely (-0.86,0.04)  (-0.88, 0.00) (-0.85, -0.01) 1.82(-0.89,4.53) (-0.84, -0.00) (-2.34,-0.76)
District trust
% Not likely 0.00 (-0.02, 0.01) 0.03 (-0.01, 0.07)
% Very likely 0.00 (-0.02,0.03)  -0.05 (-0.09, 0.00)
Interactions
% Not likely*Very likely Ref
% Not likely*Somewhat likely (_0.;)‘;’0?; 00)
% Not likely*Not likely -0.04 (-0.07, 0.00)
% Very likely*Very likely Ref
% Very likely*Somewhat likely 0.06* (0.01, 0.10)
% Very likely*Not likely 0.06** (0.02, 0.10)
Generalized trust (Trust of strangers)
Individual trust
Very likely Ref
Somewhat likely -0.05 -0.03 0.00 3.28* -0.12 -0.84*
(-0.48, 0.38) (-0.46, 0.40) (-0.40,0.41) (0.05, 6.51) (-0.51, 0.28) (-1.59, -0.08)
Not likely -1.08%** -1.06%** -1.00%** -0.10 -1.16%** -1.39%**
(-1.51, -0.65) (-1.47,-0.65) (-1.37,-0.63) (-2.28, 2.09) (-1.53,-0.80) (-2.01, -0.78)
District trust
% Not likely -0.01 (-0.03, 0.01) 0.01 (-0.02, 0.04)
% Very likely -0.01 (-0.04,0.01)  -0.03 (-0.07, 0.01)
Interactions

Ref
0.08* (0.01, 0.14)
0.01 (-0.03, 0.06)
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Notes: Models use individual fixed effects and adjust for clustering by district. Wave-adjusted model controls for wave. Model 2 controls for wave, employment
status, log income, household size, receipt of government grants, and marital status. Model 3A adds the district-level trust indicator, percent in district not likely
to trust. Model 3A+ adds an interaction between district percent not likely to trust and individual-level trust to Model 3. Model 3B adds district percent very
likely to trust to Model 2. Model 3B+adds an interaction between district percent very likely to trust and individual-level trust to Model #B. Bold indicates
significance at the p<0.05 level. /talics indicates that p<0.10. Italics indicates that p<0.10. * indicates p<0.05. ** indicates p<0.01. *** indicates p<0.001.



L6

Table 3.5. Risk ratios and 95% confidence intervals from fixed-effects models for high depressive symptoms trust

‘ Wave-adjusted Model 2 Model 3A Model 3A+ Model 3B Model 3B+

Personalized trust (Trust of neighbors)

Individual trust

Very likely Ref
Somewhat likely 0.87* (0.76, 1.00) 0.86* (0.75,0.99) 0.86* (0.75,0.99) 1.38(0.46,4.09) 0.87* (0.76,1.00) 0.62** (0.47, 0.82)
Not likely 0.85* (0.73, 0.98) 0.84* (0.72,0.97) 0.85* (0.73,0.98) 1.75(0.63,4.85) 0.85* (0.74,0.99) 0.59*** (0.45, 0.78)
District trust
% Not likely 1.00 (0.99, 1.00)  1.01 (0.99. 1.02)
% Very likely 1.00 (1.00, 1.01) 0.99 (0.97,1.00)
Interactions
% Not likely*Very likely Ref
% Not likely*Somewhat likely 0.99 (0.98, 1.01)
% Not likely*Not likely 0.99 (0.98, 1.00)
% Very likely*Very likely Ref
% Very likely*Somewhat likely 1.02 (1.00, 1.04)
% Very likely*Not likely 1.02* (1.00, 1.04)

Generalized trust (Trust of strangers)

Individual trust

Very likely Ref
Somewhat likely 0.98 (0.85,1.12)  0.99 (0.85,1.14) 0.99 (0.86, 1.15)  2.30(0.85,6.27) 0.97(0.84,1.11) 0.80 (0.63, 1.01)
. 0.80*** 0.80%*** 0.78%** 0.75%*
Not likely (0.71, 0.89) (0.71, 0.90) 0.81*%* (0.72, 0.92) 1.08 (0.44, 2.63) (0.69, 0.87) (0.62, 0.91)
District trust
% Not likely 1.00 (0.99, 1.00)  1.00 (0.99, 1.01)
% Very likely 1.00 (0.99, 1.00) 0.99 (0.98,1.01)
Interactions
% Not likely*Very likely Ref
% Not likely*Somewhat likely 0.99 (0.98, 1.00)
% Not likely*Not likely 1.00 (0.98, 1.01)
% Very likely*Very likely Ref
% Very likely*Somewhat likely 1.02 (1.00, 1.04)
% Very likely*Not likely 1.00 (0.98, 1.02)

Notes: Models are clustered by district and use individual fixed effects. Wave-adjusted models adjust only for wave. Model 2 controls for wave, employment
status, log income, household size, receipt of government grants, and marital status. Model 3A adds the district-level trust indicator, percent of district not likely
to trust. Model 3A+ adds an interaction between district percent not likely to trust and individual level trust to Model 3A. Model 3B adds district percent very
likely to trust to Model 2. Model 3B+ adds an interaction between district percent very likely to trust and individual-level trust to Model 3B. Bold indicates
significance at the p<0.05 level. /talics indicates that p<0.10. Italics indicates that p<0.10. * indicates p<0.05. ** indicates p<0.01. *** indicates p<0.001.



Cross-level trust interactions

To further examine these unexpected results, we added cross-level interaction terms
between indicators of district trust and individual-level trust. For personalized trust, we found
that there was a marginally significant (p<0.10) interaction between individual trust and low
district trust in pooled cross-sectional models (Table 3.2, Model 3A+). The interaction became
significant (p<0.05) in longitudinal models (Table 3.4, Model 3A+) [as well as models including
district-level covariates (see appendices)]. Among individuals who felt it very likely for a
neighbor to return a wallet, the percent of those in the district believing it was not likely for a
neighbor to return a wallet was positively associated depressive symptoms. This association was
reduced among those who were somewhat or not likely to believe a neighbor would return a lost
wallet. Put another way, the models predicted that CES-D-10 scores would be higher (though not
at a statistically significant level) among people who were somewhat trusting or not trusting of
neighbors compared to those who were very trusting (controlling for other factors) if the percent
of respondents in the district who believed neighbors were not likely to return a lost wallet was
zero. This association between low trust and CES-D-10 scores attenuated as the proportion of the
district who were distrustful increased.

When we used the indicator percent in the district believing it to be very likely for a
neighbor to return a wallet (Tables 3.2 & 3.4, Model 3B+), a corresponding significant
interaction was observed. The percent of district members with high personalized trust was
inversely associated with depressive symptoms among individuals with high personalized trust,
but this association was muted among those who were less trusting. In other words, when no
district members felt that a neighbor was very likely to return a lost wallet, being somewhat

trusting or not trusting was protective of mental health compared to being very trusting,
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controlling for other factors, and this association decreased as the percent of district members
who were very trusting of neighbors increased.

A similar pattern of interactions was observed with regard to generalized trust, except
that higher CES-D-10 scores among less trusting individuals compared to very trusting
individuals in districts with low levels of distrust were only observed among those who were
somewhat likely to believe a stranger would return a wallet and not among those who felt it
unlikely for a stranger to return a wallet. The beneficial association between high district
generalized trust and depressive symptoms among those very likely to trust appeared to be
reversed among those somewhat likely to trust. Models using individual random effects
produced similar interactions (see Supplemental File 3).

In models examining depressive symptoms as a dichotomous outcome (Tables 3.3 & 3.5,
Models 3A+ and 3B+), significant interactions were observed mostly in models using the percent
of respondents in the district believing it was very likely for a wallet to be returned as the
indicator of district trust.

Figure 3.2 graphically displays the predicted relationship between district trust and CES-
D-10 scores for people who were very, somewhat, and not likely to trust others, showing the
interactions based on the fixed-effects results in Table 3.4. When district distrust is low, those
who feel it is very likely for their wallet to be returned have lower CES-D-10 scores than those
who feel it is somewhat or not likely, but when district distrust is high, the very trusting have
higher CES-D-10 scores. Correspondingly, when districts have high levels of highly trusting
individuals, the very trusting have lower CES-D-10 scores than those somewhat or not likely to

trust, but when district trust is low, those who are very trusting have higher CES-D-10 scores.
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Figure 3.2. Predicted relationship between district trust and CES-D-10 scores for individuals in the reference population



Models stratified by individual trust levels confirmed these interactions with district trust
being protective among those very likely to trust but harmful among those somewhat likely to
trust, though associations were not as strong or significant in some fixed-effects models,
potentially due to the small sample sizes for the “very likely” and “somewhat likely” strata

(results available upon request).

Covariates

Several covariates were consistently associated with depressive symptoms in the
expected directions (see Supplemental File 3). Depressive symptoms were lower in Waves 2 and
3 than in Wave 1, controlling for other factors. Depressive symptoms decreased with increasing
household income and were lower among those who were married or cohabiting compared to
those who were not. Depressive symptoms were higher among those reporting worse perceived
health and lower among those who were recipients of government grants compared with those
who were not. In cross-sectional models, depressive symptoms increased with age, as well as
with household size. Women had higher depressive symptoms, and education was inversely
associated with depressive symptoms. In longitudinal models, becoming unemployed or
employed was associated with a decrease in depressive symptoms compared to not being
economically active.

Models adding district-level covariates produced similar results to those discussed above

(see Supplemental File 3).
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Discussion

In this South African sample, high individual-level trust was unexpectedly associated
with worse depressive symptoms while district-level trust did not have an overall effect.
However, a cross-level interaction revealed that high individual-level trust appears to be
associated with worse mental health in districts lacking high trust but not in districts lacking
distrust. District-level trust was inversely associated with depressive symptoms among
individuals with high trust of others in their community, but was not associated among those who
did not trust others in their community and appeared to even be positively associated with
depressive symptoms among those who were somewhat trusting.

These unusual findings regarding cognitive social capital deserve further exploration,
given that most research on trust and health has found trust to be health-preserving or promoting,
although a few studies have observed harmful associations between components of structural
social capital—such as network participation—and mental health (Bertotti et al., 2013; Croezen
et al., 2015; Murayama et al., 2013). For example, our overall results differ from those observed
by Ramlagan et al. (2013) in a cross-sectional study of older South African adults interviewed in
2008. They found that higher levels of trust and solidarity at the individual level were associated
with lower depressive symptoms. However, it should be noted that in our Wave 1 2008 cross-
section only (see Supplemental File 3), being somewhat as opposed to very likely to trust
neighbors was similarly associated with higher depressive symptoms, though in the following
waves, the opposite association became evident. Moreover, their study differs methodologically
from ours, including that its measure of depressive symptoms is based on a single question
asking only how sad, low, or depressed respondents felt and not assessing other types of

depressive symptoms.
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The fact that in our overall sample higher individual-level trust appeared to be associated
with worse depressive symptoms in longitudinal and pooled cross-sectional models, coupled
with the interaction effect in which being highly trusting appears to be harmful only in contexts
in which few people endorse highly trusting attitudes regarding their neighbors or strangers,
confirms that the majority of the sample live in districts that have relatively low levels of trust.
Indeed, on average almost three-quarters of members of each district did not trust neighbors to
return a lost wallet in Wave 1, and distrust levels were even higher (over 87%) with regard to
generalized trust. Similar to the low levels of trust we observed in this sample, data from the
World Values Survey estimated that fewer than 20%, and in some waves as few as 12% of South
Africans endorsed that most people can be trusted (D. Kim et al., 2011; Scheffler et al., 2010).

Future studies should attempt to replicate our findings as well as to decipher the
determinants of contextual trust in this sample, such as crime rates, poverty, inequality or
unemployment. Preliminary analyses of correlations between district trust and district
demographic estimates based on the NIDS and other sources suggest that district trust levels may
be correlated with district-level employment status, racial distribution, mean household incomes,
age distribution, education distribution, marital status, income inequality, and urbanicity/rurality.
In addition, investigations into the apparent change in the relationship between individual-level
trust and depressive symptoms from Wave 1 to subsequent waves are warranted. Given the
results of this study, such a change would not seem to be associated with changes in district-level
trust, given that trust levels increased over time.

Previous research examining the associations between health and social capital at both
the individual and community levels simultaneously has had mixed findings. In a study using the

NIDS, Lau and Ataguba (2015) found that both individual and neighborhood personalized trust
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in Wave 1 were inversely associated with reporting poor self-rated health in Wave 2. In another
NIDS study, Tomita and Burns (2013) found that both individual-level social trust of neighbors
as well as neighborhood-level social capital (as measured by aggregate responses to questions on
the frequency with which neighbors help each other, neighbors do things together, neighbors are
aggressive, or burglary and theft occur in the neighborhood) were cross-sectionally associated
with reduced depressive symptoms in Wave 1. In our study, while greater individual-level trust
similarly appeared to be associated with reduced depressive symptoms in Wave 1, this was not
the case in subsequent waves or in longitudinal analyses.

In other countries, longitudinal, multilevel studies from South Korea, have found that
individual-level perceived helpfulness and participation in organizations were associated with
self-rated health and self-esteem, but their contextual counterparts aggregated at an
administrative level were not (Han, 2013, 2015). De Silva et al. (2007) found that individual-
level measures of cognitive social capital were inversely associated with common mental
disorders (anxiety and depression) among mothers of young children in samples from Andrah
Pradesh, India, Peru, Ethiopia, and Vietnam, while community-level cognitive social capital was
only associated with reduced levels of common mental disorders in the Ethiopian sample. In a
Japanese study, both individual- and neighborhood-level cognitive and structural social capital
were associated with better mental health (Hamano et al., 2010). However, these studies did not
examine the interaction between individual-level trust and contextual trust indicators.

A 2002 study by Subramanian et al. (2002) did examine a cross-level interaction for trust
in relation to self-rated health in a U.S. sample and observed a similar result to that observed
here. The authors found that in overall main effects models, the addition of individual trust

indicators attenuated the positive association between community social trust and self-rated
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health. However, the inclusion of cross-level interaction terms showed that the positive effect of
community social trust on self-rated health was greater for individuals with high trust but was in
the opposite direction for individuals with low trust.

Murayama et al. (2013) observed interactions between individual-level bridging social
capital and neighborhood general trust among women as well as an overall interaction between
individual-level and neighborhood-level bonding social capital with regard to depressive
symptoms in a Japanese sample. However, in their case, neighborhood bonding social capital
was protective against depressive mood among individuals with weak bonding social capital,
while strong individual bonding social capital was protective against depressive mood in
neighborhoods with /ow bonding social capital.

In a multi-country study examining social capital, income inequality, and self-rated
health, Mansyur and colleagues (2008) examined cross-level interactions between individual-
and country-level measures of social capital and observed that perceived health increased with
individual social participation in countries with lower social network density, but the relationship
was reversed in countries with high social network density. The interaction between individual
and societal trust was only significant among non-former Communist countries, indicating that
the positive effect of trust on self-rated health was even stronger in countries with high societal
trust.

Finally, in a London study by Bertotti et al. (2013), while individual and ecological
measures of structural social capital—but not measures of “cognitive social capital” or social
support—were associated with reduced common mental disorder, there were cross-level
interactions between individual perceptions of neighborhood quality and disorder and contextual

measures of neighborhood disorder or incivilities. Higher perceptions of neighborhood quality
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were associated with reduced common mental disorder only in neighborhoods with high levels of
incivilities. These examples taken with the results observed in the present analysis demonstrate
that further research on the potential for cross-level interactions between individual and
contextual measures of social capital or other social factors is necessary.

Depressive symptoms decreased in our sample between 2008 and 2012, a finding that
also deserves further exploration. Because age was associated with worse depressive symptoms
in this sample, the trend is not due to aging. Potential causes could include the rise in incomes in
our sample over the time period, improvements in perceived health status in the sample, and
factors such as the continued expansion of anti-retroviral therapy or other services in South
Africa (Bor, Herbst, Newell, & Barnighausen, 2013). Another potential explanation could be
South Africa’s hosting of the World Cup in 2010 around the time of Wave 2. Depressive
symptoms dropped most between Waves 1 and 2, and the proportions of sample members with
high depressive symptoms dropped between Waves 1 and 2 and then increased slightly
thereafter. This parallels patterns observed in trust levels; trust increased between Waves 1 and 2
before decreasing again in Wave 3. It is possible that, as is sometimes observed with mega-
events (Kaplanidou et al., 2013), the hosting and anticipation of the 2010 World Cup increased
positive sentiments, expectations, and a sense of togetherness among South Africans which
decreased again slightly after the World Cup ended. Kaplanidou et al. (2013) observed that
compared to pre-event responses from a sample of residents of five host cities for the 2010
World Cup, responses from the post-event sample showed increases in psychological aspects of
quality of life. Namely, respondents felt that the World Cup increased community spirit, pride,
and patriotism; made people feel good about themselves and their communities; and brought

people together in celebration.
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The other correlates of depression observed in our analysis generally support social
determinants of health frameworks and previous research. Higher income and education and
being married or cohabiting were associated with lower depressive symptoms, while female
gender was associated with higher depressive symptoms as has been observed elsewhere (Frank
et al., 2014; Giordano & Lindstrom, 2011; Kessler, Berglund, Demler, Jin, & Merikangas, 2005).
Larger household sizes and older age were associated with higher CES-D-10 scores. Previous
research has observed mixed findings or a U-shaped relationship between age and depression
(Buchtemann, Luppa, Bramesfeld, & Riedel-Heller, 2012; Frank et al., 2014; Giordano &
Lindstrom, 2011; Kessler et al., 2005; H. Murayama et al., 2015). Our finding with regard to
household size could be indicative of stresses related to caretaking, crowding, or residual impacts
of financial strain (Hughes & Waite, 2002). In this analysis, those of African race and ethnicity
had higher CES-D-10 scores than those of other races which may be expected based on social
determinants of health frameworks, given that Africans as a group historically held the lowest
position by race or population group in South African society throughout the apartheid period,
and are still relatively disadvantaged (Leibbrandt et al., 2012; Leibbrandt et al., 2010; van der
Berg, 2011; Yu, 2010). Others have likewise observed similar racial patterns with depressive
symptoms in South Africa, but this has not been consistent (Ardington & Case, 2009; Tomita &
Burns, 2013; Tomita et al., 2015b; Tomlinson et al., 2009). This finding is in contrast to the U.S.
where black Americans have been reported to have lower levels of depression than whites
(Kessler et al., 2005); however, other marginalized groups, such as Native Americans, have been
reported to have higher levels of depression-related conditions in the U.S. (Baker et al., 2005;
Brave Heart, Chase, Elkins, & Altschul, 2011; Miller, 2011; Wei & Greaver, 2008; Xu,

Kochanek, Murphy, & Tejada-Vera, 2010).
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Tomita and Burns (2013) and Folb et al. (2015) found similar patterns to those observed
in this study with regard to the associations between depression and factors such gender, age,
race, marital status, perceived health, and education. They found higher depression scores to be
associated with unemployment, which was similar to our finding from Wave 1 but contrasted our
results in other waves. In the present analysis, individuals from households receiving government
grants had lower depressive symptoms than those from households not receiving government
grants, which is counter to the finding by Folb et al. (2015) that CES-D-10 scores at follow-up
were higher among those receiving government grants at baseline in a sample from the Western
Cape of South Africa.

In this sample as has been observed previously (Tomita & Burns, 2013; Tomita et al.,
2015b), worse self-rated health was also associated with higher CES-D-10 scores in cross-
sectional and longitudinal models. While several studies have observed that perceived health
status is associated with depression, the directions of the associations between trust, perceived
health status, and depression are still debated. For example, depression may worsen health status,
making perceived health a downstream consequence of depression. Alternatively, trust may
improve health status (Lau & Ataguba, 2015) which may consequently affect depression, making
perceived health a mediator in the pathway. In these cases, it would not be necessary to control
for perceived health, and doing so may bias or attenuate the associations between trust and
depression. However, given that some research has demonstrated that self-rated health at an
earlier time period is predictive of individual-level trust at a later time period (Giordano &
Lindstrom, 2016), perceived health status was retained in our models to be conservative.
Estimates for the association between individual-trust and depression were similar in unadjusted

models and models adjusting only for time, as in models with individual covariates, including
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perceived health. Therefore, the inclusion of perceived health status and other covariates does

not seem to greatly impact our results.

Strengths and Limitations

Limitations of this study include the fact that, although the NIDS survey was designed to
be nationally-representative, results may not be generalizable outside the sample, and there may
be a risk for selection bias due to missingness, attrition, and non-response. In Wave 2, 734
individuals were excluded from our sample because they were interviewed in Phase 2 and did
not receive the CES-D-10 scale and other parts of the survey. Phase 2 of Wave 2 was a Non-
Response Follow-up to Phase 1 and consisted of households that initially refused or were unable
to be contacted in Phase 1 of Wave 2 but were re-contacted (Southern Africa Labour and
Development Research Unit, 2014b). Thus, these individuals, like all others who were sampled
for NIDS but did not participate or who were lost to follow-up, may not be randomly excluded.
Overall, 19% of continuing sample members from Wave 1 of the NIDS did not respond in Wave
2, and 16% of continuing sample members from Wave 2 did not respond in Wave 3. Attrition
between Waves 2 and 3 of the NIDS was 16% (De Villiers et al., 2014). Thus, results should be
interpreted with this limitation in mind and care should be taken in extrapolating findings beyond
the sample.

NIDS is not representative at sub-national levels, so estimates of district social capital
and other characteristics at the district level may not completely reflect true district levels. NIDS
cross-sectional post-stratification weights were applied in the calculation of district variables for
each wave. These weights render the data representative at the national level based on age, race,

sex, and the population distribution across provinces (Wittenberg, 2009). Unweighted district
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estimates of trust were highly correlated with weighted estimates (correlation coefficients > 0.8
and p-values <0.0001); Thus, we do not expect that our results would significantly change based
on different specifications or weighting schemes for calculating district trust. It should be noted
that because of the intention-to-treat (ITT) analysis used, the district-level trust values for
individuals who moved to new districts after Wave 1 may not accurately reflect the levels of
district trust to which they were later exposed. Nevertheless, ITT is beneficial for reducing
confounding and endogeneity, and the misspecification due to using ITT would be expected to
bias our results toward the null, leading to more conservative estimates.

Data used in this study are self-reported, so the potential for self-report bias is present.
Moreover, because both individual-level trust and depression are self-reported, they may be
associated due to common method bias, although in our case, the association between trust and
depressive symptoms was generally in the opposite direction to that expected. It is also possible
that the CES-D-10 scale may not capture depressive symptoms validly in this sample. The CES-
D-10 has been validated in various populations and used previously in South Africa (Folb et al.,
2015; Wong, Na, Tze, & Tian, 2015; Zhang et al., 2012). However, a study by Myer et al. (2008)
found that in a sample of HIV-patients from the Cape Town area, the full-length, 20-item CES-D
had a sensitivity of 79% (95% CI: 76%-83%) and specificity of 61% (95% CI: 56%-85%) in
detecting major depressive episodes when compared to the MINI-International Neuropsychiatric
Interview and performed better among individuals who spoke Afrikaans (mostly Coloureds in
the sample) compared to those who spoke Xhosa. In the present study sample, in spite of reverse
coding, the items on hope and happiness were not as highly correlated with the other eight items
in the CES-D-10 scale or were negatively correlated with them. When the hope and happiness

items were excluded from the scale, standardized Cronbach’s alpha values in this sample
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increased to 0.84 in Wave 1, 0.81 in Wave 2, and 0.80 in Wave 3. Nonetheless, when excluding
the hope and happiness items from the scale, depressive symptoms still showed a similar pattern
of decline across waves. Models from sensitivity analyses using depression scores computed
excluding the hope and happiness items were fairly similar to results obtained using the full
CES-D-10 score (available upon request). In addition, CES-D-10 scores were highly correlated
with scores excluding hope and happiness at around 0.90 (p<0.0001) in each wave.

Another limitation is that districts may not be the relevant areal unit for evaluating
contextual effects of trust on health. For example, districts may be too large and heterogeneous
to adequately assess impacts on health. Studies examining contextual social capital or social
disorder in South Africa that have observed associations with health outcomes have looked at the
neighborhood level (Lau & Ataguba, 2015; Tomita & Burns, 2013; Tomita et al., 2015b), while
some of the studies from other countries that did not observe contextual effects examined larger
administrative areas (Han, 2013). Thus, it is possible that the geographic units of most relevance
to individuals with regard to social capital are smaller areas such as neighborhoods. It is also
possible that the measure of trust used in this analysis may not be the best indicator of trust or
may not capture the elements of social capital that may be associated with mental well-being.
However, we were limited in examining other aspects of social capital because while some
waves of the NIDS include questions on membership in various groups and on perceptions of
neighborhood social characteristics such as helpfulness and crime, only the questions on trust
were asked in all three waves. Finally, despite using fixed-effects and controlling for time-
varying confounding, the possibility for residual time-varying confounding always remains in

observational research.
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Strengths of this study include its large sample size. The use of a scale to measure
depression provides an outcome that is not biased due to healthcare access and utilization.
Furthermore, we used data at multiple levels to help examine potential contextual effects of
cognitive social capital without falling prey to the ecological fallacy. This data structure also
allowed for another strength of the study which was the addition of cross-level interactions
between district- and individual-level trust. In addition, while many previous studies using
multilevel data have used random-effects models, the longitudinal nature of the data also allowed
us to employ a fixed-effects design. Although fixed-effects models are conservative in that they
look at only a small portion of the overall variation and are restricted to subjects whose exposure
changes over time, they reduce confounding by allowing individuals and units to serve as their
own controls, thereby eliminating the effects of all time-constant, between-person and between-
unit differences. They also explicitly test the question of whether a change in exposure is
associated with changes in outcomes. Thus, evidence from fixed-effects models, while still

observational, help to further causal inference compared to other statistical techniques.

Conclusion

The results of this analysis contribute to the study of social capital and mental health by
examining the question of whether social capital at an individual and community level protects
mental health in a region that has to date had relatively limited research on this topic. It also
examines the question in a country in which levels of cognitive social capital are very low,
therefore expanding the range of contexts in which social capital and health research has been
conducted. Our results suggest interesting avenues for further research and potential

clarifications on the hypotheses regarding cognitive social capital and its beneficial impacts on
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mental health. Such knowledge may aid in the development and tailoring of effective

interventions for social capital and health in different communities. In summary, whether trust is
helpful or harmful for depressive symptoms may depend on one’s context. In a society with very
high levels of distrust, having less trust in others may be healthier than being very trusting where

perhaps such trust is not warranted.
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Appendix A. National and District Council Gini Coefficients

CD(l)sl::cclti Name (district municipality) Gini, Com%l(l}l,;lty Survey Gmli OClelnsus

South Africa 0.77 0.78
101 West Coast 0.66 0.70
102 Cape Winelands 0.70 0.74
103 Overberg 0.69 0.71
104 Eden 0.72 0.74
105 Central Karoo 0.69 0.73
199 City of Cape Town 0.76 0.74
210 Cacadu 0.76 0.76
212 Amathole 0.68 0.69
213 Chris Hani 0.69 0.75
214 Ukhahlamba 0.71 0.76
215 O.R. Tambo 0.74 0.77
244 Alfred Nzo 0.74 0.73
260 Buffalo City 0.78 0.78
299 Nelson Mandela Bay Metro 0.78 0.76
306 Namakwa 0.67 0.73
307 Pixley ka Seme 0.75 0.73
308 Siyanda 0.72 0.72
309 Frances Baard 0.76 0.74
345 John Taolo Gaetsewe 0.78 0.75
416 Xhariep 0.66 0.74
418 Lejweleputswa 0.66 0.73
419 Thabo Mofutsanyane 0.76 0.74
420 Fezile Dabi 0.71 0.75
499 Mangaung 0.72 0.76
521 Ugu 0.77 0.76
522 UMgungundlovu 0.76 0.76
523 Uthukela 0.71 0.78
527 Umkhanyakude 0.80 0.75
528 Uthungulu 0.72 0.76
543 Sisonke 0.76 0.77
554 Umzinyathi 0.65 0.72
555 Amajuba 0.70 0.78
556 Zululand 0.77 0.75
559 iLembe 0.70 0.75

599 Ethekwini Municipality 0.75 0.76



g:)sl:;lccltl Name (district municipality) Gini, Com;l)l(l)l,;lty Survey GlnlioCleinsus
637 Bojanala 0.65 0.71
638 Ngaka Modiri Molema 0.74 0.77
639 Dr. Ruth Segomotsi Mompati 0.71 0.76
640 Dr. Kenneth Kaunda 0.71 0.77
742 Sedibeng 0.78 0.75
748 West Rand 0.71 0.72
797 Ekurhuleni' Metrppolitan
Municipality 0.76 0.75
798 City of J ohanne.sb.urg'
Metropolitan Municipality 0.79 0.77
799 City of Tshwane 0.78 0.75
830 Gert Sibande 0.74 0.77
831 Nkangala 0.76 0.74
832 Ehlanzeni 0.73 0.76
933 Mopani 0.70 0.77
934 Vhembe 0.69 0.74
935 Capricorn 0.73 0.78
936 Waterberg 0.72 0.74
947 Greater Sekhukhune 0.71 0.74

Gini coefficients based on equivalized household income using proxy midpoints of household
derived income categories from South Africa’s Community Survey 2007 and Census 2011.
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Appendix B. Additional Details on Variables Used in Analysis

Gini coefficient calculations:

Gini coefficients were calculated from household incomes in the Community Survey
2007 (CS 2007) and Census 2011. We derived household incomes in the CS 2007 from
individual gross income. To be consistent with the procedure used by Statistics South Africa to
derive household income in the Census 2011 (Statistics South Africa [Stats SA] 2014), we
allocated the Census 2011 “proxy midpoint” values to each income category for all individuals in
the CS 2007 (see Table B.1 below). We summed these midpoint values across all individuals in
each household, and then re-categorized the household sum according to the original census and
CS 2007 income categories. For the CS 2007 and Census 2011, we assigned each household an
annual income for their derived household income categories based on the census proxy
midpoint values and divided by 12 to approximate monthly household income. We equivalized
household incomes by dividing by the square root of household size, following the OECD
method (OECD N.d.), and deflated household incomes using August 2012—the NIDS Wave 3
modal month—as the base month, according to the Consumer Price Index (CPI) (Stats SA 2015).
For the CS 2007, the deflator used was the average of the CPI headline indices for the months
February 2006 through January 2007, corresponding to the 12 months preceding the CS 2007,
which was conducted in February-March 2007 and asked income in reference to the preceding
12 months (Stats SA 2007). The deflator we used for incomes in the Census 2011 was the
average CPI headline for the months of October 2010 through September 2011 which were the
12 months preceding census day (October 98-10%, 2011). We calculated district-level Gini
coefficients from the deflated monthly household income values using 2011 district boundaries

and applying household weights.



Alternative district Gini coefficients calculated using total or per capita household

income rather than equivalized household income, and using the numerical midpoint of the

household income categories rather than the census proxy midpoints were highly correlated with

those based on equivalized household income from census proxy midpoint values used in the

main analysis [correlation coefficients >0.90 (p<0.0001) for Community Survey 2007 and >0.80

(p<0.0001) for the Census 2011].

Table B.1. Census income categories and proxy values used to derive household income

(Stats SA 2014).
Census Income range/category (Rand) Proxy value allocated (Rand)
No income 0
1-4,800 3,200
4,801-9,600 7,200
9,601-19,200 13,576
19,201-38,400 27,153
38,401-76,800 54,306
76,801-153,600 108,612
153,601-307,200 217,223
307,201-614,400 434,446
614,401-1,228,800 868,893
1,228,801-2,457,600 1,727,786
2,457,601 or more 4,915,200

Alcohol Consumption: We estimated alcohol consumption based on two questions in the

adult survey. Respondents were was asked how often they consume alcohol (never, no longer,

less than once a week, on 1 or 2 days a week, on 5 or 6 days a week, or every day). We coded

those reporting drinking everyday as drinking 7 days a week. And those reporting never or no

longer drinking as drinking 0 days a week. For the other categories, we took the midpoint. The

number of standard drinks consumed per day of drinking was also asked and reported in the

following categories: 13 or more standard drinks, 9 to 12 standard drinks, 7 to 8 standard drinks,
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5 to 6 standard drinks, 3 or 4 standard drinks, or 1 or 2 standard drinks. For the categories that
provided a range of standard drinks, we took the midpoint. For those reporting 13 or more
standard drinks, we set the number of drinks to 13. We multiplied these estimates for days per
week of drinking and number of drinks consumed per day of drinking to create a number of
drinks consumed per week, and divided by 7 to estimate the number of drinks per day. Women
who averaged more than 1 drink per day and men who averaged more than 2 drinks per day were
classified as having high alcohol consumption. Data on alcoholic drinks per drinking occasion
were not available to capture binge drinking as defined by the Centers for Disease Control and
Prevention (CDC)(2014). However, we also classified respondents who reported drinking more
than 4 standard drinks on a day when they drink alcohol (e.g., 5+ drinks) as having high alcohol
consumption. In addition, women averaging 8 or more drinks per week and men averaging 15 or
more drinks per week [heavy drinking as defined by the CDC (2014)] were classified as having

high alcohol consumption.

Education:

Respondents were classified into the following six educational categories based on the
South African educational system (Department of Higher Education and Training N.d., James
Paola N.d., Jobs.co.za N.d., SouthAfrica.info 2012, Stats SA 2014):

Those reporting no schooling were classified as having no education. The category “some
general education and training (GET)” included those whose highest level of education was
Grade R/0 (optional reception year), or Grades 1-8 (e.g., Sub A through Standard 6 or Class 1
through Form 1). Those who had completed Grade 9/Standard 7 or Form 2 were classified as
completing GET. Those whose highest level of education was Grade 10 or 11, NTC 1 or 2,
Standards 8 and 9, Forms 3 and 4, or a certificate or diploma with less than Grade 12/Standard
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10 were classified as having some further education and training (FET). Those whose highest
level of education was Grade 12/Std. 10/Form 5/Matric/Senior Certificate as well as those whose
highest level of education was a certificate/diploma with Grade 12/Standard 10 and who reported
not having completed tertiary education or had missing tertiary education information were
classified as having completed FET. Those with a Bachelor’s degree-Level 4, Bachelor’s degree
and diploma, Honour’s degree, Higher degree (Master’s/Doctorate), or who had a
certificate/diploma with Grade 12/Std. 10 and also reported completing tertiary education were
categorized as having higher education. Those whose highest year of education was recorded as
“Other” but who reported a year in which they first attended Grade 1/Sub A and reported not
having tertiary education were classified as having some GET, since they were assumed to have
at least attended Grade 1. Those whose highest year of education was recorded as “Other” but
who also reported completing tertiary education were categorized as having higher education.

All others were coded as missing.

District-level covariates:

For all district covariates, individual or household weights were applied.

Mean income: We calculated mean deflated, monthly household incomes for each
district. We estimated monthly, equivalized gross household income in Rand for households in
the CS 2007 and Census 2011 using the same method described above in the Gini calculations.
The weighted mean was calculated for each district, and the log of these values was used in the
models. Alternative district mean household incomes calculated using total or per capita
household income rather than equivalized household income, or household incomes estimated

from the numerical rather than proxy midpoints of the household income categories were highly
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correlated (correlation coefficients > 0.99, p<0.0001) with the equivalized district mean
household incomes used in the analysis. Thus, different specifications were not expected to
impact results.

Adult Education: We used educational attainment of persons aged 15+ years to calculate

the percent of adults having acquired each level of education (as described above) at the district
level. Categories included in the analyses were the percent with no education, the percent with
completed further education, and the percent with tertiary education per district.

Adult Unemployment: We calculated the percent employed, percent unemployed, and

percent not economically active by district using employment status of persons aged 15-65 years.
Employment status in the CS 2007 was only asked for individuals aged 15 to 65, so although the
Census 2011 collected employment information for all persons aged 15+ years, the employment
status calculations were restricted to those aged 15-65 years for consistency. Percent not
economically active and percent unemployed were included in the models.

Percent Rural/Urban: We classified households whose geography was “rural” in the CS

2007 or “traditional” or “farms” in the Census 2011 as rural and those whose geography was
“urban” in the CS 2007 and the Census 2011 as urban. The weighted percent in each district who
were rural or urban were calculated for each dataset. The percent of the district population that
was rural was included in the models.

Mean age: For mean age, those aged 100 or more in the Census 2011 were top coded to
100 years to be consistent with the data provided in the CS 2007 which grouped all those aged

100+ years in one category.
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Appendix C. Baseline Characteristics for Individuals Excluded from the CVD Sample

Sample Size Proportion/ Mean (SD)
Total 7,515
Female 7,404 52.0%
Race 7,405
African 74.5%
Coloured 14.7%
Asian/Indian 2.0%
White 8.8%
Age 50+ 7,405 22.0%
Mean age (years) 7,405 35.8(17.9)
Highest education level 7,331
No education 11.4%
Some general education & training 28.8%
General education & training 9.1%
Some further education & training 24.0%
Further education & training 19.1%
Higher education 7.6%
Employment status 6,127
Employed 38.2%
Unemployed 18.0%
Not economically active 43.9%
Marital Status 6,255
Currently married/cohabiting 33.6%
Currently single 66.5%
Mean household size 1,971 2.7(1.9)
Percent receiving government grants 1,961 35.7%
Mean monthly household income (Rand) 1,971 7,007.7 (12,507.0)
Rural household 1,971 38.9%
Mean systolic blood pressure (mm Hg) 5,460 123.7 (22.4)
Mean diastolic blood pressure (mm Hg) 5,460 79.4 (13.7)
High blood pressure 5,461 26.7%
Mean body mass index (kg/m?) 5,410 25.0 (6.6)
Overweight 5,410 40.2%
Obese 5,410 18.7%
Mean waist circumference (cm) 5,360 84.3 (15.3)
High waist circumference 5,360 25.1%
Current smoker 6,228 23.4%
Physical inactivity 6,214 67.6%
High alcohol consumption 6,227 12.8%

133




Appendix D. Baseline Characteristics for Individuals Excluded from Paper 2 Analysis

Sample Size

Proportion/ Mean

(SD)
Total 7,097
Female 7,096 49.6%
Race 7,097
African 74.2%
Coloured 14.6%
Asian/Indian 2.1%
White 9.0%
Age (years) 7,097 36.2 (18.1)
Highest Education level 7,023
No Education 11.9%
Some General Education & Training 29.0%
General Education & Training 8.8%
Some Further Education & Training 24.03%
Further Education & Training 19.03%
Higher Education 7.52%
Monthly household income (Rand) 1,901 7,136.5
Household size 1,901 2.7(1.9)
Rural household 1,901 39.1%
Household receipt of government grants 1,891 34.9%
CES-D-10 Score 5,895 8.0 (4.9)
High depressive symptoms 5,895 33.4%
Employment status 5,813
Employed 38.7%
Unemployed 17.6%
Not economically active 43.7%
Marital Status 5,939
Currently Married/Cohabiting 33.7%
Currently single 66.3%
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Appendix G. District Generalized Trust

Percent not likely to trust

Percent very likely to trust

District

:;&;llc il gig(t;iicbtocl;);l;:g;?me Wavel Wave2 Wave3 | Wavel Wave2 Wave3
boundaries)

1 West Coast 89.68 90.63 81.96 3.60 5.70 5.14
2 Boland 88.29 88.91 85.12 2.98 3.22 6.12
3 Overberg 89.64 84.97 79.68 3.39 4.98 4.99
4 Eden 85.75 85.70 76.87 0.94 3.06 3.31
5 Central Karoo 97.93 88.21 94.22 0.00 1.12 1.23
6 Namakwa 90.73 38.29 84.88 1.83 41.48 5.37
7 Karoo 97.71 71.26 82.00 0.39 9.78 0.00
8 Siyanda 97.21 80.41 79.94 0.54 13.08 4.44
9 Frances Baard 77.17 94.44 88.16 11.47 1.57 2.29
10 Cacadu 90.31 95.10 69.22 4.66 3.02 11.86
12 Amatole 90.14 95.50 69.03 0.00 0.78 19.00
13 Chris Hani 92.91 94.82 80.92 0.05 1.53 12.36
14 Ukhahlamba 96.21 92.12 80.90 0.00 1.98 3.63
15 O.R. Tambo 97.49 93.41 69.75 0.00 3.32 11.44
16 Xhariep 73.46 55.50 93.14 16.02 41.09 3.83
17 Motheo 81.47 46.41 81.33 13.74 48.67 11.40
18 Lejweleputswa 80.80 61.69 75.34 5.32 32.84 12.37
19 Thabo Mofutsanyane 80.29 44.09 91.00 5.58 44.17 2.55
20 Northern Free State 94.42 87.27 59.77 0.60 8.76 11.82
21 Ugu 92.29 78.20 70.48 0.65 7.12 8.75
22 UMgungundlovu 89.83 75.67 72.32 6.67 12.24 11.22
23 Uthukela 77.47 58.73 78.60 21.78 17.03 12.22
24 Umzinyathi 79.07 81.96 88.08 11.94 13.62 3.34
25 Amajuba 94.75 78.08 83.43 0.00 12.14 2.30
26 Zululand 96.26 86.62 62.84 1.01 1.78 7.77
27 Umkhanyakude 96.62 64.89 72.04 0.00 13.34 20.58
28 Uthungulu 96.88 83.22 74.24 0.00 0.30 11.55
29 iLembe 96.71 76.08 70.42 0.16 8.14 19.36
30 Govan Mbeki 90.53 59.18 69.17 0.28 17.05 3.42
31 Nkangala 81.60 71.71 79.51 5.01 7.37 4.20
32 Ehlanzeni 82.13 85.93 85.40 6.05 1.50 0.70
33 Mopani 65.38 70.20 88.52 9.66 23.52 7.22
34 Vhembe 84.54 59.81 95.01 5.56 21.78 0.09
35 Capricorn 87.68 72.38 76.73 4.65 19.04 8.98
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Percent not likely to trust

Percent very likely to trust

District

council District council name Wave Wave Wave Wave Wave Wave
(2001 (2001 boundaries) 1 2 3 1 2 3
boundaries)

36 Waterberg 74.59 94.46 67.63 3.27 0.40 12.73
37 Bojanala 80.78 79.08 73.37 1.02 12.16 3.05
38 Central 75.60 94.93 76.79 10.56 0.81 13.78
39 Bophirima 85.99 83.92 81.98 5.37 4.13 8.69
40 Southern 89.00 68.98 92.09 8.17 16.20 0.00
42 Sedibeng 77.12 96.24 91.30 7.33 0.23 1.98
43 Sisonke 85.65 85.61 86.21 0.00 4.63 7.60
44 Alfred Nzo 95.63 84.05 86.72 0.00 1.19 6.08
76 City of Tshwane 86.12 83.95 81.43 5.46 3.32 6.27
81 Kgalagardi 82.53 75.44 85.44 7.60 16.13 1.60
82 Metsweding 90.10 83.64 91.76 0.45 2.26 0.85
83 Sekhukhune 85.29 73.58 71.26 2.95 13.93 421
84 Bohlabela 77.27 54.39 79.63 8.38 27.90 1.25
88 West Rand 90.29 81.24 86.15 7.48 7.03 0.02
171 City of Cape Town 84.22 82.07 81.97 6.33 8.37 8.18
275 Nelson Mandela Bay Metro 94.82 83.03 74.74 0.74 12.78 15.90
572 Ethekwini Municipality 85.12 86.60 79.08 3.74 7.44 6.53
773 ﬁj‘ﬁ‘c‘ﬂi&ige“"po“tan 85.12 8722 9076 | 599 605  5.63
774 City of Johannesburg 89.66 8402 8190 | 688 737 933

Metropolitan Municipality
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Appendix F. List of Supplemental Files

Supplemental File 1. Model Results for Income Inequality and Cardiovascular Disease Risk
Factors
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