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Abstract

This study estimates the effect of diabetes on labour market outcomes (employment, unemployment
and labour force paricipation) in South Africa using data from the South African General Household
Survey (2018). We first examine the possibility that diabetes status is endogenous, through the application
of heteroscedasticity-based instruments. Internal instruments meet the underlying diagnostic expectations,
but do not consistently accept the endogeneity hypothesis. Thus, we turn to multinomial logit models,
ignoring endogeneity, to estimate the effect of diabetes. Our findings indicate that diabetes has differential
effects for men and women, where the magnitude of the effect tends to be larger (in absolute value) for
women.

1 Introduction

South Africa is on the verge of a Type II Diabetes mellitus (diabetes) crisis. Diabetes is one of the leading

causes of mortality in the country, accounting for 5.4 percent of deaths in 2015 (Statistics South Africa

2014). According to the World Health Organization, approximately 9.8 percent of the population suffers from

Diabetes, and the prevalence rate is expected to rise to 30 percent by the year 2030. In recognition of the

substantial individual and government costs of the disease, diabetes is a ‘national health priority area’ in

South Africa (National Planning Commssion 2012). To curb the prevalence of diabetes, the South African

government adopted a policy in April 2018 to tax sugar-sweetened beverages (SSBs), on the assumption

that increased SSB prices will deter consumers from purchasing these beverages, thereby reducing sugar

consumption. Since the consumption of SSBs has been linked to non-communicable diseases, such as Type II

Diabetes (Basu et al. 2014; Malik et al. 2010), it is further assumed that the reduction in sugar consumption
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will yield concomitant reductions in diabetes, or at least slow its expected rise and help reduce individual

and government costs associated with the disease. Furthermore, as we describe more fully below, reductions

in diabetes could also yield improvements in the labour market, which would yield additional improvements

for government (increased tax revenues) and the economy.

Globally, the number of people living with diabetes and the number of deaths due to diabetes has also

increased over the years. An estimated 422 million adults worldwide were living with diabetes in 2014 as

compared to 108 million in 1980. In 2012, diabetes was responsible for 1.5 million deaths in the world (World

Health Organization 2016). Most of the deaths attributable to high blood glucose or diabetes occur prior to

age 70 and the mortality rate is higher in low- and middle-income countries than in high-income countries

(World Health Organization 2016).

In addition to imposing large morbidity and mortality costs, diabetes and its complications impose substantial

economic costs on people with diabetes and their families, as well as to health systems and national economies

(Kirigia et al. 2009). Diabetes exerts three broad categories of economic cost; direct healthcare costs, indirect

healthcare costs and intangible costs (Jonsson 1998). The direct healthcare costs include medications and

consultations and hospitalisation for the condition, itself, and for its complications. The indirect healthcare

costs include other expenses, such as travelling to health care facilities, productivity loss associated with

morbidity, as well as the loss of income due to mortality, morbidity and disability associated with diabetes

and its complications. The intangible costs include losses due to physical and psychological pain (Kirigia et

al. 2009), which is difficult to quantify. According to the International Diabetes Federation (IDF), estimated

global diabetes health care costs were at least 376 billion USD in 2010. In South Africa, the national economic

burden was forecast to be 865 thousand USD in 2011. The IDF estimates that approximately seven percent

of total health expenditure went to diabetes care amongst adults aged 20 – 79 in 2010. It is further estimated

that expenditure will rise by 30 – 34 percent by 2030 in developing countries. In South Africa, these costs

will rise to between 1.1 – 2 billion USD by 2030 (P. Zhang et al. 2010).

Over the years, numerous studies have investigated the direct and indirect cost of diabetes. Most of the

studies use the human capital approach to determine direct costs of illness, lost income and lost hours, due to

morbidity and mortality. A review of the global evidence argues that the studies in low and middle-income

countries mostly focus on the direct costs of the disease, whereas evidence on labour market effects remains

scarce (Seuring, Goryakin, and Suhrcke 2015). Mutyambizi et al. (2018) agree; their review of diabetes costs

in Africa suggests a similar focus on the direct cost of diabetes. Globally, the impact of diabetes on labour

market outcomes is primarily available for upper-income countries (Brown III, Pagan, and Bastida (2005);

Latif (2009); Seuring, Archangelidi, and Suhrcke (2015)). Thus, there is a need to learn more about labour
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market effects in less developed countries that, as in the case of South Africa, have relatively high levels of

diabetes.

A number of studies have investigated the relationship between poor health outcomes and labour force

outcomes in several countries (X. Zhang, Zhao, and Harris 2009; J. Brown et al. 2012; Pharr, Moonie,

and Bungum 2012; Norström et al. 2019). Current evidence suggests that poor health is associated with

unemployment whilst healthier people are more likely to gain and retain employment. Whilst the correlation

between health and employment has been well established, the causal relationship seems to work in both

directions. Evidence from research shows that being employed can lead to better health in two ways. Firstly,

individuals who are employed have income which provides financial means to access better healthcare,

nutritious food and better sanitation which are all determinants of health (Schaller and HuffStevens 2019;

Zavras et al. 2019). On the other side individuals who are unemployed have increased risk for mortality,

physical illness, psychological stress and family breakdown (Wilson and Walker 1993). Secondly being

employed has been associated with psychological benefits such as better self-esteem and a sense of purpose

and identity (Noordt et al. 2014; Cottini and Ghinetti 2018). Furthermore, having work has been shown to

facilitate recovery from illness and enhance mental health (Modini et al. 2016).

Focusing more closely on diabetes, most of the studies show that diabetes has a negative impact on labour

outcomes, and some evidence, but not consistent evidence of endogeneity. Pedron et al. (2019) argues that

few studies include co-morbidities, control for endogeneity or differentiate between type I and type II diabetes,

which may lead to over-estimated impacts. For those that do consider endogeneity, the methods rely on

genetic instrumentation; however, the results from that literature is also not consistent. Brown III, Pagan, and

Bastida (2005) use family diabetes history as an instrumental variable, finding a substantial negative effect

on employment for men but not for women. Furthermore, diabetes is endogenous for women, but not men.

Latif (2009) follows a similar approach, but is able to more finely distinguish between the possible genetic

pathways.1 Those results point to a significant negative impact on female employment, but no significant

impact on the employment of non-white Canadians. Furthermore, there are endogeneity differences by gender,

such that assuming exogeneity yields over-estimates of the diabetes impact on male employment. In Taiwan,

Lin (2011) finds that diabetes has a negative and significant effect on employment, the magnitude is larger

for men than for women and the null hypothesis of exogeneity is rejected.

The preceding research has focused exclusively on developed economies. We were only able to find studies for

one other developing country. Seuring, Goryakin, and Suhrcke (2015) analyses data from the Mexican Family
1The five instrumental variables incorporate paternal Diabetes (as well as having died from the disease), maternal diabetes

(also, having died from it) and sibling diabetes.
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Life Survey with mother and father diabetes status as instruments. Their analysis finds that Diabetes reduces

employment for men (about 10 percentage points) and women (about 4.5 percentage points), although they

find no indication that diabetes is endogenous. Seuring, Serneels, and Suhrcke (2019) apply fixed effects

methods, finding employment reductions around 5.5 percentage points for both men and women.

Although there are a number of studies in the literature, they rarely consider developing countries. As noted

previously, diabetes affects about 10% of the South African population, currently, and is expected to affect

close to 30% of the population within the next 15 years. Moreover, the majority of individuals with diabetes

are less than 64 years of age, with the highest incidences (54%) reported between the ages of 35 and 54 years

(Bertram et al. 2013), the “most economically active” population in most countries, including South Africa.

Furthermore, in Africa, approximately 76% of diabetes deaths occur in people younger than 60 years of age,

compared to the global proportion of 49% (International Diabetes Federation, 2013). The situation is further

exacerbated by the prevalence of undiagnosed diabetes, which could be as high as 46% in upper-middle

income countries (Peer et al. 2014).

The high prevalence of diabetes is concerning, given that healthy workers are an important economic asset for

a nation. When people cannot work, due to serious health problems, they cannot fully support their families,

let alone a nation, because they do not generate economic output or pay taxes on earnings (Davis et al.

2005). Not only that, when people are healthy, the government incurs smaller health-related expenditure, and,

therefore it is able to invest in education or to upgrade infrastructure, which will enhance overall economic

productivity.

Given the prevalence of diabetes in the working age group (Bertram et al. 2013), and its expected future

prevalence, as well as other features of the South African economy, it is possible that the effects of diabetes

are more nefarious in South Africa than in other countries. It is not known, however, whether the effects

of diabetes are worse in South Africa than in other countries previously investigated, or even whether

diabetes can be tied causally to labour market outcomes in South Africa. Therefore, we add to the literature

by investigating the effect of diabetes on the labour market in a developing country that has both high

unemployment and high diabetes prevalence rates. We do so using very recent data, which comes from the

2018 General Household Survey (@ Statistics South Africa 2019a). As with previous literature, we consider

the possibility that diabetes and labour market outcomes are endogenously determined; however, because we

do not have typical instruments, we, instead, consider identification through heteroscedasticity (Lewbel 2012,

2018).

We are not the first researchers to consider health and labour market issues in South Africa. Given the rate of
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HIV/AIDS in the country, understandably, South African research has often focused on it (Arndt and Lewis

2000; Levinsohn et al. 2013; Young 2005), although more recent research considers obesity (Some, Rashied,

and Ohonba 2016) and self-assessed poor health (Nwosu and Woolard 2017). Other research considering

health and the labour market includes Lawana et al. (2020), who consider a number of non-communicable

diseases, including diabetes, within a recursive system that assumes normality. Lawana et al. (2020) also

focus exclusively on participation. Thus, we complement this local literature by offering a more nuanced

examination of the labour market and its endogeneity.

2 Methodology

Our interest is in the effect of diabetes on the labour market, specifically whether diabetes increases or

decreases the probability of labour force participation and/or employment (amongst participants). Thus, we

estimate models, such as the following:

prob(` = j) = f(dτj + xβj + uj), (1)

where d is a dummy variable denoting diabetes status, x represents a series of control variables, which

we discuss below, and ` represents the labor market outcome of interest. Labour market outcomes are

multinomial: employed, unemployed or non-labour force participant, although it is possible to look at subsets

of these outcomes.

j =


n if not a labour force participant

u if unemployed

e if employed

(2)

Given the multinomial structure, we would prefer to specify the labour outcomes following a multinomial

logit model, such that

prob(` = j) = dτj + xβj∑
k exp (dτk + xβk) . (3)

However, we since there might be endogeneity in diabetes, we consider other specifications.

2.1 Potential endogeneity

A major concern in the analysis is that diabetes status might be endogenous. It could be measured with

error, as individuals may not be aware of their status. It is also possible that early life health issues, such

as those related to diabetes, impacted education success, and, therefore, labour market prospects. Also, as
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noted by Minor (2011), diabetes is likely to affect work decisions, while work decisions are likely to influence

both diet and exercise, and, therefore, the ability to either contract or contain diabetes.

Solving the endogeneity issue, whether estimation follows a multinomial structure or not, requires instrumen-

tation. In the literature, it is common to instrument with genetic indicators of diabetes (Brown III, Pagan,

and Bastida 2005; Latif 2009; Lin 2011). The South African General Household Survey, which underpins

this analysis, is not designed to capture parental information, and, therefore, we are not able to use genetic

instruments. Specifically, the survey only captures data as parental data for parents living with their children.

Relatively few parents are living with their working age children, and, in fact, elderly adults in need of care

may be more likely to be living with their children, if their children are in a position to care for them. In

other words, the survey is more likely to capture children (of rather elderly adults) who are more likely to be

working, and, therefore, the genetic instrument would not be randomly distributed.

Since the outcomes are multinomial, and the multinomial model is nonlinear, direct application of instrumental

variable methods through, for example, two-stage least squares is not appropriate. One solution in such a

setting is to follow Imbens and Newey (2009), which is a control function approach requiring the estimation of

a conditional cumulative distribution function; it also requires an instrument. Koch and Tshiswaka-Kashalala

(2018) apply this in estimating the demand for contraceptive efficacy. Unfortunately, as previously implied,

an instrument is not readily available in our data. Instead, one could consider a method proposed by Dong

(2010), which is similar in spirit to Imbens and Newey (2009), but does not require an instrument. However,

Dong (2010) does not explicitly allow for binary endogenous variables; rather, it requires the underlying

support of the estimated error associated with the endogenous variable to be large.2

Given the aforementioned issues with the availability of a suitable instrument, as well as the inappropriateness

of Dong’s (2010) simple estimator, we were left with the option of applying Lewbel (2012) and Lewbel (2018),

identifying the endogenous effect through heteroscedasicity within a linear setting. Lewbel (2018) proves that

the method can be used when the endogenous regressor is binary, although the proof does not guarantee

its validity. Following this approach, we have a series of triangular linear models like the following, where k

represents any binary outcome pair that can be derived from the set: employed, unemployed, non-participant.

`k = xβk +Dτk + vk (4)

D = xδ + u (5)

2In preliminary analysis, we followed Li and Racine (2004), which is implemented by the np package (Hayfield and Racine
2008) in R (R Core Team 2020), to estimate the residual from the first stage. We applied a Gaussian kernel for the continuous
variables and the Li and Racine (2007) kernel, which is an extension of the kernel proposed by Wang and van Ryzin (1981) that
works well for both ordered and unordered discrete variables. Our estimated residual was neither continuous nor offered a large
support, and, therefore, we did not consider this avenue any further.
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The underlying identification assumptions are (i) second and third moments of x, `k and d are identified by

the data and (ii) x is independent of both u and vk, while the cov(Z, vku) = 0, for some Z, and cov(Z, v2
k) = 0.

The variables Z can be a subset of variables from x and/or a more standard instrument. The identification of

second and third moments (distributional features) are not limiting in the LPM analysis; rather, other concerns

arise. For instance, a typical instrumental variable identification concern arises from the assumption that the

remaining x variables are exogenous. We test for the appropriateness of these instruments using standard

tests. Furthermore, in this setting, there is also a concern that the zero heteroscedasticity identification

assumption holds. We use mean-centered values of wealth levels, marital status, ethnic group, location, level

of education and the number of children (young and old, separately) in our Z. Given that the method does

not require standard instruments, it is recommended when traditional instruments are not available or it is

suspected that a proposed instrument is too weak for identification. The approach has been used extensively

in the literature, see T. T. Brown (2014), Awaworyi Churchill, Ocloo, and Siawor-Robertson (2017), J. R.

Brown, Coile, and Weisbenner (2010) and Drichoutis, Nayga, and Lazaridis (2012) for a few examples applied

to health related questions.

Therefore, when considering endogeneity, rather than specifying a multinomial structure, we treat the

multinomial outcomes as a set of binary outcomes, instead, such as: (i) employed vs. unemployed, employed

vs. not active and unemployed vs not active, and (ii) employed vs. not employed, active vs. not active and

unemployed vs. not unemployed. One advantage of the linear probability model (LPM) structure in equation

(4) over the multinomial (MNL) model, other than being able to apply internal instrumental variables, is

that consistent MNL estimates arise only if the model, which includes both the linear index specification and

the underlying error distribution assumption, are correctly specified. Potential specification issues include

missing variables and independence of irrelevant alternatives (IIA) – the idea that any binary comparison

that can be derived from the multinomial outcomes would be the same regardless of which other outcomes

remained in the model – as well as an incorrectly specified error distribution.

The LPM structure offers a solution to these problems, as it does not require a specific error distribution.

However, it is mis-specified, since it does not account for the discrete nature of the outcome, while the

error term necessarily depends on the independent variables (Lewbel, Dong, and Yang 2012). Furthermore,

although it is often claimed that the LPM offers a reasonable estimate of the treatment effect at the mean

(Angrist and Pischke 2009), Lewbel, Dong, and Yang (2012) offer a simple counterexample showing where the

estimated sign of the treatment effect is incorrect. Given that we find only limited support for the endogeneity

hypothesis, we present both LPM and MNL estimates that assume exogeneity, the similarity of the results

across these models offers corroborating evidence on the effect of diabetes on the labour market.
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2.2 Data source

The present study uses the 2018 General Household Survey (GHS) conducted by Statistics South Africa

(2019a). The GHS is a nationally representative household survey conducted yearly. It targets households

and workers’ hostels, but does not attempt to capture military barracks or student hostels. A total of 20 908

households (including multiple households) were successfully interviewed face-to-face; within those households

71 137 individuals stayed together at least four nights per week, and, therefore, were included in the sample.

Accounting for our age limitation and missing information for some of the covariates that we discuss, below,

our analysis sample consisted of 27 843. Interviews were conducted with a knowledgeable household member,

and information on a wide range of demographic, social, economic and health related topics was collected.

For a summary of survey outcomes, see Statistics South Africa (2019b).

In 2018, the response rate was 88.6% and there were extensive differences by location. For example, the

response rate was 98.8% in Limpopo, a relatively rural and poor province, but was only 68.0% in the City of

Johannesburg and 71.9% in the City of Tshwane. These two cities are located in Gauteng, the business and

government epicenter of the country, such that many households cannot be reached during the day. Survey

weights are available to make the data representative and those weights account for non-response; however,

they are meant to match on five-year age bands, ethnicity and gender. Given that neither labour market

outcomes nor diabetes outcomes are randomly distributed across these categories, it may not be appropriate

to use weights in the analysis. Thus, we do not use weights in the analysis. It should be noted, however, that

all interpretations should remain limited to the sample. Given our interest, we further limit the sample to

individuals aged from 25 to 60. Accounting for our age limitation and incomplete information for some of the

covariates, our analysis sample consisted of 33 604 observations.

2.3 Control variables

We consider a number of covariates shown to be of importance in the literature. Diabetes risk increases with

age (Fletcher, Gulanick, and Lamendola 2002; Kasiam et al. 2009). Furthermore, employment rates have

been shown to differ by age group in South Africa (Statistics South Africa 2018). We further include ethnicity

indicators, because diabetes prevalence often differs by ethnic group (Fletcher, Gulanick, and Lamendola

2002; Klimenditis et al. 2011). South Africa’s apartheid past has led to wide differences in human capital

accumulation by population group (Gamede 2017), as well as labour market access and success (Burger

and Jafta 2006). Thus, ethnicity is also expected to affect employment, possibly through labour market

discrimination, as well as possible differences in genetic susceptibility to diabetes.
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The level of education is included in our analysis, since education is related to diabetes (Bachmann et al.

2003; Lee, Kim, and Han 2013), health seeking behaviour and labour market outcomes. In South Africa,

education attainment has been shown to significantly improve employment prospects (Branson and Leibbrandt

2013). For the analysis, we use dummy variables for primary, secondary, certificate, degree or postgraduate

qualification, with ‘no schooling’ as the base measure of education.

We include a number of additional sociodemographic characteristics to capture their relationship with

employment status and lifestyle habits which could result in Diabetes. A number of these are more carefully

examined by Lawana et al. (2020). One is marital status (using indicators for single, the reference category,

married and divorced/widowed). A number of studies find increased labour force participation (perhaps

employment), as well as higher earnings, for married males. However, there is decreased labour force

participation, employment and earnings for females (Ntuli 2007). Furthermore, marital status is a risk factor

for Type II Diabetes in men (Cornelis et al. 2014).

We also separately include the number of children under the age of 6, which is the age children generally

begin school, as well as under the age of 18, residing in the household, because child bearing increases the

risk of gestational diabetes and ultimately Type II Diabetes in women (Bellamy et al. 2009). In addition,

studies find reduced employment for women (Troske and Voicu 2009) compared to men (Cools, Markussen,

and Strøm 2017), when there are young children in the household.

Further variables relate to dwelling and location. South Africa is a large and diverse country with regional

socioeconomic differences, and, therefore, we also account for potential provincial differences in diabetes

prevalence (Maier et al. 2013) and employment (Statistics South Africa 2014) with provincial indicators;

Limpopo is our reference province.

To account for socioeconomic status, we incorporate wealth in the analysis. The association between wealth

and health has been studied extensively, the causal direction between wealth and health is, however, uncertain

(Smith 1999). In terms of diabetes, some studies show a positive association between increased wealth and

diabetes prevalence (Hosseinpoor et al. 2012), whilst others find an inverse relationship between wealth

and prevalence (Tanaka, Gjonca, and Gulliford 2011). Wealth is also correlated with attachment to the

labour force. Previous studies consider the association between wealth and labour force participation using,

housing/non-housing (Amedah and Fougère 2017; Fu, Liao, and Zhang 2016) inheritance (Amedah and

Fougère 2017; J. R. Brown, Coile, and Weisbenner 2010) lottery winnings (Imbens, Rubin, and Sacerdote

2001) and rental subsidies (Jacob and Ludwig 2012) finding a negative relationship between wealth and labour

supply. Similar, and potentially exogenous, wealth data is not available for us. Instead, households are asked
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to supply their self-assessed wealth on a six-point scale from wealthy to very poor. Although self-assessed

responses may not be objectively accurate, we believe they will reasonably reflect the relative conditions of

each household.

We consider one additional control variable, which relates to a slightly different literature that examines, the

impact of chronic diseases, such as diabetes, hypertension and cardiovascular disease on labour outcomes

(Kouwenhoven-Pasmooij et al. 2016; Unmuessig et al. 2016; de Boer et al. 2018). From this literature, we

know that individuals with chronic disease have a high probability of early retirement and unemployment (de

Boer et al. 2018) and that co-morbidities might also influence employment outcomes (Pedron et al. 2019).

Therefore, we include hypertension, because of its high prevalence in individuals with diabetes (Nowakowska

et al. 2019; Long and Dagogo-Jack 2011). According to Long and Dagogo-Jack (2011), 75% of individuals

with diabetes have hypertension. These two conditions have the same risk factors and complications, such

that the existence of one is a predisposition to the other.

3 Results

We present our findings in the following subsections, beginning with a brief overview of the analysis variables,

followed by our analysis of endogeneity via a series of linear probability models. These models suggest that

endogeneity is not observed across all outcomes. For that reason, we return to the multinomial model to

examine the relationship between diabetes, age and labour market outcomes for both men and women.

3.1 Descriptive statistics

Summary statistics are presented in Table 1, separated by diabetes status. Explicitly, that is determined

by whether or not the individual in the household has been tested for diabetes, and the household survey

respondent knows. Thus, although we accept that there might be measurement error in the reported value,

and, therefore, we do consider that possibility in the analysis, we report the data, as it is. Less than 1 000 of

the 33 604 are reported to have diabetes, and whether it is Type I or Type II is not available in the data.

Table 1: Summary statistics of analysis data: GHS 2018 Note:

Numbers listed for categorical variables represent the number of observations of

that category; the rounded percent of observations in that subgroup is presented

in parenthesis. For age, the mean is presented with its standard deviation,

separated by ±.

Variable Men w/ Diabetes Men w/o Women w/ Diabetes Women w/o
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Labour Force Participation

Employed 219 (68) 8,361 (67) 262 (45) 7,162 (50)

Unemployed 20 (6) 2,030 (16) 22 (4) 2,446 (17)

Inactive 84 (26) 2,133 (17) 294 (51) 4,810 (33)

Possible Co-Morbidities

Hypertension 142 (44) 706 (6) 355 (61) 1,647 (11)

Ethnic Group

African 200 (62) 10,258 (82) 421 (73) 11,856 (82)

Mixed 79 (24) 1,171 (9) 100 (17) 1,421 (10)

Asian 19 (6) 293 (2) 27 (5) 260 (2)

White 25 (8) 802 (6) 30 (5) 881 (6)

Marital Status

Living Together 200 (62) 10,258 (82) 421 (73) 11,856 (82)

Living Apart 79 (24) 1,171 (9) 100 (17) 1,421 (10)

Never Married 19 (6) 293 (2) 27 (5) 260 (2)

Education

No Schooling 12 (4) 357 (3) 35 (6) 526 (4)

Some Schooling 78 (24) 2,445 (20) 198 (34) 2,625 (18)

Completed Grade 9 26 (8) 957 (8) 47 (8) 1,026 (7)

Completed Grade 10 40 (12) 1,574 (13) 58 (10) 1,629 (11)

Completed Grade 11 33 (10) 1,763 (14) 52 (9) 2,150 (15)

Completed Grade 12 69 (21) 3,713 (30) 117 (20) 4,330 (30)

First Year University 9 (3) 317 (3) 6 (1) 373 (3)

Second Year University 26 (8) 467 (4) 29 (5) 659 (5)

Completed University 17 (5) 573 (5) 22 (4) 708 (5)

Completed Honours 10 (3) 210 (2) 10 (2) 225 (2)

Completed Masters 3 (1) 120 (1) 1 (0) 141 (1)

Completed Doctorate 0 (0) 28 (0) 3 (1) 26 (0)

Wealth Status

Wealthy 2 (1) 115 (1) 2 (0) 137 (1)

Very comfortable 18 (6) 564 (5) 29 (5) 658 (5)
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Reasonably comfortable 92 (28) 2,340 (19) 130 (22) 2,701 (19)

Just getting by 152 (47) 6,219 (50) 279 (48) 7,199 (50)

Poor 47 (15) 2,464 (20) 106 (18) 2,896 (20)

Very Poor 12 (4) 822 (7) 32 (6) 827 (6)

Residence

Rural 59 (18) 3,809 (30) 175 (30) 4,998 (35)

Urban 264 (82) 8,715 (70) 403 (70) 9,420 (65)

Province

Western Cape 68 (21) 1,403 (11) 100 (17) 1,532 (11)

Eastern Cape 30 (9) 1,455 (12) 86 (15) 1,871 (13)

Northern Cape 27 (8) 573 (5) 36 (6) 672 (5)

Free State 20 (6) 678 (5) 33 (6) 852 (6)

KwaZulu-Natal 51 (16) 2,146 (17) 139 (24) 2,534 (18)

North West 19 (6) 823 (7) 28 (5) 861 (6)

Gauteng 74 (23) 3,217 (26) 82 (14) 3,315 (23)

Mpumalanga 17 (5) 1,051 (8) 38 (7) 1,222 (8)

Limpopo 17 (5) 1,178 (9) 36 (6) 1,559 (11)

Age

mean (sd) 49.80 (8.22) 39.12 (9.88) 51.27 (7.45) 39.91 (10.12)

Children Under 18

mean (sd) 1.25 (1.52) 1.18 (1.53) 1.59 (1.61) 1.86 (1.76)

Children under 6

mean (sd) 0.35 (0.67) 0.40 (0.71) 0.50 (0.80) 0.62 (0.85)

The descriptive statistics suggest a high level of hypertension co-morbidity, as expected, and that those with

diabetes are relatively more likely to be older females of mixed race, who are living apart from their spouse

(either due to death, separation or divorce) and generally less educated; they also tend to lie within the

upper-middle portion of the wealth distribution, at least in their own view. They are also relatively more

urban, although less likely to be from Gauteng, a largely urban province and the locale for both Johannesburg

and Pretoria. We also see that they are relatively more likely to be non-labour force participants and less

likely to be unemployed than those who do not have diabetes.
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3.2 Diabetes and endogeneity

Given our goal of estimating the impact of diabetes on common labour market outcomes, as well as the

possibility that diabetes status is mismeasured or endogenous for other reasons, we begin by examining the

exogeneity of diabetes status within the triangular linear system outlined in (4). We undertake that analysis

applying heteroscedastic instrumental variables regression, as outlined by Lewbel (2012) and Lewbel (2018).

We estimate the model using the REndo package (Gui et al. 2020) in R (R Core Team 2020), which also

accommodates heteroscedasticiy-consistent standard errors via the sandwich package (Zeileis 2004, 2006) and

standard instrumental variable (IV) diagnostic tests, including a test of endogeneity - our main interest - a

test of weak instruments and a test of overidentification, via the AER package (Kleiber and Zeileis 2008).

Although our main interest is in endogeneity, we also discuss the estimated diabetes effect on labour market

outcomes.

We undertook two separate analyses. In the first, we take subsamples, such that the linear probability model

accounting for endogeneity compares: (i) employed and unemployed, in which case the non-participants are

ignored; (ii) employed and non-participation, which ignores the unemployed; and (iii) the unemployed and

non-participants ignoring the employed. Across these subsets, we estimated both heteroscedasticity IV linear

probability models, as well as uncorrected linear probability models. Those results are presented in Table 2,

which is limited to the estimated diabetes effect (corrected and uncorrected), along with model diagnostics.

The full set of results are available in Appendix Table A.1, which assumes exogenous diabetes, and A.3, which

does not. We find some evidence of endogeneity in this analysis; however, it is only for men and only for the

effect of diabetes on employment relative to non-participation.3

Our results suggest that women are statistically significantly more likely - approximately 6% - to be employed

than unemployed, if they have diabetes. Furthermore, they are statistically significantly less likely (ranging

from 5–9%) to be employed or unemployed, as opposed to not participating in the labour force. As noted

above, these results are based on exogenous diabetes, given that we do not find evidence that diabetes is

endogenous for women. For men, there is no statistically significant effect of diabetes on employment, relative

to unemployment. However, there is an estimated 13% statistically significant reduction, at the mean, in their

probability of employment relative to non-participation, arising from endogenous diabetes; it is estimated

to only be around 5% if diabetes is not endogenous. For unemployment, relative to non-participation, the

exogenous effect (which cannot be rejected) is approximately 8%, while the endogenous effect is estimated to

lie between 13% and 14%.
3In additional analysis not reported, we examined the sensitivity of our endogeneity conclusion. If we limited our internal

instruments to only household wealth, no endogeneity was uncovered; for all other combinations of internal instruments,
endogeneity was robust.
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Table 2: Linear probability model of the effect of diabetes on

labour market outcomes, where the endogeneity is identified from

heteroscedasticity, along with instrument diagnostics

Emp(=1) v Unemp(=0) Emp(=1) v NLFP(=0) Unemp(=1) v NLFP(=0)

Males Females Males Females Males Females

Diabetes (Unorrected) 0.0165 0.0593c -0.0498c -0.0467c -0.0837d -0.0848a

(0.024) (0.025) (0.022) (0.020) (0.048) (0.026)

Diabetes (Corrected) 0.0508 0.0270 -0.1294a -0.0744 -0.1355a -0.0787c

(0.031) (0.040) (0.041) (0.055) (0.046) ( 0.036)

Weak Instruments 282.533a 104.625a 336.728a 103.195a 283.247a 111.826a

Wu-Hausman 1.100 0.376 8.558a 0.326 1.665 0.017

Sargan 14.309 15.961 29.167d 22.954 13.940 10.091

The dependent variable is binary, with values and lables listed in the column headers. Results include

exogenous (Uncorrected) and those that allow for the endogeneity of diabetes (Corrected) using mean-

centered values of wealth levels, ethnic group, marital status, location, education level and number of

children (young and old) for identification. Instrumental variable diagnostic tests include: a test of

weak instruments, endogeneity (Wu-Hausman) and overidentification (Sargan). In each case, the test

statistic is provided along with its significance, i.e., the probability that the null hypethesis is true, where

the following notation and probability levels are assumed: a - 0.005, b - 0.01, c - 0.05, d - 0.1. Emp is

employed, Unemp is unemployed and NLFP is non-participant in the labour force. Heteroscedasticity

corrected standard errors reported for the diabetes estimate.

In the second analysis, we use all the data and focus on simple labour market indicators, such as: (i)

employed and not employed, in which case the non-participants are also not employed; (ii) unemployed

and not unemployed, where the employed are lumped with non-participants; and (iii) participants and

non-participants. For each of these comparisons, we estimated an uncorrected linear probability model, as well

as a heteroscedasticity IV linear probability model. A subset of results from these regressions are presented in

Table 3. As before, it is limited to the estimated diabetes effect (both corrected and uncorrected), along with

model diagnostics. The full set of results are available in Appendix Table A.2, which assumes exogeneity,

and Table A.4 for the heteroscedastic IV models. We also find evidence of endogeneity in this analysis, and,

again, it is only for men and only for labour force participant compared to non-participant. As we found
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above, the estimated corrected diabetes effect is more than double the uncorrected estimate; however, given

the IV application, the underlying standard errors are also much larger.

Women are found less likely to be unemployed than not, as well as less likely to be participating in the

labour force than not. The statistically significant estimates range from 4%-7%, assuming exogeneity, which

cannot be rejected. For men, diabetes is only found to be endogenous and statistically significant, when

comparing labour force participation and non-participation. In that regard, diabetes is found to reduce

participation by approximately 14%. For both men and women, diabetes is found to be both exogenous in

the employed-v-not-employed comparison and statistically insignificant.

Table 3: Linear probability model of the effect of diabetes on on

employment, unemployment and non-participation, where the endo-

geneity is identified from heteroscedasticity, along with instrument

diagnostics

Emp(=1) v Not Emp(=0) LFP(=1) v NLFP(=0) Unemp(=1) v Not Unemp(=0)

Males Females Males Females Males Females

Diabetes (Unorrected) -0.0361 -0.0266 -0.0507c -0.0680a -0.0146 -0.0414b

(0.025) (0.020) (0.021) (0.019) (0.020) (0.016)

Diabetes (Corrected) -0.0849c -0.0468 -0.1374a -0.0853d -0.0525c -0.0384d

(0.041) (0.052) (0.039) (0.051) (0.021) (0.022)

Weak Instruments 390.264a 136.833a 390.264a 136.833a 390.264a 136.833a

Wu-Hausman 2.508 0.188 11.368a 0.151 2.210 0.007

Sargan 26.772 22.929 32.423c 26.200 10.185 10.100

The dependent variable is binary with values and lables listed in the column headers. Results include exogenous

(Uncorrected) and those that allow for the endogeneity of diabetes (Corrected) using mean-centered values

of wealth levels, ethnic group, marital status, location, education level and number of children (young and

old) for identification. Instrumental variable diagnostic tests include: a test of weak instruments, endogeneity

(Wu-Hausman) and overidentification (Sargan). In each case, the test statistic is provided along with its

significance, i.e., the probability that the null hypethesis is true, where the following notation and probability

levels are assumed: a - 0.005, b - 0.01, c - 0.05, d - 0.1. Emp is employed, Not Emp is not employed (i.e.,

unemployed or NLFP), Unemp is unemployed, Not Unemp is not unemployed, LFP is labour force participant

and NLFP is non-participant in the labour force. Heteroscedasticity corrected standard errors reported for the

diabetes estimate.
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A relatively small proportion of the sample are reported to have diabetes, 2.5% of the sampled men and

3.9% of the sampled women. In terms of our results, for both men and women with diabetes, employment

is less likely than non-employment, while unemployment is also less likely than non-unemployment. The

estimates are not precise in all cases. However, for labour force participation relative to non-participation,

there is strong evidence of a statistically significant diabetes effect; it ranges from 5–14% for men (exogenous v

endogenous) to 7–9% for women (exogenous v endogenous). Given current labour force participation rates for

those with diabetes (74.2% for men and 49.0% for women), the complete elimination of diabetes is estimated

to increase labour force participation rates to 84.6% for men and 52.4% for women (for those who previously

had diabetes). For comparison, the participation rates for men without diabetes is only 83%, while that for

women without diabetes is 66.7%; see Table 1. In other words, the linear probability model results appear to

overstate male labour force reductions arising from diabetes, while understating the female reductions.

3.3 Mutinomial results

Although there is some evidence of endogeneity, our analysis suggests it is only for men in our sample and

only for results related to non-participation. However, the suggestion that diabetes might be endogenous for

men, when it comes to one of three possible labour market outcomes, but not the others, is not logically

consistent; all labour market outcomes arise from the same mutually exclusive set of outcomes. Furthermore,

the linear probability models could be (over-) under-stating the importance of diabetes.

One criticism of the preceding analysis is that it has relied on linear probability models, which are, by

assumption, mis-specified and may not even offer accurate treatment effects (Lewbel, Dong, and Yang

2012). Another criticism implied by Lewbel (2018) is that although it is possible to meet the underlying

IV-heteroscedasticity identification assumptions, the criteria is not obvious or intuitive. For those reasons, we

also estimate a simple multinomial logit model assuming there is no endogeneity; we estimate this model in

R (R Core Team 2020) using the nnet package (Venables and Ripley 2002). We report the full results in

Appendix Table A.5. We include the same set of controls as before.

However, parameter estimates from a multinomial logit do not offer much interpretive information, and,

therefore, researchers often present marginal effects. We present something different, although similarly

motivated. Specifically, we present three illustrations of the net conditional probability that a male/female is

in a particular state of the labour market against their age. It is a net conditional probability, because we

estimate the difference in labour state probabilities by diabetes status. Specifically, at all ages, we subtract

the non-diabetes predicted conditional probability from the same prediction for those with diabetes. Our

illustration offers more interpretational insight than a simple mean marginal effect.
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In order to develop the estimates, we had to address another issue that arises in nonlinear marginal effects

estimation. All of the variables in the model affect the estimate, and, therefore, a ceteris paribus assumption

must be made, which requires a decision on the level/value of the remaining covariates. In this case, we chose

the median for continuous variables (except for age) and the mode of the specific distribution, in the case of

categorical variables. For this analysis, the modes imply that our comparison individuals are Africans, who

are married and living with their spouse, located in an urban setting in Gauteng, have completed matric

(high school) and have one child between the age of 5 and 17. Furthermore, given that hypertension is so

common amongst those with diabetes, we make one further distinction between those with and without

diabetes: those with are assumed to have hypertension as a co-morbidity, while those without do not.

Given the results above, which suggest that diabetes lowers labour force participation, we initially focus our

attention there; see Figure 1. For both males and females and across all ages, the estimated net probability

of non-participation is positive, which means that those with diabetes are less likely to participate. We also

see that the estimated difference is larger for females than males at most ages, although the 95% confidence

intervals first intersect around the age of 40. Finally, there is a U -shape to that difference: labour force

participation peaks somewhere around the age of 40 to 45. By assumption, these marginal effects assume

exogeneity of diabetes, although they do acknowledge that multinomial outcomes, which are non-linear in

nature, should be estimated via non-linear models.
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Figure 1: Marginal Effects of Diabetes on Non-participation in the Labour Force from Multinomial Logit.
The illustration depicts the difference in the predicted probability of employment for those with and without
diabetes. The differences are calculated across the ages 20 to 60 and for men and women. Standard errors
are taken from 399 bootstrap replications of the differences.

17



Subject to our conditioning strategy, we find only limited statistically significant evidence that diabetes

affects the probability of employment by age - see Figure 2 - and only near the age of 60. For both men and

women, diabetes lowers the probability of employment at ages near 60. The larger affect appears to be on

unemployment, especially for women. Women with diabetes are much less likely to be unemployed than those

without, and that is across all age groups; see Figure 3. For men, on the other hand, there is no statistically

significant evidence that diabetes is affecting unemployment, again, subject to our conditioning strategy

20 30 40 50 60

-0
.1

5
-0

.1
0

-0
.0

5
0.

00
0
.0

5
0
.1

0

Age

P
re

d
ic

te
d

D
ia

b
et

es
E

ff
ec

t

Male
Female

Figure 2: Marginal Effects of Diabetes on Employment from Multinomial Logit. The illustration depicts the
difference in the predicted probability of employment for those with and without diabetes. The differences are
calculated across the ages 20 to 60 and for men and women. Standard errors are taken from 399 bootstrap
replications of the differences.

Three basic conclusions can be deduced from these figures: (1) Employment is not particularly affected

by diabetes; (2) the unemployment conditional net probability for women with diabetes is lower, although

that reduction is mitigated by age; (3) the non-participation conditional net probability follows a U-shape

with both the youngest and oldest with diabetes more likely to be non-participants. From our illustration,

conditional net non-participation amongst women is around 3 to 12 percentage points higher, depending on

age, for those with diabetes than without. In our sample, non-participants are about 30% of the non-diabetic

sample and 42% of the diabetic sample. Therefore, within the multinomial model, diabetes explains between

7.5% and 30% of that 12 point gap (3% and 12% of 30 are 0.9 and 3.6, respectively, while 0.9/12 and 3.6/12

yield 12.5% and 30%, respectively).
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Figure 3: Marginal Effects of Diabetes on Unemployment from Multinomial Logit. The illustration depicts
the difference in the predicted probability of employment for those with and without diabetes. The differences
are calculated across the ages 20 to 60 and for men and women. Standard errors are taken from 399 bootstrap
replications of the differences.

4 Discussion

As noted at the outset, we are not the first researchers to consider health and labour market issues in South

Africa. That literature has mostly examined HIV/AIDS (Arndt and Lewis 2000; Levinsohn et al. 2013; Young

2005), although more recent research considers obesity (Some, Rashied, and Ohonba 2016), self-assessed poor

health (Nwosu and Woolard 2017) and non-communicable diseases, including diabetes (Lawana et al. 2020).

Lawana et al. (2020) present evidence related to behaviour and its pathways to non-communicable diseases

and labour force participation. Their model relies on normality and assumes that lifestyle behaviours (such

as smoking, drinking, exercise and obesity) can be excluded from the labour force participation equation. A

relatively extensive literature looks at the direct relationship between such behaviours and labour market

outcomes – Neumann (2013), Larose et al. (2016), and Böckerman et al. (2018) – suggesting that these

exclusions may not be appropriate. However, their focus was on the estimation of total effects through a

recursive structure and labour force participation. Their total results suggested relatively large negative

female labour market effects, about a 14% reduction, and no effects for men. Our multinomial results that do

not correct for endogeneity are qualitatively similar - which suggest that effects for females are larger (in

absolute value) than for men; however our linear probability models controlling for endogeneity suggest the

opposite. Thus, we complement this local literature by offering a more nuanced examination of the labour

market, as well as a further look at endogeneity.
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In the international literature, diabetes has a negative impact on labour outcomes, either reduced participation

or employment; furthermore, the evidence on endogeneity is not consistent. Pedron et al. (2019) argues

that too few studies include co-morbidities, control for endogeneity or differentiate between type I and

type II diabetes, which may lead to over-estimated impacts. In this analysis, in addition to accounting for

endogeneity, we were able to account for co-morbidities; however, we were not able to differentiate between

Type I and II diabetes. Although endogeneity has typically been addressed through genetic instrumentation

(Brown III, Pagan, and Bastida 2005; Latif 2009), which was not available to us, we did address it in the

analysis. In previous literature, exogeneity is either rejected (Lin 2011) or rejected for men, but not for

women (Brown III, Pagan, and Bastida 2005). However, in our analysis, exogeneity is only rejected for men,

and only for labour force participation.

Our analysis points to fairly large negative effects of diabetes on labour force participation, regardless of

exogeneity. However, we do not find negative effects for employment. Instead, we find negative effects on

unemployment. Unemployment rates are high in our sample (16–17%), although lower than reported by the

official statistics.4 Thus, it would appear that South African diabetics are bimodal. They are either managing

their condition and, therefore, able to remain employed, or they are not able to manage their condition and

they are not healthy enough to remain in the labour force. Our results suggest that the former group gets

smaller with age, which is expected, given that diabetes worsens with age.

Although there are a number of studies in the literature, they rarely consider developing or even middle

income countries. Our results are rather different to those available in another middle income country, Mexico.

Seuring, Goryakin, and Suhrcke (2015) and Seuring, Serneels, and Suhrcke (2019) find 4-6% reductions in

employment, arising from diabetes for both men and women, compared to our negligible, at best, effects on

employment. Our results are similar in that they did not uncover endogeneity with respect to employment;

we only uncovered evidence of endogeneity for men and for labour force participation.

Given the prevalence of diabetes in the working age group (Bertram et al. 2013), and its expected future

prevalence, as well as other features of the South African economy, it is possible that the effects of diabetes

are more nefarious in South Africa than in other countries. Our results, however, suggest that it may not be

more of a problem here than in any other country. Furthermore, we find that the effects, themselves, appear

to be quite nuanced, and in need of further analysis.
4The official statistics point to unemployment rates closer to 27% (http://www.statssa.gov.za/?p=11897)[http://www.statss

a.gov.za/?p=11897], and these figures are based on labour force surveys, rather than the general household survey used for this
analysis.
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5 Conclusion

In this research, we examined the effect of diabetes on labour market outcomes using recent data from South

Africa. Due to the fact that endogeneity is a concern in any analysis of health effects, although it has not

always been considered in the literature (Pedron et al. 2019), we applied internal instrumental variable

methods, as outlined in Lewbel (2012) and Lewbel (2018). In order to do so, we were forced to restructure

the multinomial labour market outcomes into a series of binary comparisons. The results from that analysis

pointed to some endogeneity effects. However, it was only uncovered for men and only for labour force

participation. If accounted for in the analysis, it was found that diabetes explained the entire difference in

participation rates between men with and without diabetes. For women, no evidence of endogeneity was

uncovered, such that the effect of diabetes explained a rather smaller amount of the difference in female

participation rates across diabetes status.

The lack of support for endogeneity, as well as general issues that arise from linear probability models, led

us to also apply multinomial models. We presented marginal effects from that analysis, focusing on the

conditional difference in the probability of being in any particular state of the labour market for those with

and without diabetes. As with much of the previous literature in this area, as well as what we have already

noted, we found differences between men and women with women generally more affected (at least in the

exogenous cases). However, we found little evidence to suggest that employment is reduced, because of

diabetes. Instead, we find that it is unemployment that is reduced, while non-participation is higher. These

results suggest that the employed are able to manage their diabetes and remain in the workplace. However,

we are not able to offer any analysis on mechanisms that might drive such a result. We leave that as an open

question for future research.
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A Full Empirical Results

In this appendix, we present the full set of empirical results, beginning with the linear probability model

in Table A.1 and A.2. These linear probability models assume that diabetes is exogenous. In the first of

these, we present three sets of results, comparing (i) employment to unemployment, (ii) employment to

non-participation and (iii) unemployment to non-participation. The second of these considers (i) employed or

not (ii) unemployed or not and (iii) active in the labour market or not.

Table A.1: Linear probability model marginal effect of diabetes on

employment, unemployment and non-participation

Emp(=1) v Unemp(=0) Emp(=1) v NLFP(=0) Unemp(=1) v NLFP(=0)

Males Females Males Females Males Females

Intercept 0.4831a 0.0537 0.1411d -0.8098a 0.0758 -0.1008

(0.081) (0.094) (0.078) (0.087) (0.152) (0.108)

Diabetes 0.0165 0.0593c -0.0498c -0.0467c -0.0837d -0.0848a

(0.024) (0.025) (0.022) (0.020) (0.048) (0.026)

Age 0.0271a 0.0346a 0.0447a 0.0696a 0.0291a 0.0218a

(0.003) (0.004) (0.003) (0.004) (0.006) (0.004)

Age Sq -0.0003a -0.0003a -0.0006a -0.0008a -0.0005a -0.0004a

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Mixed Ethnic -0.1826a -0.0105 -0.1956a 0.0827a -0.0559a 0.0934a

(0.008) (0.009) (0.008) (0.008) (0.018) (0.011)

Asian -0.1243a 0.0351 -0.0740b 0.1270a 0.0670 0.0915b

(0.026) (0.027) (0.027) (0.027) (0.054) (0.035)

White -0.0735a -0.0128 0.0552b 0.0508c 0.1472a 0.0296

(0.026) (0.029) (0.021) (0.022) (0.038) (0.024)

Married Apart -0.0812a -0.0419 0.0827a 0.0953a 0.1773a 0.0751b

(0.028) (0.032) (0.024) (0.025) (0.043) (0.028)

Single -0.1128a -0.0701c 0.0604b 0.0905a 0.1915a 0.0976a

(0.027) (0.030) (0.023) (0.024) (0.040) (0.027)

Some Schooling -0.0900a -0.0660c 0.1164a 0.1287a 0.2413a 0.1190a

(0.026) (0.030) (0.023) (0.023) (0.041) (0.026)

Grade 9 -0.0687b -0.0217 0.1464a 0.2298a 0.2742a 0.1812a
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(0.026) (0.029) (0.022) (0.022) (0.039) (0.025)

Grade 10 -0.1023a 0.0423 0.1381a 0.2769a 0.3359a 0.1366a

(0.033) (0.037) (0.030) (0.033) (0.061) (0.042)

Grade 11 -0.0510d 0.0550d 0.1618a 0.3589a 0.2681a 0.2019a

(0.030) (0.033) (0.027) (0.028) (0.063) (0.040)

Grade 12 -0.0277 0.0751c 0.1694a 0.4050a 0.2147a 0.2102a

(0.030) (0.033) (0.026) (0.028) (0.067) (0.047)

Uni Year 1 -0.0601d 0.1086b 0.1705a 0.4153a 0.2542c -0.0112

(0.036) (0.040) (0.033) (0.036) (0.107) (0.089)

Uni Year 2 -0.0152 0.1080c 0.2185a 0.4033a 0.4763b 0.0970

(0.042) (0.045) (0.040) (0.043) (0.177) (0.106)

Bachelor Degree -0.0968 0.0419 0.2018b 0.5266a 0.4096 0.7054d

(0.074) (0.080) (0.075) (0.087) (0.266) (0.426)

Honours Deg -0.0036 0.0412c -0.0378b -0.0721a -0.0894a -0.1131a

(0.014) (0.016) (0.014) (0.016) (0.030) (0.021)

M Degree 0.0422d 0.0326 -0.0442d -0.2525a -0.1961a -0.2433a

(0.023) (0.034) (0.023) (0.029) (0.058) (0.037)

Doctorate 0.0461a 0.0546a -0.0220 -0.0702a -0.2868a -0.2197a

(0.015) (0.018) (0.015) (0.017) (0.052) (0.030)

Rural -0.0075 -0.0130 -0.0816a -0.0913a -0.1078a -0.0867a

(0.009) (0.011) (0.009) (0.011) (0.018) (0.013)

Eastern Cape -0.0547a -0.0107 -0.1114a -0.1248a -0.0524 -0.1080a

(0.016) (0.018) (0.016) (0.018) (0.035) (0.024)

Northern Cape -0.0814a -0.0275 -0.0344d -0.0589b 0.0790c -0.0244

(0.019) (0.022) (0.019) (0.022) (0.040) (0.028)

Free State -0.0789a -0.0672a -0.0448c -0.1007a 0.0443 -0.0383

(0.019) (0.021) (0.019) (0.022) (0.042) (0.028)

KwaZulu-Natal -0.0493a -0.0259 -0.0496a -0.0649a 0.0272 -0.0140

(0.015) (0.018) (0.015) (0.018) (0.035) (0.024)

North West -0.0373c -0.0252 -0.0086 -0.1515a 0.0257 -0.1177a

(0.019) (0.023) (0.019) (0.022) (0.041) (0.028)

Gauteng -0.0591a -0.0507a -0.0105 -0.0376c 0.1007a 0.0386d
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(0.014) (0.016) (0.014) (0.016) (0.034) (0.023)

Mpumalanga -0.0829a -0.1016a 0.0300d -0.0381d 0.1918a 0.0839a

(0.017) (0.020) (0.018) (0.021) (0.041) (0.027)

Limpopo 0.0429c 0.0542b -0.0504a -0.1259a -0.1689a -0.1795a

(0.018) (0.021) (0.017) (0.020) (0.040) (0.027)

Kids under 5 0.0542 0.0220 -0.0078 0.0645 -0.1781d 0.0542

(0.039) (0.045) (0.039) (0.043) (0.098) (0.065)

Kids under 18 0.0322 -0.0062 -0.0203 0.0385 -0.1400 0.0982d

(0.037) (0.043) (0.037) (0.040) (0.087) (0.059)

Very comfortable 0.0050 -0.0582 -0.0257 0.0226 -0.0857 0.1366c

(0.037) (0.042) (0.037) (0.039) (0.086) (0.057)

Reasonable comfort -0.1212a -0.1894a -0.1058a -0.0596 -0.0309 0.1730a

(0.037) (0.043) (0.037) (0.040) (0.086) (0.058)

Getting by -0.2381a -0.2824a -0.1932a -0.1138b -0.0205 0.2026a

(0.039) (0.046) (0.039) (0.043) (0.088) (0.060)

Poor 0.0104 -0.0009 0.0057 -0.0442a 0.0094 -0.0389a

(0.007) (0.007) (0.007) (0.007) (0.013) (0.007)

Very poor -0.0412a -0.0303a -0.0466a -0.0263a -0.0165b 0.0049

(0.003) (0.003) (0.003) (0.003) (0.006) (0.004)

Hypertension 0.0031 -0.0035 -0.0535a -0.0504a -0.0885a -0.0123

(0.016) (0.014) (0.015) (0.013) (0.031) (0.016)

Full set of parameter estimates from uncorrected linear probabality models estimated separately for

men and women. Each set of results examines subsets of the sample, where the dependent variable

is binary, with values and lables listed in the column headers. Thus, positive estimates refer to a

positive effect on the xxx(=1) outcome. Results assume exogeneity of diabetes: Emp is employed,

Unemp is unemployed and NLFP is non-participant in the labour force. Significance levels, based on

heteroscedasticity corrected standard errors: a - 0.005, b - 0.01, c - 0.05, d - 0.1.

Table A.2: Linear probability model marginal effect of diabetes on

employment, unemployment and non-participation

Emp(=1) v Not Emp(=0) LFP(=1) v NLFP(=0) Unemp(=1) v Not Unemp(=0)
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Males Females Males Females Males Females

Intercept -0.0577 -0.8880a 0.2800a -0.4747a 0.3378a 0.4132a

(0.083) (0.083) (0.069) (0.079) (0.068) (0.064)

Diabetes -0.0361 -0.0266 -0.0507c -0.0680a -0.0146 -0.0414b

(0.025) (0.020) (0.021) (0.019) (0.020) (0.016)

Age 0.0529a 0.0685a 0.0360a 0.0555a -0.0169a -0.0131a

(0.003) (0.003) (0.003) (0.003) (0.003) (0.003)

Age Sq -0.0007a -0.0008a -0.0005a -0.0007a 0.0002a 0.0001c

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Mixed Ethnic -0.2617a 0.0564a -0.1426a 0.0862a 0.1191a 0.0298a

(0.009) (0.008) (0.007) (0.008) (0.007) (0.006)

Asian -0.1459a 0.1090a -0.0524c 0.1177a 0.0935a 0.0087

(0.028) (0.026) (0.024) (0.025) (0.023) (0.020)

White 0.0072 0.0401d 0.0830a 0.0652a 0.0757a 0.0251

(0.024) (0.021) (0.020) (0.020) (0.019) (0.016)

Married Apart 0.0173 0.0688b 0.1083a 0.1185a 0.0910a 0.0497b

(0.026) (0.025) (0.022) (0.023) (0.022) (0.019)

Single -0.0198 0.0603b 0.1000a 0.1336a 0.1198a 0.0733a

(0.025) (0.023) (0.021) (0.022) (0.020) (0.018)

Some Schooling 0.0323 0.0851a 0.1431a 0.1631a 0.1107a 0.0780a

(0.025) (0.023) (0.021) (0.022) (0.020) (0.018)

Grade 9 0.0683a 0.1684a 0.1679a 0.2411a 0.0996a 0.0727a

(0.024) (0.022) (0.020) (0.021) (0.020) (0.017)

Grade 10 0.0395 0.2385a 0.1679a 0.2665a 0.1284a 0.0280

(0.033) (0.032) (0.027) (0.030) (0.027) (0.024)

Grade 11 0.0999a 0.3253a 0.1810a 0.3426a 0.0812a 0.0173

(0.030) (0.027) (0.025) (0.026) (0.025) (0.021)

Grade 12 0.1273a 0.3902a 0.1849a 0.3891a 0.0575c -0.0011

(0.029) (0.027) (0.024) (0.026) (0.024) (0.021)

Uni Year 1 0.1136a 0.4378a 0.1955a 0.3983a 0.0819b -0.0396

(0.037) (0.037) (0.031) (0.035) (0.031) (0.028)

Uni Year 2 0.1844a 0.4187a 0.2340a 0.3837a 0.0496 -0.0350
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(0.045) (0.044) (0.037) (0.042) (0.037) (0.034)

Bachelor Degree 0.1131 0.4986a 0.2354a 0.5246a 0.1223d 0.0261

(0.083) (0.088) (0.069) (0.084) (0.069) (0.068)

Honours Deg -0.0313c -0.0326c -0.0378a -0.0756a -0.0065 -0.0430a

(0.015) (0.015) (0.013) (0.014) (0.013) (0.012)

M Degree 0.0019 -0.1860a -0.0547b -0.2605a -0.0567b -0.0745a

(0.025) (0.029) (0.021) (0.027) (0.021) (0.022)

Doctorate 0.0314d -0.0081 -0.0227 -0.0735a -0.0541a -0.0655a

(0.017) (0.017) (0.014) (0.017) (0.014) (0.013)

Rural -0.0589a -0.0693a -0.0726a -0.0918a -0.0137d -0.0225a

(0.010) (0.010) (0.008) (0.009) (0.008) (0.008)

Eastern Cape -0.1153a -0.0965a -0.0938a -0.1199a 0.0216 -0.0234d

(0.017) (0.017) (0.014) (0.016) (0.014) (0.013)

Northern Cape -0.0812a -0.0602a -0.0143 -0.0432c 0.0669a 0.0170

(0.021) (0.021) (0.017) (0.020) (0.017) (0.016)

Free State -0.0903a -0.1033a -0.0259 -0.0760a 0.0643a 0.0274d

(0.021) (0.021) (0.017) (0.019) (0.017) (0.016)

KwaZulu-Natal -0.0678a -0.0594a -0.0298c -0.0444b 0.0379b 0.0150

(0.017) (0.017) (0.014) (0.016) (0.014) (0.013)

North West -0.0316 -0.1165a -0.0043 -0.1361a 0.0273d -0.0196

(0.020) (0.021) (0.017) (0.020) (0.016) (0.016)

Gauteng -0.0482a -0.0586a 0.0014 -0.0224 0.0496a 0.0362a

(0.015) (0.016) (0.012) (0.015) (0.012) (0.012)

Mpumalanga -0.0376c -0.0750a 0.0466a 0.0033 0.0842a 0.0783a

(0.019) (0.019) (0.016) (0.019) (0.016) (0.015)

Limpopo -0.0156 -0.0707a -0.0664a -0.1409a -0.0508a -0.0702a

(0.019) (0.019) (0.016) (0.018) (0.016) (0.015)

Kids under 5 0.0333 0.0683 -0.0136 0.0655 -0.0469 -0.0028

(0.043) (0.043) (0.036) (0.041) (0.035) (0.033)

Kids under 18 0.0051 0.0226 -0.0247 0.0446 -0.0298 0.0220

(0.040) (0.040) (0.033) (0.038) (0.033) (0.031)

Very comfortable -0.0228 -0.0147 -0.0253 0.0431 -0.0025 0.0578d
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(0.040) (0.039) (0.033) (0.038) (0.033) (0.030)

Reasonable comfort -0.1537a -0.1206a -0.0641d 0.0048 0.0896b 0.1254a

(0.040) (0.040) (0.034) (0.038) (0.033) (0.031)

Getting by -0.2727a -0.1798a -0.1138a -0.0134 0.1588a 0.1664a

(0.042) (0.042) (0.035) (0.040) (0.035) (0.033)

Poor 0.0110 -0.0297a 0.0058 -0.0433a -0.0051 -0.0135a

(0.007) (0.006) (0.006) (0.006) (0.006) (0.005)

Very poor -0.0538a -0.0293a -0.0325a -0.0152a 0.0213a 0.0140a

(0.003) (0.003) (0.003) (0.003) (0.003) (0.002)

Hypertension -0.0393c -0.0440a -0.0513a -0.0475a -0.0121 -0.0035

(0.016) (0.012) (0.014) (0.012) (0.013) (0.010)

Full set of parameter estimates from uncorrected linear probabality models estimated separately for men

and women. Each set of results examines subsets of the sample, where the dependent variable is binary,

with values and lables listed in the column headers. Thus, positive estimates refer to a positive effect on

the xxx(=1) outcome. Results assume exogeneity of diabetes: Emp is employed, Not Emp is not employed

(i.e., unemployed or NLFP), Unemp is unemployed, Not Unemp is not unemployed, LFP is labour force

participant and NLFP is non-participant in the labour force. Significance levels, based on heteroscedasticity

corrected standard errors: a - 0.005, b - 0.01, c - 0.05, d - 0.1.

The second set of linear probability model results relaxes the exogeneity assumption. The full set of results

for the heteroscedastic-IV models (Lewbel 2012, 2018), are presented in Tables A.3 and A.4. These tables

also contain the same weak instrument test results, along with Wu-Hausman and Sargan test results. As with

the first two appendix tables, the first of these compares (i) employment to unemployment, (ii) employment

to non-participation and (iii) unemployment to non-participation, while the second considers (i) employed or

not (ii) unemployed or not and (iii) active in the labour market or not.

Table A.3: Linear probability model marginal effect of diabetes on

employment, unemployment and non-participation

Emp(=1) v Unemp(=0) Emp(=1) v NLFP(=0) Unemp(=1) v NLFP(=0)

Males Females Males Females Males Females

Intercept 0.4745a 0.0428 0.0638 -0.8990a -0.0254 -0.1881d

(0.083) (0.090) (0.083) (0.088) (0.154) ( 0.105)
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Diabetes 0.0508 0.0270 -0.1294a -0.0744 -0.1355a -0.0787c

(0.031) (0.040) (0.041) (0.055) (0.046) ( 0.036)

Age 0.0272a 0.0344a 0.0443a 0.0694a 0.0288a 0.0219a

(0.003) (0.004) (0.004) (0.004) (0.006) ( 0.004)

Age Sq -0.0003a -0.0003a -0.0006a -0.0008a -0.0005a -0.0004a

(0.000) (0.000) (0.000) (0.000) (0.000) ( 0.000)

Mixed Ethnic -0.0044 0.0416b -0.0352c -0.0719a -0.0881a -0.1130a

(0.014) (0.015) (0.014) (0.016) (0.030) ( 0.021)

Asian 0.0417c 0.0333 -0.0419c -0.2514a -0.1928a -0.2435a

(0.019) (0.028) (0.020) (0.028) (0.056) ( 0.029)

White 0.0466a 0.0542a -0.0233c -0.0706a -0.2875a -0.2195a

(0.009) (0.012) (0.012) (0.016) (0.043) ( 0.024)

Married Apart -0.1825a -0.0108 -0.1964a 0.0825a -0.0569a 0.0934a

(0.008) (0.008) (0.008) (0.008) (0.018) ( 0.010)

Single -0.1237a 0.0346 -0.0756a 0.1272a 0.0666 0.0913c

(0.029) (0.027) (0.025) (0.028) (0.053) ( 0.036)

Some Schooling -0.0736a -0.0127 0.0558c 0.0513c 0.1478a 0.0294

(0.024) (0.030) (0.026) (0.022) (0.032) ( 0.019)

Grade 9 -0.0818a -0.0412 0.0841a 0.0958a 0.1772a 0.0749a

(0.027) (0.033) (0.029) (0.026) (0.039) ( 0.025)

Grade 10 -0.1131a -0.0697c 0.0616c 0.0909a 0.1920a 0.0974a

(0.025) (0.031) (0.027) (0.025) (0.036) ( 0.023)

Grade 11 -0.0904a -0.0655c 0.1176a 0.1293a 0.2419a 0.1189a

(0.025) (0.031) (0.027) (0.024) (0.036) ( 0.023)

Grade 12 -0.0690a -0.0210 0.1473a 0.2305a 0.2743a 0.1810a

(0.023) (0.030) (0.026) (0.023) (0.034) ( 0.022)

Uni Year 1 -0.1028a 0.0427 0.1400a 0.2774a 0.3366a 0.1364a

(0.031) (0.037) (0.032) (0.033) (0.058) ( 0.043)

Uni Year 2 -0.0521c 0.0560d 0.1653a 0.3598a 0.2711a 0.2017a

(0.026) (0.032) (0.029) (0.027) (0.057) ( 0.040)

Bachelor Degree -0.0280 0.0758c 0.1702a 0.4055a 0.2147a 0.2101a

(0.025) (0.031) (0.028) (0.025) (0.057) ( 0.045)
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Honours Deg -0.0609c 0.1089a 0.1729a 0.4160a 0.2581c -0.0121

(0.027) (0.031) (0.030) (0.029) (0.111) ( 0.076)

M Degree -0.0152 0.1078a 0.2192a 0.4030a 0.4832a 0.0972

(0.029) (0.034) (0.028) (0.034) (0.156) ( 0.118)

Doctorate -0.0963c 0.0446 0.2007a 0.5289a 0.4092 0.7052

(0.046) (0.045) (0.041) (0.037) (0.439) (20.667)

Rural 0.0074 0.0132 0.0821a 0.0916a 0.1084a 0.0867a

(0.010) (0.011) (0.010) (0.011) (0.019) ( 0.013)

Eastern Cape -0.0544a -0.0110 -0.1114a -0.1250a -0.0533 -0.1078a

(0.015) (0.017) (0.016) (0.017) (0.035) ( 0.024)

Northern Cape -0.0817a -0.0281 -0.0339d -0.0591b 0.0776d -0.0244

(0.020) (0.021) (0.020) (0.023) (0.041) ( 0.028)

Free State -0.0787a -0.0679a -0.0445c -0.1014a 0.0438 -0.0381

(0.019) (0.021) (0.019) (0.022) (0.042) ( 0.030)

KwaZulu-Natal -0.0494a -0.0260 -0.0490a -0.0646a 0.0266 -0.0140

(0.014) (0.017) (0.015) (0.017) (0.036) ( 0.025)

North West -0.0369c -0.0257 -0.0087 -0.1520a 0.0255 -0.1175a

(0.018) (0.023) (0.018) (0.022) (0.042) ( 0.029)

Gauteng -0.0590a -0.0513a -0.0104 -0.0383c 0.0992a 0.0389

(0.012) (0.015) (0.012) (0.015) (0.034) ( 0.024)

Mpumalanga -0.0826a -0.1016a 0.0295d -0.0384d 0.1911a 0.0841a

(0.016) (0.020) (0.015) (0.020) (0.041) ( 0.028)

Limpopo 0.0430b 0.0540a -0.0504a -0.1263a -0.1696a -0.1793a

(0.016) (0.019) (0.017) (0.019) (0.040) ( 0.026)

Kids under 5 0.0541 0.0226 -0.0081 0.0653 -0.1783d 0.0539

(0.035) (0.033) (0.033) (0.041) (0.102) ( 0.057)

Kids under 18 0.0317 -0.0053 -0.0197 0.0394 -0.1409 0.0980d

(0.034) (0.032) (0.031) (0.039) (0.094) ( 0.051)

Very comfortable 0.0048 -0.0575d -0.0258 0.0232 -0.0869 0.1364b

(0.034) (0.032) (0.031) (0.038) (0.093) ( 0.050)

Reasonable comfort -0.1214a -0.1888a -0.1060a -0.0589 -0.0321 0.1729a

(0.036) (0.034) (0.032) (0.039) (0.093) ( 0.051)
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Getting by -0.2380a -0.2817a -0.1938a -0.1130b -0.0221 0.2025a

(0.039) (0.039) (0.036) (0.042) (0.095) ( 0.053)

Poor 0.0104 -0.0010 0.0055 -0.0442a 0.0092 -0.0389a

(0.008) (0.007) (0.008) (0.007) (0.013) ( 0.007)

Very poor -0.0413a -0.0303a -0.0464a -0.0263a -0.0164a 0.0049

(0.004) (0.004) (0.004) (0.003) (0.006) ( 0.004)

Hypertension -0.0009 0.0001 -0.0431b -0.0465a -0.0818a -0.0131

(0.013) (0.014) (0.017) (0.015) (0.028) ( 0.014)

Weak Instruments 282.533a 104.625a 336.728a 103.195a 283.247a 111.826a

Wu-Hausman 1.100 0.376 8.558a 0.326 1.665 0.017

Sargan 14.309 15.961 29.167d 22.954 13.940 10.091

The dependent variable is binary, with values and lables listed in the column headers. Results

allow for the endogeneity of diabetes using mean-centered values of wealth levels, ethnic group,

marital status, location, education level, and number of children (young and old) for identification.

Instrumental variable diagnostic tests include: a test of weak instruments, endogeneity (Wu-Hausman)

and overidentification (Sargan). In each case, the test statistic is provided along with its significance,

i.e., the probability that the null hypethesis is true, where the following notation and probability

levels are assumed: a - 0.005, b - 0.01, c - 0.05, d - 0.1. Emp is employed, Unemp is unemployed and

NLFP is non-participant in the labour force. Heteroscedasticity corrected standard errors reported

for all estimates.

Table A.4: Linear probability model marginal effect of diabetes on

employment, unemployment and non-participation

Emp(=1) v Not Emp(=0) LFP(=1) v NLFP(=0) Unemp(=1) v Not Unemp(=0)

Males Females Males Females Males Females

Intercept -0.1137 -0.9554a 0.2126a -0.5649a 0.3264a 0.3905a

(0.086) (0.082) (0.074) (0.080) (0.069) (0.061)

Diabetes -0.0849c -0.0468 -0.1374a -0.0853d -0.0525c -0.0384d

(0.041) (0.052) (0.039) (0.051) (0.021) (0.022)

Age 0.0527a 0.0684a 0.0356a 0.0553a -0.0171a -0.0131a

(0.004) (0.003) (0.003) (0.003) (0.003) (0.003)
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Age Sq -0.0006a -0.0008a -0.0005a -0.0007a 0.0002a 0.0001b

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Mixed Ethnic -0.0299d -0.0325c -0.0354b -0.0755a -0.0055 -0.0431a

(0.015) (0.015) (0.013) (0.014) (0.012) (0.011)

Asian 0.0033 -0.1852a -0.0524b -0.2598a -0.0557a -0.0746a

(0.023) (0.028) (0.019) (0.027) (0.016) (0.016)

White 0.0306c -0.0084 -0.0241c -0.0738a -0.0547a -0.0654a

(0.013) (0.016) (0.011) (0.015) (0.008) (0.009)

Married Apart -0.2621a 0.0562a -0.1434a 0.0861a 0.1187a 0.0298a

(0.009) (0.008) (0.007) (0.007) (0.007) (0.006)

Single -0.1467a 0.1091a -0.0538b 0.1178a 0.0929a 0.0087

(0.029) (0.026) (0.021) (0.025) (0.026) (0.020)

Some Schooling 0.0076 0.0404d 0.0836a 0.0655a 0.0760a 0.0250d

(0.025) (0.021) (0.025) (0.022) (0.016) (0.013)

Grade 9 0.0180 0.0693b 0.1096a 0.1189a 0.0915a 0.0497a

(0.028) (0.025) (0.027) (0.025) (0.019) (0.017)

Grade 10 -0.0192 0.0607b 0.1011a 0.1339a 0.1202a 0.0732a

(0.026) (0.023) (0.026) (0.024) (0.018) (0.015)

Grade 11 0.0330 0.0855a 0.1442a 0.1635a 0.1112a 0.0780a

(0.026) (0.023) (0.025) (0.023) (0.018) (0.015)

Grade 12 0.0688b 0.1689a 0.1687a 0.2415a 0.0999a 0.0726a

(0.025) (0.022) (0.025) (0.022) (0.016) (0.014)

Uni Year 1 0.0405 0.2389a 0.1696a 0.2668a 0.1291a 0.0279

(0.033) (0.032) (0.029) (0.030) (0.025) (0.023)

Uni Year 2 0.1018a 0.3260a 0.1845a 0.3432a 0.0827a 0.0172

(0.029) (0.026) (0.027) (0.025) (0.020) (0.018)

Bachelor Degree 0.1278a 0.3906a 0.1857a 0.3895a 0.0579a -0.0011

(0.028) (0.025) (0.026) (0.024) (0.018) (0.016)

Honours Deg 0.1150a 0.4383a 0.1979a 0.3987a 0.0829a -0.0397c

(0.031) (0.029) (0.029) (0.029) (0.021) (0.016)

M Degree 0.1848a 0.4185a 0.2347a 0.3835a 0.0499c -0.0350d

(0.031) (0.034) (0.027) (0.033) (0.024) (0.021)
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Doctorate 0.1125c 0.5002a 0.2343a 0.5261a 0.1218b 0.0258

(0.048) (0.044) (0.043) (0.035) (0.047) (0.036)

Rural 0.0592a 0.0695a 0.0731a 0.0919a 0.0139d 0.0224a

(0.010) (0.010) (0.009) (0.010) (0.008) (0.008)

Eastern Cape -0.1156a -0.0967a -0.0943a -0.1201a 0.0213d -0.0234d

(0.017) (0.017) (0.014) (0.016) (0.013) (0.012)

Northern Cape -0.0811a -0.0604b -0.0141 -0.0434c 0.0670a 0.0170

(0.021) (0.022) (0.017) (0.020) (0.017) (0.015)

Free State -0.0903a -0.1038a -0.0261 -0.0764a 0.0643a 0.0274d

(0.021) (0.021) (0.017) (0.019) (0.017) (0.016)

KwaZulu-Natal -0.0677a -0.0593a -0.0296c -0.0444a 0.0380a 0.0150

(0.016) (0.017) (0.013) (0.015) (0.013) (0.013)

North West -0.0318 -0.1169a -0.0047 -0.1364a 0.0271d -0.0195

(0.019) (0.021) (0.016) (0.020) (0.016) (0.016)

Gauteng -0.0484a -0.0591a 0.0010 -0.0228d 0.0494a 0.0363a

(0.014) (0.015) (0.011) (0.014) (0.011) (0.012)

Mpumalanga -0.0379c -0.0752a 0.0460a 0.0031 0.0839a 0.0783a

(0.018) (0.019) (0.014) (0.018) (0.015) (0.016)

Limpopo -0.0158 -0.0710a -0.0667a -0.1412a -0.0509a -0.0702a

(0.018) (0.019) (0.016) (0.018) (0.013) (0.013)

Kids under 5 0.0332 0.0688d -0.0138 0.0659d -0.0469 -0.0029

(0.038) (0.040) (0.030) (0.039) (0.031) (0.023)

Kids under 18 0.0055 0.0232 -0.0240 0.0451 -0.0295 0.0220

(0.036) (0.038) (0.029) (0.037) (0.031) (0.022)

Very comfortable -0.0228 -0.0143 -0.0253 0.0435 -0.0025 0.0577b

(0.036) (0.038) (0.028) (0.037) (0.031) (0.022)

Reasonable comfort -0.1538a -0.1202a -0.0642c 0.0052 0.0895a 0.1253a

(0.037) (0.038) (0.029) (0.038) (0.032) (0.023)

Getting by -0.2730a -0.1793a -0.1145a -0.0130 0.1585a 0.1663a

(0.039) (0.040) (0.032) (0.040) (0.034) (0.026)

Poor 0.0109 -0.0297a 0.0056 -0.0433a -0.0052 -0.0135b

(0.008) (0.006) (0.007) (0.006) (0.007) (0.005)
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Very poor -0.0537a -0.0293a -0.0324a -0.0152a 0.0213a 0.0140a

(0.004) (0.003) (0.003) (0.003) (0.003) (0.003)

Hypertension -0.0331c -0.0414a -0.0404b -0.0453a -0.0073 -0.0039

(0.017) (0.014) (0.016) (0.014) (0.011) (0.009)

Weak Instruments 390.264a 136.833a 390.264a 136.833a 390.264a 136.833a

Wu-Hausman 2.508 0.188 11.368a 0.151 2.210 0.007

Sargan 26.772 22.929 32.423c 26.200 10.185 10.100

Full set of parameter estimates from uncorrected linear probabality models estimated separately for men

and women. Each set of results examines subsets of the sample, where the dependent variable is binary,

with values and lables listed in the column headers. Thus, positive estimates refer to a positive effect on

the xxx(=1) outcome. Results allow for the endogeneity of diabetes using mean-centered values of wealth

levels, ethnic group, marital status, location, education level and number of children (young and old) for

identification. Emp is employed, Not Emp is not employed (i.e., unemployed or NLFP), Unemp is unemployed,

Not Unemp is not unemployed, LFP is labour force participant and NLFP is non-participant in the labour

force. Significance levels, based on heteroscedasticity corrected standard errors: a - 0.005, b - 0.01, c - 0.05, d

- 0.1.

The final set empirical results are those for the mulitnomial logit.

Table A.5: Multinomial probability model parameter estimates for

unemployment and non-participation, relative to employment.

Probability Unemployed Probability Not Active

Males Females Males Females

Intercept -0.0014 1.2503a 2.7419a 6.6444a

(0.002) (0.001) (0.003) (0.001)

Diabetes -0.1208a -0.7100a 0.3732a 0.2539a

(0.004) (0.002) (0.019) (0.011)

Age -0.1733a -0.1268a -0.3250a -0.3520a

(0.005) (0.004) (0.005) (0.003)

Age Sq 0.0018a 0.0008a 0.0042a 0.0042a

(0.000) (0.000) (0.000) (0.000)

Mixed Ethnic 0.0430 -0.2296a 0.3800a 0.3602a
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(0.051) (0.030) (0.057) (0.048)

Asian -0.5922a -0.1985a 0.3822a 1.3140a

(0.004) (0.002) (0.008) (0.008)

White -1.3974a -1.0284a 0.1103a 0.3872a

(0.002) (0.002) (0.010) (0.012)

Married Apart 1.3587a 0.0691 1.4990a -0.4456a

(0.061) (0.050) (0.061) (0.040)

Single 1.0327a -0.1982a 0.6919a -0.6824a

(0.008) (0.004) (0.005) (0.005)

Some Schooling 0.6044a 0.0199 -0.2790a -0.2557a

(0.059) (0.058) (0.053) (0.043)

Grade 9 0.6458a 0.1168a -0.3703a -0.4258a

(0.073) (0.024) (0.071) (0.043)

Grade 10 0.9032a 0.2706a -0.1913a -0.4389a

(0.063) (0.055) (0.062) (0.047)

Grade 11 0.7124a 0.1818a -0.5990a -0.5899a

(0.061) (0.053) (0.064) (0.046)

Grade 12 0.5865a -0.0127 -0.8733a -1.0732a

(0.050) (0.045) (0.054) (0.039)

Uni Year 1 0.8462a -0.4235a -0.8751a -1.3172a

(0.007) (0.004) (0.004) (0.003)

Uni Year 2 0.3361a -0.6490a -1.1678a -1.8776a

(0.008) (0.007) (0.005) (0.006)

Bachelor Degree -0.1543a -1.0510a -1.2773a -2.3963a

(0.005) (0.004) (0.006) (0.005)

Honours Deg 0.0658a -2.9705a -1.5033a -2.4686a

(0.002) (0.000) (0.002) (0.001)

M Degree -0.3789a -1.9197a -2.7817a -2.4205a

(0.001) (0.000) (0.000) (0.001)

Doctorate 0.6334a -1.1957a -1.9028a -12.6187a

(0.000) (0.000) (0.000) (0.000)

Rural 0.0581 0.0260 0.5113a 0.4572a
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(0.058) (0.050) (0.057) (0.046)

Eastern Cape 0.5361a 0.0995a 0.7711a 0.6381a

(0.075) (0.035) (0.067) (0.045)

Northern Cape 0.7120a 0.2736a 0.3222a 0.3049a

(0.034) (0.014) (0.026) (0.020)

Free State 0.7401a 0.4362a 0.4312a 0.5283a

(0.062) (0.034) (0.055) (0.054)

KwaZulu-Natal 0.4913a 0.2428a 0.4067a 0.3162a

(0.061) (0.056) (0.059) (0.046)

North West 0.3671a 0.2077a 0.1622b 0.7673a

(0.057) (0.028) (0.058) (0.054)

Gauteng 0.5678a 0.3992a 0.0590 0.2023a

(0.056) (0.050) (0.063) (0.047)

Mpumalanga 0.6942a 0.6401a -0.2080a 0.1997a

(0.067) (0.036) (0.051) (0.045)

Limpopo -0.3192a -0.3503a 0.4542a 0.6179a

(0.041) (0.025) (0.065) (0.049)

Kids under 5 -0.0288 0.0310 -0.0724 0.2282a

(0.053) (0.040) (0.050) (0.033)

Kids under 18 0.2443a 0.1550a 0.3040a 0.1293a

(0.024) (0.019) (0.023) (0.016)

Very comfortable -0.6981a -0.1553a 0.0770a -0.3885a

(0.004) (0.003) (0.009) (0.007)

Reasonable comfort -0.3044a 0.3704a 0.2626a -0.2134a

(0.061) (0.049) (0.057) (0.039)

Getting by 0.0080 0.7228a 0.3133a -0.1330a

(0.043) (0.037) (0.043) (0.032)

Poor 0.7820a 1.3597a 0.8184a 0.2675a

(0.050) (0.044) (0.052) (0.038)

Very poor 1.3989a 1.7589a 1.3416a 0.5222a

(0.067) (0.030) (0.067) (0.039)

Hypertension -0.0660b 0.1336a 0.3945a 0.2462a
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(0.025) (0.017) (0.089) (0.053)

Full set of parameter estimates from multinomial logit probabality model,

with the probability of employment as the reference group; thus param-

eters are relative to this reference. Thus, positive estimates refer to an

increased probability of unemployment/ non-participation over employ-

ment. Results assume exogeneity and standard errors are weighted to

account for sample structure. Significance levels, based on corrected

standard errors: a - 0.005, b - 0.01, c - 0.05, d - 0.1.
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