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1 Introduction

In 2004 black self-employed workers in KwaZulu-Natal province, South Africa,
had average hourly earnings six times lower than black employees in private sec-
tor firms, who themselves earned half the average hourly wage of black workers in
the public sector. In this paper we seek to explain the vast differences between
the average earnings of the self-employed, at one end of the informal/formal
divide in South Africa, and unionised public sector workers at the other.

Human capital theory provides one potential explanation for earnings differ-
entials, positing that workers’ productivities explain their earnings, and sector
choices, and implying that sectoral choices are utility maximising, despite the
possible existence of sectoral earnings differentials. Extensions and modifica-
tions of the Harris and Todaro (1970) model provide an alternative explanation,
suggesting that institutional features of the labour market prevent formal sector
earnings from equalising the demand and supply of labour in this sector and
can generate wage differentials between different sectors for otherwise identical
workers.

In this paper we test these alternative explanations using a panel data set
that allows us to explore the role of observed and unobserved individual het-
erogeneity in determining the earnings outcomes observed in the South African
labour market. The data set also allows us to analyse the relative contributions
of human capital and two key formal sector institutions, public sector pay policy
and trade unions, to earnings determination. In exploring the impact of these
institutions, and including all income-earning individuals we go beyond the work
of Badaoui et al. (2008), the only other paper that uses panel data to explore
this topic in South Africa, who focus solely on wage employees in the private
sector. In addition, the work of Badaoui et al. (2008) makes use of the benefits
of panel data but does not address its limitations, particularly measurement er-
ror and attrition, and does not consider the endogeneity of movement between
sectors. Our work addresses the possible effects of attrition and measurement
error and we explore the impact of endogenous movement on our results.

As a result of the legacy of Apartheid racial classifications continue to be
commonly used in surveys, censuses and in analysis of the South African labour
market. We abstract from racial differentials in labour market outcomes in this
paper by confining our analysis to black South Africans only. This decision
mainly reflects data constraints: the panel data set we use only contains in-
formation on black and Indian households. But given the large differences in
labour market outcomes in South Africa across all racial groups, we have chosen
to further limit our analysis to black workers.

The structure of the paper is as follows: Section 2 reviews explanations for,
and evidence on, possible explanations of earnings differentials. The KwaZulu-
Natal Income Dynamics Study is described in Section 3. Section 4 tests the
ability of both human capital theory and segmentation hypotheses to explain
earnings, as well as analysing the effects of allowing for unobserved heterogeneity
to influence earnings. Section 5 concludes.
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2 Identifying Sources of Wage Differentials

2.1 Explaining Sectoral wage differentials

One explanation for the large sectoral earnings differentials in South Africa
noted above posits the existence of institutional features of the labour market
which prevent earnings in the formal sector from equalising the demand and
supply of labour in this sector, and which generate sectoral wage differentials
for otherwise identical workers, often described as segmentation. In the devel-
oping country context the Fields (1975) extension of the Harris and Todaro
(1970) model of migration has been the basis for much of the empirical litera-
ture seeking to explore whether segmentation exists in the labour market. This
model included an urban, informal, free-entry sector, along with the urban for-
mal sector and rural agriculture, where the existence of a minimum wage or
union activity in the formal sector created wage differentials between the formal
and informal sectors and left those in the informal sector worse off than those
in the formal sector.

An alternative explanation for earnings differentials is the traditional neo-
classical framework, which emphasises the productivity of individuals as the
primary driver of wages in a competitive labour market. In this explanation of
labour market outcomes earnings differentials across different types of employ-
ment simply reflect average differences in individual human capital and ability
in these different types of employment (Heckman and Sedlacek (1985), Heck-
man and Hotz (1986), Maloney (2004)). These explanations are inspired by
the Roy (1951) model of the labour market, in which individuals’ comparative
advantages in either of the two sectors determines their choice of where to work
and their earnings.

The emphasis on individual heterogeneity driving both earnings and selec-
tion has led to a large part of the segmentation debate focusing on whether
studies have adequately controlled for this heterogeneity. For example Pratap
and Quintin (2006) find that there is no evidence that earnings functions in
the formal and informal sectors differ in equilibrium, using panel data from Ar-
gentina, once they adopt a semi-parametric propensity score matching approach
that uses less restrictive assumptions than parametric approaches. Badaoui et
al. (2008) find no evidence of an earnings premium for formal sector workers in
South Africa once they use the panel dimension of their data to control for unob-
served heterogeneity and account for only formal sector workers paying income
tax1. Botelho and Ponczek (2011) find a large premium for formal sector em-
ployees in Brazil using Ordinary Least Squares (OLS), but this becomes a small
but statistically significant premium after they use a fixed effects regression to
control for unobserved, time invariant heterogeneity.

It is clear that panel data have important advantages when looking at earn-
ings differentials, since researchers are able to control for time invariant indi-
vidual heterogeneity that may be the cause of differences in earnings across
individuals. It is not often acknowledged, however, that the use of panel data

1We discuss this paper in more detail in Section 2.3 below
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also brings several challenges (Deaton 1997), and it is even more rare for these
challenges to be addressed. The studies by Pratap and Quintin (2006) and
Badaoui et al. (2008) mention neither measurement error nor attrition. Botelho
and Ponczek (2011) emphasise that measurement error and attrition can influ-
ence the results obtained using panel data in their study of earnings differentials
between the formal and informal sectors of the Brazilian labour market, but the
only measurement error they deal with is that related to mismeasurement by
respondents reporting incomes for other members of the household, for which
a very simple test is presented. The authors do not deal with the more fun-
damental issue that measurement error in the independent variables in panel
data can bias fixed effects regression coefficients towards zero (Deaton 1997),
an issue that we take up below. Likewise, although attrition is addressed in
Botelho and Ponczek (2011), it is dealt with only by noting that the observable
characteristics of those who subsequently exit the sample are similar to those
who stay in the sample. We discuss the results of attempting to correct for
attrition and measurement error in section 4 below.

Thus far we have mentioned only the literature arguing that earnings dif-
ferentials or their absence are evidence for or against segmentation. Testing for
earnings differentials as an indication of whether the labour market is segmented
is not uncontroversial, however. Maloney (1999) argues that heterogeneity in
non-pecuniary aspects of employment is an important determinant of job satis-
faction and also that the key implication of segmentation is a lack of movement
between the informal and formals sectors, rather than earnings differentials.
Despite this there is still active debate about the nature and causes of earnings
differentials between different types of employment and we focus on this in this
paper.

2.2 Beyond a formal/informal dichotomy

In much of the segmentation literature just reviewed the focus is fairly narrow,
with researchers exploring whether there are earnings differentials between the
formal and informal sectors. In some research the distinction between the for-
mal and informal sectors is based on the ILO definition of informality, as defined
in Hussmans (2004), ie whether the individual is registered or the firm the in-
dividual works for is registered (cf Badaoui et al. (2008)). In other research
informality is defined as whether the individual receives benefits from their em-
ployer (Pratap and Quintin 2006) or has the correct registration card required
in Brazil (Botelho and Ponczek 2011). However it is precisely defined, a binary
dichotomy between the formal and informal sectors is helpful in exploring how
the regulatory environment affects the earnings of those in the formal sector,
but does little to enlighten our understanding of how other labour market in-
stitutions affect earnings in both the formal and informal sectors. What of the
role of trade unions? How large is the public sector and are earnings in it high
relative to the private sector? If there are multiple segments within the informal
sector (Fields 2005), can we describe them? How does own account work com-
pare to wage employment in small firms? These questions seem to have fallen
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by the wayside in the debates over whether the labour market is segmented.
The approach we have outlined also links to a literature that argues that

formality is not simply a dichotomy between the formal and informal sectors.
Chen (2006) has argued that there is actually a continuum of the formality of
jobs, with some being more formal than others. In this vein Günther and Launov
(2012) argue that there is heterogeneity within the informal sector in Ivory
Coast, and that the data they use suggests there are two distinct segments within
informal employment, each of which pays less than the formal sector. Falco et
al. (2011) also argue against a binary dichotomy, suggesting that enterprise size
is a key determinant of formality in both Ghana and Tanzania.

In different ways the papers reviewed above suggest that the labour market
is more complex than a description of a simple dichotomy between the formal
and informal sectors. Our approach in this paper is similar in spirit. Partly
this is driven by data considerations, since the data we use do not enable us to
classify individuals as working for a registered enterprise along the lines of the
most recent ILO definition of informality (Hussmans 2004). But we emphasise
important distinctions within the formal sector, as well as comparing earnings
between jobs that are more and less formal. Unionised, public sector work
in South Africa could be considered highly formalised, unionised regular work
in the private sector less so and self-employment or casual employment even
less formal. The segmented labour market hypothesis suggests that jobs with
higher levels of formality would be higher paying than less formal jobs, even
after controlling for observed and unobserved ability. We test this hypothesis
in our empirical analysis below, in addition to exploring the importance of both
observed and unobserved human capital. In the following section we review the
existing literature on the role labour market institutions play in determining
earnings in South Africa.

2.3 The impact of institutions on the South African Labour
market

There is much research focusing on the institutions influencing labour market
outcomes in South Africa, particularly the impact of trade unions, the pub-
lic sector and bargaining councils. Bargaining Councils are legally mandated
groupings of firms and trade unions that set minimum wages for each industry,
with the existing research suggesting that these raise wages and decrease em-
ployment (Magruder (2009), Bhorat et al. (2007)). Butcher and Rouse (2001)
show that the earnings premium for trade union members was not as high in the
1990s as earlier estimates had suggested (Moll 1996), whilst Heintz and Posel
(2008) show that public sector workers earn 40 % more than formal private
sector workers after controlling for a range of observable characteristics. All of
the work cited in this paragraph is cross sectional in nature, however.

A few studies specifically set out to investigate whether formal sector em-
ployment, usually defined as those working in or owning registered enterprises,
is associated with a substantial earnings premium in South Africa. Heintz and
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Posel (2008) find large premia for formal sector workers using cross-sectional
data from the 2004 Labour Force Survey.

Results from cross-sectional data that suggest the existence of formal sector
earnings premia may actually be explained by individual differences in unob-
served ability or unobserved school quality, however. The only study that takes
into account unobserved individual heterogeneity using South African data is
Badaoui et al. (2008). The authors use the Labour Force Survey panel to show
that there is no formal sector premium for black, male employees once unob-
servable differences between individuals are taken into account. We noted above
that one problem with this study is that it does not account for the additional
problems panel data bring. In addition, Badaoui et al. (2008) define a very nar-
row field of investigation. The authors look only at private employees, excluding
public sector workers and the self-employed from their study. The authors thus
only attempt to explore whether there is an earnings premium for employees
in registered private enterprises, compared to private unregistered enterprises.
In finding no formal sector premium this paper tells one little about how this
result is obtained or the institutions or regulations that have contributed to this
situation. In contrast, our work in this paper attempts to explore the effects
of different institutions on wage setting both within formal employment and in
less formal types of employment, using the KIDS data, which we now describe.

3 Description of the KIDS Data and Survey Method-
ology

This section provides a brief description of the KwaZulu-Natal Income Dynamics
Study (KIDS), a 3 wave panel conducted in 1993, 1998 and 2004 in KwaZulu-
Natal province, which was the largest province by population when the survey
was undertaken. As noted above we confine our analysis to black individuals
only.

3.1 Describing Employment, Earnings and Education

The KIDS data allow us to explore the effects of public sector wage setting and
unionisation on earnings, which can be argued to be two important dimensions
of formality. We thus describe the differences in earnings between six mutually
exclusive employment types that can be identified in the KIDS: four types of
regular employment (private non-union, private union, public union and public
non-union) as well as casual employment and self-employment.

The structure of employment in South Africa reflects a major difference
between it and most other African countries: self-employment in informal en-
terprises and other types of informal employment make up only a small part
of total employment (Kingdon and Knight 2004). This difference is evident in
Table 1 for the first two waves of the KIDS data, where regular employment
predominates. By 2004, however, casual employment had become the most
common form of employment, with a dramatic decline in regular employment,
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possibly reflecting non-random attrition from the panel. Table 2 shows that
employment decreased by about ten percent between 1993 and 2004, and that
there was a corresponding increase in the measured broad unemployment rate2.

Table 1 also shows the large hourly earnings differences between regular,
casual and self-employment that we highlighted at the start of this paper3.
The median wage for public sector workers in unions was 17 times higher than
earnings in self-employment in 2004, a gap which had increased three-fold since
1993. This increase in the earnings gap over the 11 year period covered by the
surveys was generated by a decline in earnings by a third for the self-employed
and an increase of roughly 65% for unionised public sector employees. There
were substantial increases in real wages between 1993 and 1998, as noted in
Cichello et al. (2005), with the largest percentage increases for public sector
workers. This may reflect the raising of the wages of black individuals in the
public sector to the level of their white counterparts as a result of the new
post-1994 government, or the effects of the formation of the Public Service Co-
ordinating Bargaining Council, which occurred in 1997 (Bhorat et al. 2007).
Table 1 also shows that between 1998 and 2004 real wages remained constant
or decreased slightly.

Table 4 shows occupations by employment type4. It is clear that some types
of employment are more likely to be associated with certain types of occupa-
tions. Public sector employees are more likely to be in professional occupations,
whilst regular private employees are more likely to be labourers or in production
jobs. This is some indication that part of the explanation for the vast differ-
ences in earnings across employment types must be found in human capital and
occupational choice. We explore this in more detail below.

Significant educational expansion between 1993 and 2004 is evident in the
KIDS data, shown in Table 3. Public sector employees have the highest levels
of education across the 3 waves, whilst individuals in self-employment have
the lowest. Large earnings differences across the sectors seem to be correlated
with large differences in educational attainment, consistent with human capital
theory. This will be given further attention in the subsequent analysis. We turn
next to a discussion of attrition in the KIDS panel.

3.2 Attrition

In any panel survey attrition is a potential cause for concern, as it can generate
attrition bias in parameter value estimates. The KIDS methodology involved
attempting to track those households that moved, although not all households
were found. At least one core member of the 1132 households first interviewed
in 1993 was successfully re-interviewed in 721 households in 2004, representing
household attrition of 36 percent over eleven years. It was also possible for

2The number of employed and the number of earners in the sample differs because some
individuals did not provide earnings measures. We have not imputed earnings where these
were missing.

3The Appendix gives details about how the earnings measure was constructed.
4The self-employed were not asked questions about their occupation.
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individuals to exit from households that were re-interviewed. Of the 8258 indi-
viduals in households that were interviewed in 1993, 5397 were re-interviewed
in 2004. Whilst these are large rates of attrition May et al. (2007, pg. 638) show
that they are comparable to attrition rates in panel studies in other developing
countries such as the LSMS Cote d‘Ivoire panel survey conducted in the late
1980s and the Lima LSMS from Peru and argue that KIDS “continues in most
of its important demographic characteristics to remain broadly representative
of the population of the province.”

Table 5 show some correlates of household attrition. In both 1998 and 2004
it seems that smaller households are more likely to exit the sample. Households
with higher per capita income seem more likely to exit in 2004, but not in 1998.
Table 6 shows some correlates of individual attrition (all individuals, including
those who exit the sample due to household attrition, older than 15). Individuals
that exit are older, more likely to be male, come from larger households and have
slightly higher levels of education. Whether the individual is a “core” member
or not is an important predictor of attrition in both 1998 and 2004: this is
because the survey methodology meant core household members were tracked
if they moved, whilst other household members were not. Table 6 shows similar
characteristics for the sub-sample of earners, which we use in the next section.
In this sample men and those who are married seem more likely to exit. Younger
earners also seem more likely to exit the sample.

Having given a description of attrition in the KIDS we now turn to explaining
wage differentials.

4 Explaining Wage Differentials in South Africa

4.1 Can Human Capital Theory Account for Earnings Dif-
ferentials?

In this section we explore the extent to which the competitive model, within
a human capital framework, can explain the large average wage differentials
across employment of different levels of formality documented above. To begin
we estimate earnings functions using Ordinary Least Squares (OLS):

yit = γ + x
′

itβ + εit. (1)

xit and β are K x 1 vectors, and we assume the εit are iid [0, σ2]. Table 8 shows
basic OLS earnings functions for the 3 waves of the panel, with the log of real
hourly wage being the dependent variable5. Missing earnings or hours data,
as a result of individuals refusing to answer or because the respondent did not
know, are not imputed. Around 4 percent of the sample had missing earnings
and less than 1 percent had missing hours worked. The education variables

5The interpretation of the regression coefficients is the percentage change in the hourly
wage for a unit change in a regressor. For dummy variables the percentage effect of a change
from zero to one is calculated by eβ − 1. Table 7 in the Appendix to this paper shows basic
summary statistics for the variables included in the regressions.
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used are dummies indicating whether the individual had some primary, com-
pleted primary, some secondary, matric (completed secondary) or some tertiary
education. The omitted category is no education.

Across all three waves the results show that there are large returns to edu-
cation and labour market experience. The strongly convex returns to education
are consistent with other findings for South Africa (Keswell and Poswell 2004)
and for other African countries (Bennell 1996), and contradict the assertion
of Psacharopoulos (1994) that returns to education are generally concave in
developing countries.

The vast raw wage differences across various dimensions of formality, noted
in section 3, are substantially reduced in the OLS earnings functions for each of
the 3 waves, conditioning on a range of covariates. The six-fold raw difference
in average earnings over the 3 waves of KIDS between the highest and lowest
paying sectors is reduced to roughly a four-fold difference when controlling for
observable human capital. Interestingly, most of this occurs through reduced
differentials within the private sector, with the large raw public sector premium
hardly declining. The union premium in the private sector is estimated to be
around 60%, but is roughly 30% when we control for industry and occupation,
shown in the last column of Table 8. This is broadly in line with the analysis of
Butcher and Rouse (2001)6. In section 3 we showed that public sector workers
are more likely to be in professional occupations. The results from the last
column of Table 8 suggest that this is not the cause of the public sector premium,
which remains when controls for industry and occupation are included.

4.2 Modeling Unobserved Heterogeneity

OLS estimation fails to allow for factors such as unobserved ability and prefer-
ences for different job characteristics. Panel estimators can be used to control
for unobserved individual time invariant heterogeneity. It is then possible to
estimate the change in the wage as an individual moves between union and non-
union employment, or into or out of the public sector. There is a significant
amount of movement between sectors, as shown in Tables 9 and 10, which is
required for identification of differences in earnings across different types of em-
ployment using panel estimators. In particular, anticipating our results below,
there is extensive movement out of, and into, private unionised employment.

We use fixed effects and first and second difference estimators in our estima-
tion. The fixed effects model is

yit = γ + αi + x
′

itβ + εit. (2)

The αi terms are the individual specific effects. The fixed effects estimator is
obtained by subtracting the time averaged model from the original model, giving

yit − ȳi = (xit − x̄i)′β + (εit − ε̄i). (3)

6With the KIDS data we are only able to explore the effect of union membership and
not on the broader role unions play in raising minimum wages for all workers through the
bargaining council system that we discussed in Section 2.
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Wooldridge (2002) shows that this is a consistent and unbiased estimator if
either N→ ∞ or T → ∞ and assuming strict exogeneity of the εit, ie that
E[εit|xit, αi] = 0. Alternatively one can estimate the fixed effects model using
the first difference estimator, subtracting the model lagged one period, to obtain

yit − yi,t−1 = (xit − xi,t−1)′β + (εit − εi,t−1). (4)

This is also unbiased and consistent under the assumptions above, but is less effi-
cient than the fixed effects estimator when εit are serially uncorrelated (Wooldridge
2002). Longer differencing periods can reduce the effects of attenuation bias due
to measurement error and help determine how serious the bias is in the first dif-
ferenced results (Griliches and Hausman 1986). We explore this further below.

4.3 The effects of unobserved heterogeneity

Table 11 reports results from the fixed effects estimator, as well as the first and
second difference estimators. Second differencing is the maximum difference al-
lowed by the data, since KIDS is a three wave panel. The first column shows the
results of the fixed effects estimator. They suggest that a substantial premium
remains for those in public sector employment, relative to private regular em-
ployment. Those in unionised, public sector employment earn 91 percent more
than those in private, non-union employment, controlling for time invariant un-
observables and time varying observables. Private sector, regular employment
is more lucrative than casual or self-employment, with those in casual employ-
ment earning 27 percent less, and those in self-employment 9 percent less than
those in regular, private, non-union employment, although the self-employment
coefficient is not significantly different from zero at the 5 percent level.

There is also a statistically significant7, two and a half fold difference between
the highest and lowest paying sectors. Controlling for unobserved heterogeneity
further reduces the differentials within the private sector, such that the dif-
ferences are not significant in the fixed effects regression. The public sector
premium, however, is hardly reduced at all. The results from the first difference
estimator are similar to those from the fixed effects estimator and also indicate
that a large premium remains for those in public sector employment, relative
to private, regular employment, but that the private sector union premium is
much lower than in the OLS regressions and insignificant.

The small union premium in the private sector is an important finding,
as it suggests that the larger union premium in the cross section results may
actually be a quality effect, and that union members earn higher wages than
non-union members in private employment because they are (unobservably)
more productive. It is also likely that firms are responding to unionisation,
and having to pay higher wages, by increasing their capital stock and lowering
their labour usage but hiring higher quality workers necessary to utilise the

7Table 12 contains the results of pairwise F tests for the equality of the coefficients on the
different types of employment for the fixed effects regression.
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increased capital. This finding suggests that union activity is changing the skill
composition of the workforce.

We noted above that there is substantial movement into and out of union
membership, which should allow for the identification of the union effect in both
the fixed effects and differenced estimators. This requirement for movement
means that panel estimators rely on those observed more than once to identify
the regression coefficients. Those only observed once are excluded. As a simple
robustness check, it is helpful to determine whether the pooled cross section
results also hold for the sub-sample of individuals observed more than once.
The last column in Table 15 shows the key OLS results are indeed similar
in the reduced sample, with earnings increasing as the degree of formality of
employment increases. We now explore some other potential sources of bias in
our results.

4.4 Measurement Error using Panel Data

Measurement error is of concern in any data, and this can be exacerbated in
panel data (Deaton 1997). A well known result from econometric theory is
that measurement error in an independent variable results in attenuation bias,
meaning that coefficients of the independent variables are biased towards zero.
Following Cameron and Trivedi (2005, pg. 905), the effects of measurement error
in panel data can be illustrated using a model with a scalar regressor:

yit = αi + x∗itβ + εit. (5)

αi is the individual unobserved fixed effect, x∗ is measured with error and we
observe x, with xit = x∗it + υit. If we use a first difference estimator then

∆yit = β∆x∗it + ∆µit (6)

= β∆xit + ∆µit − β∆υit. (7)

If we define ρ=Cor(x∗it, x
∗
i,t−1), then it can be shown that

plimβ̂ = β + (plim
1

N

N∑
i=1

∆xit
2)

−1

plim
1

N

N∑
i=1

(∆xit∆µit − β∆xitυit) (8)

= β − βσ2
υ

(1− ρ)σ2
x∗ + σ2

υ2
υ

. (9)

This inconsistency is larger than in the cross sectional case when ρ > 0. It is
also clear from equation (9) that as ρ → 1 the inconsistency becomes large.
KIDS has longer periods between waves than many other panel surveys, with 5
years between the first 2 waves and 6 years between the second and third waves.
This would help to alleviate attenuation bias if the dependent variable changes
by a larger amount, compared to panels with shorter periods between waves, as
this would lower the value of ρ.
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We noted above the large decline in the union premium when using the fixed
effects and first difference estimators and gave a possible economic explanation.
This could also be attributed to measurement error in sector of employment,
however, and the resultant attenuation bias. As a further robustness check,
longer differencing periods can reduce the effects of attenuation bias and help
determine how serious the bias is in the first difference results (Griliches and
Hausman 1986). The KIDS is a three wave panel, and hence the maximum
differencing possible allows for a second difference estimator. If measurement
error was driving our results then we would expect to see larger coefficients in
the second difference estimator than in the first difference. Table 11 shows the
sector coefficients in the second difference results are generally not significant,
probably as a result of the small sample, but that they are not universally
larger than the fixed effects and first difference coefficients. In fact, the private
sector union premium is lower in the second difference regression than the first
difference regression, and is in fact negative, implying that our low estimate of
the premium is unlikely to be the result of measurement error8.

4.5 Interrogating the Public Sector Earnings Premium

In order to obtain consistent estimates of the differences in earnings across sec-
tors when accounting for time invariant heterogeneity we have thus far assumed
that movement between sectors is exogenous. Similar assumptions are common
in much of the literature, including the seminal work of Abowd et al. (1999),
who use matched firm and worker data to decompose earnings into components
due to observed and unobserved characteristics of firms and workers, but assume
that movement of workers between firms is exogenous.

In this section we use insights from the treatment effects literature to show
that movement is endogenous if the return to different sectors differs by indi-
vidual and provide some initial evidence that this is the case in the KIDS data
and that this affects the estimation of the public sector premium. We do not at-
tempt to correct for endogenous movement as we do not have instruments that
explain movement but not earnings. Falco et al. (2011) use system-GMM esti-
mators to estimate the effect of endogenous movement on sectoral differentials
in Tanzania and Ghana, although they do caution against reading too much into
the system-GMM results given that they use a three wave panel. Unfortunately
the small sample of individuals observed with earnings in all three periods does
not allow us to replicate this analysis using the KIDS data.

In the treatment effects literature heterogeneity in treatment is an impor-
tant part of the endogeneity problem researchers must overcome when estimat-
ing treatment effects (Heckman 2001). In this world earnings may actually be
determined by the following model:

yit = γ + αi + x
′

itβi + εit, (10)

8Butcher and Rouse (2001) show that ignoring controls for industry inflates the union
premium. Our estimates do not control for industry and can thus be thought of as the
maximum estimate of the union premium, assuming we have controlled for other potential
biases.
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where x is a vector of the different sectors and the returns to these sectors
are now assumed to be individual specific. This means that in first differences
we estimate an average of the returns to each sector across all individuals who
change sectors:

∆yit = β∆xit + ∆εit + (βi − β)∆xit. (11)

In the language of the treatment effects literature we are attempting to esti-
mate the average treatment effect on earnings of being “treated” by being in
a particular sector. The error term in equation (11) does not satisfy the strict
exogeneity assumption that is required for consistency, however, and implies
that movement between sectors will not be exogenous, and hence that we may
not consistently estimate β if there is individual heterogeneity in β.

We provide some indication that there may be individual heterogeneity in
β, and thus endogeneity of movement between sectors, by focusing on the large
public sector earnings premium we found even after controlling for unobserved
individual time invariant heterogeneity. The second column in Table 13 uses a
first difference estimator but excludes those who move out of the public sector.
This means the public sector premium is being estimated using only those who
move into the public sector. These results are similar to the full sample, shown
in column 1. Column 3 shows the results excluding those who enter the public
sector, which are radically different, with no significant public sector premium9.
Columns 4-6 repeat the analysis combining unionised and non-unionised public
sector workers, and the same result obtains.

Despite having controlled for individual unobserved heterogeneity, αi, using
the first difference estimator, our results suggest there are still differences in
relative returns to public sector employment. What could explain this result?
If individual productivity is captured by αi and controlled for in the panel
estimators then the coefficient on the public sector dummy can be thought of
as the relative returns to that sector. In this case it is not inconceivable that
low productivity individuals have higher returns in the public sector, relative to
other sectors, if public sector pay is not as strongly correlated with ability. This
scenario would also require that individuals of all productivity levels have some
chance of gaining entry to public sector employment (perhaps because of poor
screening of applicants or nepotism) and that being fired from the public sector
is very difficult. These are not unrealistic assumptions in the South African
context.

Under these assumptions low ability workers may manage to enter public
employment, knowing that finding better paying employment in the private
sector is not possible. As a result these workers would stay in the public sector
for as long as possible, earning a premium compared to their previous earnings
in private sector employment, which is what we estimate when excluding those
who move out of the public sector. High ability workers may have lower relative
returns to the public sector if public sector earnings are less correlated with
ability. This would mean their earnings could be matched or exceeded if they
received a job offer in the private sector, implying they would be the only workers

9A similar analysis for the union effect in the private sector produces no asymmetric effect.
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who leave public sector employment and explaining why when we exclude those
who move into the public sector we do not find a public sector premium.

4.6 Further Robustness Checks

We have noted that non-random attrition may be affecting our results. In the
Appendix we set out attrition correction methods and results for the OLS and
differenced regressions. These involve the use of inverse probability weighting
in the case of OLS and a Heckman selection correction for the differenced re-
sults (Wooldridge 2002). Both require fairly strong parametric assumptions for
identification. They do not make dramatic differences either to the OLS or dif-
ferenced results, and provide some indication that attrition is not biasing our
results.

A simpler final check on the effects of attrition on the results that correct
for unobserved heterogeneity is to estimate the first difference model using the
first two waves only and then the last two waves only, shown in the final two
columns of Table 16. The results are similar to the uncorrected and attrition
corrected results.

As a final set of robustness checks we report OLS and fixed effects regressions
dividing the sample by gender. Table 14 shows that the key results when sepa-
rating the sample into men and women are preserved. The ranking of sectors is
roughly the same for the full sample, although women are relatively worse off in
self-employment. The union premium in the private sector is again dramatically
lowered when estimated using the fixed effects panel estimator for both men and
women.

5 Conclusion

The KIDS panel enables us to explore whether the large earnings differentials
between jobs that differ across various dimensions of formality are the result
of unobservable differences between individuals or due to the effects of labour
market institutions. Once we use panel estimators, to control for unobservable
time invariant heterogeneity, the differential between the highest and lowest paid
sectors is reduced to a two and half fold difference. Attrition and measurement
error can bias results when using panel data but we have shown our results are
robust to these concerns.

The only substantial earnings premium found is for those in public sector
employment, the most formal of the employment categories we consider. Inter-
estingly, we find that this premium is driven by those entering the public sector,
rather than those leaving it, and we have outlined a very simple model of ability
driving movement into and out of the public sector to explain this result.

We also find that the union premium in the private sector is reduced sub-
stantially when controlling for individual heterogeneity, suggesting that firms in
which unions are active attempt to mitigate higher wages by selecting employees
more carefully. Previous research on the role of trade unions in South Africa
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concentrated on whether unions generate a premium for their members. Our
research has shown the situation is more complex, since unionised workers are
of unobservably higher quality. This suggests that an important effect of union
activity is to change the skill composition of the work force.

Our conclusions in this paper about the role of trade unions and the public
sector suggests that concentrating on a binary dichotomy between the formal
and informal sectors is often unhelpful in exploring how other institutions affect
the labour market, and that this approach often precludes analysis of important
labour market institutions. Our results suggest that the explanation for the large
earnings differences across different types of employment in South Africa is not
found only in human capital or only in institutions that disrupt the equilibrium
in the labour market. Instead, we have shown that human capital explains
much of the earnings differentials within the private sector but cannot explain
the large public sector premium.
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6 Appendix

6.1 Construction of the earnings and hours worked vari-
able

The earnings variable is constructed from net earnings for those who reported
paying tax and gross earnings for those who reported not paying tax. For those
in self-employment the questions were about the total hours and profits in the
business, and households were allowed to list up to three members involved in
the business, but there was no question asking how much time each member
worked in the business. We have assumed an equal share of time and profit for
each individual listed as helping with the business. The hours worked variable
is constructed using a question on the number of hours worked in an average
day for those in casual and regular employment.

6.2 Tracking of Households and household types

The 1998 KIDS survey attempted to track households, including those that
moved between waves and those that split up, interviewing all members of any
households that contained core members of the 1993 households. Core members
were those that satisfied any of the following four criteria: (i) A self-declared
head of household (from 1993)
(ii) Resident spouse/partner of self-declared head of household (from 1993)
(iii) Resident member in a three-generation household (from 1993) and all of
the following were true:
child, child-in-law, or niece/nephew of self-declared head;
at least 30 years old;
have at least one child resident in the household
(iv) Resident spouse/partner of individual satisfying criterion (iii)

A similar procedure was followed in the third wave in 2004 although the
panel was refreshed by also tracking “next generation” households, defined as
those containing adult children of core members, who themselves have children.

6.3 Addressing Attrition

We model attrition at an individual level and then use two different attrition
correction methods to correct our results. The pooled cross section regressions
are corrected using Inverse Probability Weighting (IPW) and the difference esti-
mator regressions are corrected using a Heckman selection correction, following
Wooldridge (2002).

6.3.1 Modeling Attrition

We model attrition as a binary variable sit that takes a value of one if the
individual exits the sample at time t after appearing in the sample at time t− 1
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and is zero otherwise. sit is a function of individual, household and community
characteristics that are represented by the vector wit:

sit = 1[witδ + υit > 0]. (12)

Tables 17 and 1810 shows the results of 3 probit models of individual attrition.
The first column uses 1993 characteristics of individuals themselves, as well as
characteristics of their households and communities, to predict whether individ-
uals exit the sample in 1998, the second wave of the panel. The second uses
the same characteristics to predict attrition in 2004. The third column uses
characteristics of all those present in 1998 (including new household members
not present in 1993) to predict attrition in 2004.

The results suggest that both elderly household members and the very young,
the omitted category, are least likely to exit. Attrition is also found to be
less likely for resident household members, for males and for those in larger
households. Those in private sector regular unionised employment are also less
likely to exit the sample. No individual in any other category of employment or
the unemployed were significantly more likely to exit compared to the omitted
category, which was those not in the labour force.

6.3.2 Correcting for Possible Attrition Bias

In Section 4 individual earnings were modeled as

yit = αi + x
′

itβ + εit. (13)

In correcting for possible attrition bias in the pooled cross section Inverse Prob-
ability Weighting relies on the so-called “ignorability” assumption (Wooldridge
2002):

P (sit = 1|yit, xit, wi1) = P (sit = 1|wi1). (14)

Inverse Probability Weighting requires using the predicted probabilities of
exit from the sample from a model of attrition, for example the attrition probit
estimated above, and then weighting observations so that those that have a
higher predicted probability of attriting, but nevertheless stay in the sample, are
given a higher weight. These results are shown in the first column of Table 15,
and are not dramatically different from the uncorrected results. An optimistic
interpretation of the results is that attrition is not a serious concern. It could
also indicate, however, that the ignorability assumption has been violated, given
the fairly low predictive power of the variables in the attrition model.

In correcting for possible attrition bias in the differenced estimation, we
follow Wooldridge (2002) and assume joint normality of 4εit and νit, which are
the errors in the attrition and differenced earnings functions respectively, strict
exogeneity of xit and that selection does not depend on ∆xit once wit has been
controlled for. It can then be shown that

E(∆yit|∆xit, wit, sit = 1) = β∆xit + ρλ(witδ), (15)

10The second table reports the last half of the regression results from the first table due to
the large number of explanatory variables.
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where λ(witδ) is the inverse mills ratio from the attrition probit.
Table 16 shows the first and second differenced equations corrected for at-

trition. The results again do not differ dramatically to the uncorrected results.
The key element of formality is again seen to be access to public sector em-
ployment, with union membership in the private sector not associated with a
significant premium compared to non-union workers.
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Table 1: Median Hourly Earnings

1993 1998 2004
Median N Median N Median N

Employment Categories

Public Union 13.90 61 24.35 116 23.39 138
(9.73) (56.12) (77.80)

Public non-Union 10.77 100 18.27 96 17.96 41
(14.14) (42.16) (49.89)

Private Union 9.94 168 12.15 152 11.44 66
(10.90) (32.89) (38.19)

Private non-Union 4.04 459 6.55 300 8.59 126
(15.62) (16.65) (28.53)

Casual Employment 2.19 91 5.16 167 3.70 299
(4.58) (18.70) (8.73)

Self Employment 2.32 156 3.44 88 1.02 66
(29.11) (33.57) (5.26)

Frequency 1081 961 789

Standard Deviations in Parentheses. Earnings expressed in constant 2004 Rand. Average
Rand/ US Dollar exchange rate was 3.26 in 1993, 5.52 in 1998 and 6.46 in 2004

(International Monetary Fund 2009)

Table 2: Labour Force Participation and Unemployment

1993 1998 2004
Employed 1171 1065 1028
Labour Force Participants 1990 2118 1968
Unemployment Rate 41% 50% 48%

Source: Own calculations from KIDS.
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Table 3: Mean Weekly Hours Worked and Educational Attainment
(Years)

1993 1998 2004
Hours Educ Hours Educ Hours Educ

Employment Categories

Public Union 43.90 10.36 37.36 11.2 38.62 12.4
(10.97) (3.98) (16.97) (2.94) (16.16) (3.32)

Public non-Union 44.96 9.79 38.23 9.3 36.76 9.5
(14.83) (4.13) (18.44) (4.30) (18.49) (4.51)

Private Union 47.24 7.51 43.15 8.38 45.36 8.34
(11.10) (3.36) (13.28) (3.27) (15.19) (3.96)

Private non-Union 45.43 5.88 42.56 6.69 42.91 8.5
(15.57) (3.85) (14.89) (3.95) (18.76) (3.76)

Casual Employment 38.18 5.25 34.74 7.57 40.78 7.97
(17.35) (4.04) (19.35) (3.82) (20.20) (4.04)

Self Employment 35.46 5.62 48.16 6.16 39.05 8.28
(25.28) (3.79) (27.39) (3.87) (24.01) (3.79)

Frequency 1081 961 789

Standard Deviations in Parentheses. Source: own calculations from KIDS.

Table 4: Occupation of Employment by Employment Type

Prof Clerical Farm LabourerProductionServices
Employment Types

Public Union 186 26 1 27 52 44
Public non-Union 90 28 1 59 38 34
Private Union 20 19 47 147 178 36
Private non-Union 36 46 56 415 204 143
Casual Employment 39 28 0 216 127 158

Total 380 147 111 879 607 429

Source: Own calculations from KIDS.

Table 5: Household Attrition Descriptive Statistics

1993 1998 2004
ResurveyedAttrited ResurveyedAttrited Full Sample

Correlates

HH Size 7.56 5.55 8.65 5.15 6.96
(4.17) (3.46) (4.54) (3.22) (4.07)

Per cap Income 178.25 186.27 291.88 523.64 459.14
(241.87) (254.85) (516.24) (719.70) (1280.90)

Rural 0.73 0.81 0.77 0.65 0.77
(0.44) (0.39) (0.42) (0.48) (0.42)

Own house 0.84 0.77 0.92 0.69 0.90
(0.36) (0.42) (0.27) (0.47) (0.30)

Frequency 964 175 752 248 1211

Standard Deviations in Parentheses. Source: own calculations from KIDS.
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Table 6: Individual Attrition Descriptive Statistics

1993 1998 2004
ResurveyedAttrited ResurveyedAttrited Full Sample

Full Sample

Age 23.31 22.50 26.53 24.34 24.26
(18.94) (16.14) (19.30) (16.45) (18.68)

Male 0.47 0.47 0.46 0.49 0.47
(0.50) (0.50) (0.50) (0.50) (0.50)

Married 0.24 0.25 0.19 0.17 0.15
(0.43) (0.43) (0.39) (0.38) (0.36)

Year of Educ 4.62 5.14 5.53 6.17 6.38
(4.06) (4.17) (4.25) (4.31) (4.42)

Frequency 6334 1924 6507 2688 8318

Earner Sample

Age 37.80 34.15 39.89 37.57 38.13
(11.97) (11.69) (11.40) (10.69) (11.16)

Male 0.52 0.48 0.47 0.55 0.49
(0.50) (0.50) (0.50) (0.50) (0.50)

Married 0.60 0.57 0.49 0.53 0.42
(0.49) (0.50) (0.50) (0.50) (0.49)

Year of Educ 6.54 6.62 7.54 8.10 8.93
(4.18) (4.03) (4.09) (3.93) (4.25)

Frequency 737 239 526 354 750

Standard Deviations in Parentheses. Source: own calculations from KIDS.

Table 7: Earner Sample Summary Statistics

1993 1998 2004

Age 36.90 38.96 38.13
(12.00) (11.17) (11.16)

Male 0.51 0.50 0.49
(0.50) (0.50) (0.50)

Married 0.60 0.50 0.42
(0.49) (0.50) (0.49)

No Educ 0.16 0.09 0.07
(0.37) (0.29) (0.25)

Some Primary 0.30 0.25 0.19
(0.46) (0.43) (0.39)

Completed Primary 0.10 0.09 0.07
(0.30) (0.29) (0.26)

Some Secondary 0.31 0.33 0.34
(0.46) (0.47) (0.47)

Completed Secondary 0.09 0.19 0.20
(0.28) (0.39) (0.40)

Frequency 976 880 750

Standard Deviations in Parentheses. Source: own calculations from KIDS.
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Table 8: OLS earnings functions
93 98 04 pooled IO

(1) (2) (3) (4) (5)
Age 0.064 0.039 0.065 0.062 0.056

(0.018)∗∗∗ (0.023)∗ (0.019)∗∗∗ (0.01)∗∗∗ (0.01)∗∗∗

Age2 -.0006 -.0003 -.0007 -.0006 -.0006
(0.0002)∗∗∗ (0.0003) (0.0002)∗∗∗ (0.0001)∗∗∗ (0.0001)∗∗∗

Incomplete prim educ 0.26 0.527 0.222 0.302 0.227
(0.091)∗∗∗ (0.166)∗∗∗ (0.193) (0.085)∗∗∗ (0.073)∗∗∗

Complete prim educ 0.442 0.791 0.382 0.504 0.4
(0.117)∗∗∗ (0.178)∗∗∗ (0.258) (0.107)∗∗∗ (0.095)∗∗∗

Incomplete sec educ 0.691 1.073 0.558 0.738 0.547
(0.104)∗∗∗ (0.18)∗∗∗ (0.211)∗∗∗ (0.104)∗∗∗ (0.076)∗∗∗

Complete sec educ 0.884 1.422 0.822 1.040 0.73
(0.18)∗∗∗ (0.216)∗∗∗ (0.219)∗∗∗ (0.134)∗∗∗ (0.108)∗∗∗

Tertiary educ 1.515 1.731 1.429 1.537 1.063
(0.154)∗∗∗ (0.255)∗∗∗ (0.253)∗∗∗ (0.127)∗∗∗ (0.116)∗∗∗

Married 0.178 -.131 0.113 0.061 0.053
(0.075)∗∗ (0.085) (0.09) (0.047) (0.047)

Male 0.439 0.316 0.124 0.299 0.252
(0.075)∗∗∗ (0.069)∗∗∗ (0.076) (0.042)∗∗∗ (0.039)∗∗∗

Public Union 0.615 0.977 0.947 0.896 0.69
(0.16)∗∗∗ (0.116)∗∗∗ (0.142)∗∗∗ (0.09)∗∗∗ (0.081)∗∗∗

Public non-Union 0.444 0.808 0.869 0.664 0.486
(0.111)∗∗∗ (0.144)∗∗∗ (0.177)∗∗∗ (0.083)∗∗∗ (0.069)∗∗∗

Private Union 0.517 0.504 0.456 0.506 0.278
(0.109)∗∗∗ (0.134)∗∗∗ (0.141)∗∗∗ (0.088)∗∗∗ (0.067)∗∗∗

Casual Employment -.452 -.147 -.325 -.283 -.246
(0.13)∗∗∗ (0.13) (0.093)∗∗∗ (0.065)∗∗∗ (0.062)∗∗∗

Self employment -.449 -.144 -.849 -.463 -.375
(0.159)∗∗∗ (0.193) (0.177)∗∗∗ (0.099)∗∗∗ (0.098)∗∗∗

Const. -.605 -.080 -.141 -.537 -.353
(0.338)∗ (0.521) (0.449) (0.227)∗∗ (0.222)

Obs. 976 880 750 2606 2606
R2 0.347 0.36 0.428 0.381 0.421

Notes: ∗, ∗∗, ∗∗∗ denote significance at 10%, 5% and 1% levels. Standard errors are in
parentheses and adjusted for intra-cluster correlation. The dependent variable is the log of
hourly net income. All variables are dummies except age variables. Reference categories are no
education and private non-union employment. The IO column adds industry and occupation
controls to the pooled data.
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Table 11: Fixed Effects and Differenced earnings functions
Fixed Effects First Difference Second Difference

(1) (2) (3)
Age 0.074 0.049 -.451

(0.035)∗∗ (0.029)∗ (0.316)

Age2 -.0009 -.0007 0.004
(0.0004)∗∗ (0.0004)∗ (0.003)

Public Union 0.622 0.461 0.385
(0.161)∗∗∗ (0.149)∗∗∗ (0.318)

Public non-Union 0.47 0.344 0.745
(0.153)∗∗∗ (0.164)∗∗ (0.386)∗

Private Union 0.167 0.125 -.030
(0.091)∗ (0.12) (0.211)

Casual Employment -.199 -.255 -.373
(0.108)∗ (0.135)∗ (0.292)

Self employment -.128 -.147 -.266
(0.172) (0.186) (0.257)

1998 Year Dummy 0.393 0.534
(0.105)∗∗∗ (0.163)∗∗∗

2004 Year Dummy 0.263
(0.171)

Const. 0.32 -.107 -.826
(0.739) (0.162) (0.263)∗∗∗

Obs. 1154 628 126
R2 0.105 0.084 0.101

Notes: ∗, ∗∗, ∗∗∗ denote significance at 10%, 5% and 1% levels. Standard errors are in
parentheses and adjusted for intra-cluster correlation. The dependent variable is the log of
hourly net income. Reference employment category is private non-union employment.

Table 12: F tests of equality of sectoral coefficients from Fixed
Effects Regression

Labour Market Status regpubNU regprivU casual selfemp
regpubU 0.97 8.95 28.27 14.57

(0.33) (0.004) (0.000) (0.000)
regpubNU 4.53 13.91 8.72

(0.037) (0.000) (0.005)
regprivU 9.18 3.15

(0.004) (0.081)
casual 0.17

(0.679)

Notes: p values are in parenthesis. NU indicates non-union and U indicates union.
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Table 13: First Differenced earnings functions excluding movers
into and out of Public Sector Employment

Orig Exclout Exclinto Pub PubExclout PubExclinto
(1) (2) (3) (4) (5) (6)

Age 0.049 0.045 0.044 0.048 0.046 0.043
(0.029)∗ (0.028) (0.032) (0.029)∗ (0.028) (0.032)

Age 2 -.0007 -.0007 -.0005 -.0007 -.0007 -.0005
(0.0004)∗ (0.0004)∗∗ (0.0004) (0.0004)∗ (0.0004)∗∗ (0.0004)

Public Union 0.461 0.423 0.155
(0.149)∗∗∗ (0.176)∗∗ (0.215)

Public non-Union 0.344 0.462 0.039
(0.164)∗∗ (0.17)∗∗∗ (0.207)

changepublicD 0.32 0.335 0.031
(0.131)∗∗ (0.147)∗∗ (0.189)

Private Union 0.125 0.107 0.144
(0.12) (0.125) (0.132)

Casual -.255 -.296 -.170 -.304 -.342 -.215
(0.135)∗ (0.142)∗∗ (0.143) (0.131)∗∗ (0.134)∗∗ (0.141)

Self employed -.147 -.155 -.181 -.177 -.182 -.204
(0.186) (0.192) (0.221) (0.183) (0.187) (0.219)

Const. -.107 -.019 -.222 -.084 -.002 -.202
(0.162) (0.147) (0.18) (0.162) (0.151) (0.18)

Obs. 628 585 570 628 585 570
R2 0.084 0.076 0.062 0.079 0.072 0.059

Notes: ∗, ∗∗, ∗∗∗ denote significance at 10%, 5% and 1% levels. Standard
errors are in parentheses and adjusted for intra-cluster correlation. The

dependent variable is the log of hourly net income. Year dummies included
but not reported.
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Table 14: Male and female regressions
OLS Female OLS Male Fixed Effects Female Fixed Effects Male

(1) (2) (3) (4)
Age 0.053 0.069 0.073 0.138

(0.016)∗∗∗ (0.016)∗∗∗ (0.049) (0.038)∗∗∗

Age2 -.0005 -.0007 -.0005 -.002
(0.0002)∗∗∗ (0.0002)∗∗∗ (0.0006) (0.0005)∗∗∗

Incomplete prim educ 0.142 0.465
(0.083)∗ (0.115)∗∗∗

Complete prim educ 0.482 0.525
(0.143)∗∗∗ (0.122)∗∗∗

Incomplete sec educ 0.708 0.775
(0.115)∗∗∗ (0.13)∗∗∗

Complete sec educ 0.994 1.078
(0.169)∗∗∗ (0.15)∗∗∗

Tertiary educ 1.567 1.399
(0.171)∗∗∗ (0.176)∗∗∗

Married 0.007 0.069
(0.062) (0.064)

Public Union 0.971 0.831 0.631 0.676
(0.137)∗∗∗ (0.108)∗∗∗ (0.306)∗∗ (0.211)∗∗∗

Public non-Union 0.75 0.557 0.523 0.419
(0.135)∗∗∗ (0.102)∗∗∗ (0.267)∗ (0.178)∗∗

Private Union 0.411 0.536 0.104 0.16
(0.107)∗∗∗ (0.101)∗∗∗ (0.162) (0.111)

Casual Employment -.244 -.353 -.328 -.083
(0.072)∗∗∗ (0.101)∗∗∗ (0.167)∗∗ (0.163)

Self employment -.528 -.339 -.047 -.206
(0.111)∗∗∗ (0.147)∗∗ (0.304) (0.206)

Const. -.301 -.431 -.372 -.792
(0.329) (0.331) (0.962) (0.727)

Obs. 1300 1306 1337 1338
R2 0.42 0.328 0.093 0.077

Notes: ∗, ∗∗, ∗∗∗ denote significance at 10%, 5% and 1% levels. Standard errors are in
parentheses and adjusted for intra-cluster correlation. The dependent variable is the log of
hourly net income. Year Dummies included but not reported. Reference employment category
is private non-union regular employment.
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Table 15: IPW and OLS earnings functions
IPW Stayers
(1) (2)

Age 0.073 0.067
(0.016)∗∗∗ (0.019)∗∗∗

Age2 -.0008 -.0007
(0.0002)∗∗∗ (0.0002)∗∗∗

Incomplete prim educ 0.306 0.374
(0.078)∗∗∗ (0.096)∗∗∗

Complete prim educ 0.56 0.611
(0.105)∗∗∗ (0.123)∗∗∗

Incomplete sec educ 0.677 0.811
(0.08)∗∗∗ (0.098)∗∗∗

Complete sec educ 1.015 1.196
(0.102)∗∗∗ (0.125)∗∗∗

Tertiary educ 1.474 1.471
(0.158)∗∗∗ (0.159)∗∗∗

Married 0.092 0.043
(0.057) (0.066)

Male 0.241 0.285
(0.05)∗∗∗ (0.061)∗∗∗

Public Union 0.881 0.927
(0.103)∗∗∗ (0.114)∗∗∗

Public non-Union 0.732 0.743
(0.091)∗∗∗ (0.111)∗∗∗

Private Union 0.523 0.473
(0.064)∗∗∗ (0.087)∗∗∗

Casual Employment -.336 -.224
(0.07)∗∗∗ (0.088)∗∗

Self employment -.439 -.138
(0.114)∗∗∗ (0.094)

Const. -.674 -.624
(0.299)∗∗ (0.388)

Obs. 2229 1131
R2 0.372 0.353

Notes: ∗, ∗∗, ∗∗∗ denote significance at 10%, 5% and 1% levels. Standard errors are in
parentheses and adjusted for intra-cluster correlation. The dependent variable is the log of
hourly net income. Year Dummies included but not reported. Reference employment category
is private non-union regular employment. The first column corrects for attrition in OLS using
Inverse Probability Weighting. The second column shows the OLS results for the sub-sample
of earners who are observed in more than one wave.
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Table 16: Attrition Corrected Differenced earnings functions
First Diff Second Diff FirstDiff 93 98 FirstDiff 98 04

(1) (2) (3) (4)
Age 0.055 -.434 0.05 -.010

(0.029)∗ (0.318) (0.062) (0.044)

Age 2 -.0007 0.004 -.0009 0.00005
(0.0004)∗∗ (0.003) (0.0005)∗ (0.0005)

Public Union 0.438 0.473 0.392 0.641
(0.158)∗∗∗ (0.343) (0.181)∗∗ (0.242)∗∗∗

Public non-Union 0.294 1.067 0.133 0.778
(0.169)∗ (0.437)∗∗ (0.207) (0.257)∗∗∗

Private Union 0.097 0.028 0.088 0.251
(0.13) (0.235) (0.138) (0.166)

Casual -.265 -.281 -.138 -.345
(0.133)∗∗ (0.314) (0.211) (0.131)∗∗∗

Self employed -.176 -.421 -.147 -.121
(0.187) (0.243)∗ (0.228) (0.319)

1998 Year Dummy 0.619
(0.158)∗∗∗

lambda9898 -.205
(0.106)∗

lambda0404 0.328
(0.092)∗∗∗

lambda93930404 -.390
(0.6)

Obs. 594 110 413 215
R2 0.098 0.15 0.03 0.088

Notes: ∗, ∗∗, ∗∗∗ denote significance at 10%, 5% and 1% levels. Standard errors are in
parentheses and adjusted for intra-cluster correlation. The dependent variable is the log of
hourly net income. All variables are dummies except age variables. Reference employment
category is private non-union regular employment.
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Table 17: Individual Attrition Probit regressions
Attrition 93-98 Attrition 98-2004 Attrition 93-2004

(1) (2) (3)
Age 13-19 0.116 0.324 0.114

(0.059)∗ (0.059)∗∗∗ (0.052)∗∗

Age 22-30 0.305 0.282 0.07
(0.068)∗∗∗ (0.067)∗∗∗ (0.057)

Age 31-50 0.141 0.231 0.014
(0.08)∗ (0.072)∗∗∗ (0.069)

Age 51-64 0.104 0.172 -.099
(0.102) (0.113) (0.092)

Age 65+ -.178 0.057 -.290
(0.1)∗ (0.099) (0.09)∗∗∗

Male -.061 0.044 0.025
(0.032)∗ (0.032) (0.03)

Married 0.203 0.126 0.08
(0.066)∗∗∗ (0.071)∗ (0.055)

Resident Dummy -.177 -.255 -.088
(0.069)∗∗ (0.062)∗∗∗ (0.063)

Employed 0.089 -.032 0.05
(0.083) (0.085) (0.076)

Public Union -.322 0.077 -.326
(0.238) (0.157) (0.199)

Public non-Union -.225 0.336 0.003
(0.189) (0.169)∗∗ (0.157)

Private Union -.334 0.137 -.077
(0.156)∗∗ (0.141) (0.131)

Private non-Union -.013 0.17 0.01
(0.111) (0.114) (0.102)

Casual Employment 0.003 0.194 0.152
(0.14) (0.134) (0.132)

Self employment -.187 0.067 -.045
(0.13) (0.137) (0.106)

Incomplete prim educ -.051 -.107 0.135
(0.046) (0.046)∗∗ (0.039)∗∗∗

Complete prim educ -.100 -.027 0.191
(0.078) (0.073) (0.067)∗∗∗

Incomplete sec educ 0.012 0.006 0.159
(0.062) (0.064) (0.055)∗∗∗

Complete sec educ -.037 0.021 0.194
(0.09) (0.084) (0.082)∗∗

Tertiary educ -.036 0.068 0.308
(0.189) (0.178) (0.163)∗

Notes: ∗, ∗∗, ∗∗∗ denote significance at 10%, 5% and 1% levels. Marginal effects reported.
The dependent variable is a dummy, with a 1 indicating an individual was not observed in
the following wave. Regression continued in Table 18.
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Table 18: Individual Attrition Probit regressions continued
Attrition 93-98 Attrition 98-2004 Attrition 93-2004

(1) (2) (3)
Core hh member -.478 -.563 -.406

(0.072)∗∗∗ (0.079)∗∗∗ (0.066)∗∗∗

Log(residents) -.301 -.456 -.399
(0.077)∗∗∗ (0.059)∗∗∗ (0.034)∗∗∗

Log(non-residents) -.019 -.075 -.044
(0.073) (0.059) (0.031)

Age of hh Head 0.003 0.0005
(0.003) (0.001)

HH head is female 0.011 0.025 -.018
(0.079) (0.07) (0.035)

Max educ level in hh -.002 -.006 -.031
(0.015) (0.018) (0.007)∗∗∗

HH has flush toilet 0.323 -.234 0.097
(0.221) (0.238) (0.118)

2nd income quintile 0.116 -.097 0.142
(0.108) (0.094) (0.044)∗∗∗

3rd income quintile 0.082 -.067 0.108
(0.116) (0.102) (0.047)∗∗

4th income quintile 0.095 -.046 0.117
(0.121) (0.105) (0.052)∗∗

5th income quintile 0.191 -.090 0.193
(0.136) (0.132) (0.065)∗∗∗

Community violence Dummy 0.102 0.199
(0.127) (0.056)∗∗∗

Rural area in 93 0.609 0.356 0.003
(0.266)∗∗ (0.472) (0.178)

Tarred road Dummy 0.189 -.211
(0.246) (0.176)

Old KwaZulu area -.635 0.029 -.547
(0.238)∗∗∗ (0.608) (0.255)∗∗

HH owns its house 0.002 -.073
(0.153) (0.064)

Obs. 8258 7654 8258

Notes: ∗, ∗∗, ∗∗∗ denote significance at 10%, 5% and 1% levels. Marginal effects reported.
The dependent variable is a dummy, with a 1 indicating an individual was not observed in
the following wave. The omitted category is a single, female non-resident, non-labour force
participant, with zero years of education and who is not a core member in a household in the
lowest income quintile, not owning the house the household lives in, without a flush toilet in a
community with no reported violence, no tarred roads and that was located in an urban area
in the old Natal province in the original 1993 survey.
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