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Abstract

This paper explores the rate of return to education in South Africa with special focus on the
pattern of returns to different levels of schooling. Although a basic assumption of neoclassical
human capital theory is that returns to education diminish, past analysis for South Africa suggests
that returns are more likely to be convex. Estimates, however, are based on widely differing data
and estimation methods so that only tentative conclusions can be drawn. In this paper we
undertake a rigorous econometric exercise in which the same parametric and semi-parametric
techniques are applied to a number of nationally representative datasets so that the results can be
effectively compared. We find that in South Africa private returns to education increase, as
appears to be the case for many other African countries. The implications of such a core
assumption of neoclassical human capital theory being violated are particularly relevant when
analysing poverty and inequality. The neoclassical conclusion of convergence of the income
distribution over time does not hold. Rather, the emergence of poverty traps and persistence of

inequality becomes a likely result.
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1. Introduction
Human capital theory is based on the notion that people expend time and money in acquiring

education in order to increase their productivity and consequently the expected value of lifetime
earnings (Becker (1964); Hansen (1963); Mincer (1958), (1974); Ben-Porath (1967)). The
distribution of investment in such human assets provides the basis for the distribution of income
and wealth in an economy. Education is therefore seen as a key determinant of welfare with
predictions of neoclassical human capital theories providing the basis for much development

policy around the world.

In the Jast 20 years a key aspect of this international development strategy has been the focus on
the importance of primary as opposed to tertiary education. This approach has been based on
often dated, highly aggregated empirical findings of diminishing marginal returns to education.
South Africa too has foilowed this development trajectory with government aiiocating significant
proportions of the national budget to expenditure on schooling, particularly primary. It is
therefore especially important to have knowledge of the monetary returns individuals receive
when attaining different levels of education. The main task of this study is to establish the pattern
of returns to education in South Africa and to consider the implications this has for the

persistence of inequality.

There is evidence to suggest that returns to education in South Africa, as well as in many other
African countries, may be convex as opposed to concave. Estimates however are based on widely
differing techniques and data sources so that only tenuous conclusions can be drawn. We
undertake a rigorous econometric exercise in which the same estimation methods are applied to a
number of nationally representative South African datasets in order to establish a robust result.
Only once this is achieved are we in a position to apply the appropriate economic theory when
analyzing education and its impact on the earnings distribution, the implications for the

persistence of inequality and the relevant policy issues that should be considered.

In this study we assume that human capital is the key determinant of income and that schooling
equates to human capital. Schooling refers to primary, secondary and tertiary education. The
paper proceeds as follows. Section 2 explores the notions of intergenerational mobility and
poverty traps and explores the consequences of non-linearities in the returns to investments in
human capital. In Section 3 the concept of a private rate of return to education is defined and the

Mincerian earnings function derived. Sources of bias involving the Mincerian approach are also



discussed. Section 4 reviews evidence of the worldwide pattern of returns to education and
considers in detail recent studies of South Africa. In Section 5 we present our own empirical
analysis in which we apply the same cross-sectional econometric techniques to 4 different
datasets in an attempt to determine whether consistent patterns emerge. We also employ semi-
parametric techniques to uncover any patterns that parametric approaches may conceal. Finally,

we conclude.

2. Human Capital and Inequality: the consequence of non-

linearity

Neoclassical economic theory assumes that markets function perfectly and human capital
investments are subject to diminishing marginal returns. Based on these conditions, wage rates
and capital-labour ratios converge within and between countries to a single, steady-state
equilibrium that is stable over time. Initial endowments of income and assets do not matter for
long run levels of consumption and output (Romer (1986)). In a country such as South Africa,
with one of the highest levels of inequality in the world, the theory then predicts that in the long
run, less-equipped economic agents (or countries) can accumulate the necessary human capital so
that differences are eliminated. But what if markets do not function perfectly or the returns to
investment in human capital do not decrease at the margin? Indeed, it is becoming increasingly
common for empirical work to reveal that returns should not be assumed to be concave, whether
these be returns to physical capital, social capital or to education. What are the consequences for
poverty and inequality if this fundamental assumption of neoclassical theory does not hold? In
order to gain insight into these types of issues it becomes necessary to have an understanding of

the broader theory of intergenerational mobility and poverty traps.

Poverty traps occur when identical agents become ‘caught’ in a position of high-level or low-
level economic status, due to self-enforcing initial conditions that matter not only in the short run,
but in the long run as well. In such scenarios, inequality can be shown to persist for long periods.
There is a range of models in which the interaction of human capital and income provide
sufficient conditions to produce such multiple competitive equilibrium outcomes that are stable
over time. In these models, poverty traps are shown to result from mechanisms such as credit
market imperfections, externalities associated with “membership groups” and through increasing

returns to human capital.



One of the most commonly modelled causes of a poverty trap is the existence of credit market
imperfections. Loury (1981) and Barham, Broadway, Marchand and Pestieu (1994) construct
overlapping generations models in which returns to education decrease but a liquidity constraint
exists. It is not possible to borrow for training purposes from the capital market and therefore
education must be financed from family income. In Loury’s modei, parents are altruistic and in
each period family income is divided between consumption and training of offspring. The
parents’ utility is a function of current consumption and the future well-being of their offspring,
which is in part a function of the amount of training the child receives. An individual’s income is
also dependent on randomly distributed innate ability. In the model of Barham et al, parents are
not altruistic, but a child can borrow from his/her parents, provided he repays the loan in the
second period. While he is being educated the loan is used to finance consumption and the cost
of training. In both these models, the extent of investment in the child’s education is determined

by the initial wealth of the parent.

In Loury’s model, if parents investing less in children who experience higher marginal returns to
education could borrow from parents investing more in children who receive lower marginal
returns, then income in the next period could on average be higher for both families. In
imperfectly working credit markets, this convergence does not take place. In Barham er a/ where
income is divided between consumption and training, and a child must repay money borrowed to
finance training, there may be a level in which family income is so low, that it is rational for an
individual not to acquire an education at all. He will choose rather to work and earn in period

one.

The key point to note is that in both of these two models the existence of multiple equilibria is
possible. Intergenerational mobility is low and those with initially low earnings may be trapped

with low human capital and in poverty.

Another set of models of persistent inequality consider the division of society into particular
social groups as an important determinant of poverty traps. Lundberg and Startz (1996) explore
the role of human capital accumulation in generating persistent inequality among white and black
Americans. They develop an overlapping generations model in which positive externalities
associated with a stock of social capital impact on future individual human capital investments
which in turn impact on the stock of social capital accumulated. In times of racial discrimination,

the pattern of investment in human capital would reflect the expected return to education for each
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of the races. If the expected return is lower for African Americans than for equally educated
white Americans the optimal strategy for Africans would be to invest in a lower level
equilibrium. Lundberg and Startz (1996) show that if social capital is a function of the average
human capital of a group, and if social capital exhibits increasing returns, then inequality can
persist over time. This need not be due to present discrimination, but rather might be due to past
discrimination that altered the pattern of human capital accumulation in an earlier period. Clearly

this is a relevant finding for South Africa.

Along similar lines Durlauf (2002) explores how segregated and different groups impact on
members in different ways. His example of “role model effects” explores a situation in which the
probability of going to college depends on the percentage attendance of one’s “group”. He shows
how multiple steady states of college attendance may arise in the absence of current

discrimination but rather as a result of group attitudes and perceptions.

We finally consider a third set of models which are the main interest of our paper. In these
models that once again implicitly place human capital as the key determinant of economic
outcomes, it is the actual pattern of returns to investment in human capital that impact on the
persistence of inequality. In a world in which the returns to human capital increase, as opposed

to decrease, the implications for the possibility of poverty trap outcomes can be severe.

Romer’s (1986) seminal work on increasing returns and growth shows the possibility of Tong run
divergence in the distribution of income between countries in the presence of increasing returns to
human capital investment. His research was motivated by the evident persistence of inequality
between countries at different stages of development. Romer develops a competitive equilibrium
endogenous growth model in which knowledge is the basic form of capital, the accumulation of
which by forward-looking, profit maximizing agents drives long run growth. The model
comprises three key elements relating to the production and accumulation of “new knowledge”,
and its impact on output growth. The first assumption regards “new knowledge”. “New
knowledge™ results from research that is subject to diminishing marginal returns in the
accumulation of further knowledge. When at the frontier of research and development, it is
especially difficult for a firm to acquire more knowledge. “New knowledge”, however, gives rise
to positive externalities in that if one firm acquires new knowledge, the production possibilities of
other firms expand as they can copy or learn from the innovating firm. Production of

consumption goods is a function of, among other things, the stock of knowledge, which exhibits



increasing returns in the production of output. Even if all other factors of production are held
constant, it will not be optimal to stop acquiring knowledge and reach a state in which no further
research is undertaken. Production in the second period is a function of consumption and
knowledge acquired in period one. Romer shows that in a two period model in which
consumption must be foregone so that new knowledge can be produced, multiple steady states
can arise and persist in the long run in response to small shocks or initial differences. In this
mode] diminishing returns to accumulation of knowledge ensure that production does not
overheat and a positive externality is necessary for equilibrium to exist. It is increasing returns,

however, that allow multiple equilibria to obtain'.

Considering the pattern of returns from the opposite stance, Tamura (1991) develops an
endogenous growth model that predicts convergence of income growth rates and per-capita
income levels. The motivation for this exercise was to explain the convergence of living
standards between developed countries. In his model, income converges because human capital
accumulation (also seen as knowledge) is subject to diminishing marginal returns. It is easier for
those with below average knowledge to acquire knowledge from the existing knowledge pool,
than those with above average knowledge to acquire “new knowledge”. His assumptions differ to
those of Romer’s in that the human capital spillover is in the production of human capital, not in
the production of consumption goods. The model predicts that where there are heterogenous
agents, differentiated only by their initial human capital, convergence will occur and result in a

homogenous population.

In the two models above, it is the concavity or convexity of returns to human capital that is
responsible for the single or multiple equilibrium outcomes. In these models human capital
enters as a continuous variable. The following two models build on the work of Romer (1986)
and Lucas (1988) but introduce the increasing returns framework through a discontinuous or

otherwise termed “non-convex” relationship between human capital and income.

Galor and Zeira (1993) model a situation in which the existence of both imperfect credit markets
and non-convex education can generate a poverty trap. In the first period of their two period
overlapping generations model individuals have the option to invest in education or work as
unskilled labour. In the second period, those who invested in education in period one work as

skilled labour and those who did not invest in education continue to work as unskilled labour. In

' See Lucas (1988) for a similar model.



period two individuals work, consume and leave bequests. An individual’s utility is a function of
consumption and bequests in period two. Individuals are identical except for differences in their
initial wealth. The return to skilled labour is greater than the return to unskilled labour so that
individuals would prefer to obtain training. In their model it is more expensive to borrow than to
lend so that it is easier for those with initial wealth to invest in education. Furthermore, the
acquisition of human capital is indivisible. One can only invest in a fixed amount of human
capital in period one. It is this non-convexity which gives rise to a strong form of increasing
returns to education. If one does not possess sufficient wealth for the “minimum investment”
necessary to acquire education, and if the cost of borrowing is too expensive, one will remain
unskilled in the future. Those with higher wealth will be able to invest in education, reap the
higher returns and will remain wealthy. Rich and poor dynasties result and the inherited

distribution of wealth persists.

Bardahn and Udry (1999) also assume liquidity constraints and non-convex education. Once
again, an individual is either educated or uneducated. Individuals cannot borrow to finance their
studies. Rather they must forego consumption, save and then pay for education out of their
savings. In a steady state, there is a ratio of skilled to unskilled workers that generate a return to
education that equals the return to physical capital. For any skilled to unskilled labour ratio that
is less than that of the steady state, the return to education will be greater than the return to
physical capital and skilied labour will invest in education of future generations. If uneducated
workers have no assets, there is a possible steady state in which they rationally choose not to
invest in education of future generations and rather to remain unskilled. This is because an
individual has to finance education out of savings. To do this, he must forego consumption. If
the ratio of skilled to unskilled is very low, the wages of the unskilled are very low and the utility
of current consumption becomes very high. There then exists a steady state where it s too
expensive for the poor to become educated. The cost of foregoing consumption for long enough

to save sufficiently to acquire education, becomes too high.

In the above examples, if the returns to investing in human capital diminished and markets
functioned perfectly as neoclassical theory predicts, then people could slowly accumulate
education and convergence in human capital and the income distribution would result. If this
core assumption of neoclassical economics is violated, however, and returns to education are
shown to increase, there is a real possibility that low level and high level equilibria may occur

simultaneously. In such circumstances the focus of policy must be to ‘break the divide’. Small



investments in many individuals may in fact not be useful. The investment required to pull
someone out of poverty might rather be extremely large. Although very little work of the type
described above has been done for South Africa (the few examples include Posel (1999), Keswell
(2001) and Hertz (2001)), it becomes apparent that in order to understand more fully the debate
about inequality, we should consider the various factors that may lead to low intergenerational
mobility within a poverty trap framework. Either on their own or in combination credit market
imperfections, social capital spillover effects and increasing returns to human capital can be used
to explain why multiple steady states arise and why inequality might persist in the long run. The
implications for policy are then quite different to those in an analysis where markets function

smoothly and returns to human capital diminish, with equality resulting in the long run.

3. Defining Returns to Education: the Mincer Model

In this section we develop the Mincerian model used to estimate the rate of return measure on
which we focus in this paper. We also consider potential difficulties with the measure so that we

can be aware of its limitations from the outset.

There are typically two methods in the human capital literature that are used to measure the
pecuniary returns to education. The first and more complete method is to employ traditional cost-
benefit analysis. When measuring returns to education according to this method, one considers
the present value of future income received from additional education net of the earnings
foregone and other investments made in acquiring the relevant education level. The internal rate
of return on the investment is the discount rate that equates the present value of costs incurred
and the opportunity cost of earnings foregone with the present value of earnings arising from the
additional education acquired. The second method approximates the internal rate of return
through an earnings function estimation approach. This method has data requirements that are
often easier to fulfil than the full cost benefit analysis approach, and is applied through regression
models utilising cross sectional data. Below is a brief presentation of Mincer’s choice theoretic

framework of this model (Mincer (1974:10-11)).

Using the assumption that the time span of a person’s earnings life is fixed, let

n = length of working life
Y, = annual earnings of an individual with s years of schooling
V, = present value of an individual’s lifetime earnings at the start of schooling



discount rate

~

t = 0,1, 2,..., ntime, in years

QL
I

difference in the amount of schooling in years

base of natural logarithms

®
i

Then for a discrete discounting process the present value of lifetime earnings at the start of

schooling is
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We let V, =V, in order to find the ratio %, , of annual earnings after s years of schooling to
annual earnings after s-d years of schooling. It is in this way that we find the marginal rate of
return or discount rate that equates the present value of earnings for the two different levels of

schooling
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and from the equation above we have k =e” (6)

Taking logarithms we get
InY =InY, +rS (7
which is the canonical earnings function attributed to Mincer.

The constant term (In Y;) accounts for expected earnings in the absence of any education. The
coefficient on years of education is interpreted as the marginal internal rate of return on education
where the costs of education are accounted for in terms of foregone earnings attributed to the time
spent in attaining a certain level of schooling (Rosen (1992)). Without including the costs of
education incurred by government, the coefficient then approximates what is known as the

private rate of return to time spent in school.

Experience enters the equation as a quadratic polynomial to more fully account for the
importance of on-the-job learning in the concave age-earnings profile. The relationship between
schooling and earnings is linear (both in S and ) in this specification. The general form of the
equation is as follows with § referring to the years of schooling, X to experience and u to the

stochastic error term.
InY. =In¥, +rS+b X +b,X* +u (8)

Assessing how the returns to education may differ by education level, can be incorporated into
the model in various ways. Using dummy variables for each year of education allows a unique
rate of return for each level of schooling. An alternative is to incorporate higher order schooling

terms into the earnings function. In such an equation there will also be a different rate of return

for each schooling level.

Mincer's earnings function has another useful application. It can be used to measure the earnings
inequality that is attributable to differences in educational attainment. Simply taking the

variances of the basic earnings equation gives a measure of the distribution of earnings as a linear



function of the distribution of schooling. This is a proxy for earnings inequality attributable to

schooling inequality. Taking variances of equation (7) we get
Oy =105 +0, 9

(Mincer 1974: 25). The coefficient of determination (R’) indicates what fraction of the variation
in schooling explains the variation in log earnings. Focusing on the #* term, it can be clearly seen

from equation (9) that as the rate of return to education increases, so too does earnings inequality.

Issues of bias concerning measurement of Mincerian returns to education

The Mincerian return is only an approximate measure and it is necessary to be aware of the
number of ways the estimate may be biased, either in an upward or downward direction. The
main areas of bias that have been the subject of much research consider the role of ability, family
background and school quality as well as measurement error that arises from the misreporting of

educational attainment.

Omission of ability from the earnings function is a potential cause of bias in OLS returns to
education estimates. If there is a positive correlation between education and ability, so that those
who have greater ability tend to stay in schooling longer, then earnings that are attributed to
higher levels of schooling may rather be a function of higher ability. When ability is unobserved
and omitted from earnings function calculations, the estimate of the return to education will be
biased upwards. Attempts to quantify the ability bias have used instrumental variable approaches
and data using twins to control for ability differences. Some studies attempt to control for
“observable™ ability using test scores such as 1Q tests as measures of cognitive ability. What is
understood by ability itself is a contentious issue in its own right and whether test scores
accurately capture ability is another area of debate. Empirical evidence on the magnitude of
ability bias (when ability is omitted from the earnings function) tends to suggest that it is
relatively small. Griliches and Mason (1972) find this affect to be around 12 percent while
Griliches (1977) finds it to be markedly lower and not necessarily in an upward direction. In a
survey of studies on investments in education, Schultz (1988) places the figure as most likely

falling between 5 and 15 percent.

Omitting family background or social status indicators from the earnings function may also result

in biased coefficients, either due to the potential correlation between genetics and ability or

10



through the possibility that wealthier and “better socially connected™ parents will secure more
education for their children, as well as high-paying jobs (Schultz (1988)). In a comprehensive
review of recent studies of returns to education Card (1999) finds that parental or sibling

education is most likely to have a small positive impact on earnings.

A positive correlation between quality and quantity of education and the omission of a quality
variable in the earnings function may also result in education estimates being biased. Measuring
school quality in terms of the relationship between test scores and wage rates has generally
indicated a limited association between school quality accounted for in this way and earnings
(Schultz (1988:590); Card and Krueger (1992:1)). Research using other indicators of school
quality such as teacher education levels, teacher: pupil ratios and relative teacher salaries points
to a much more convincing and significant relationship between school quality and earnings. For
example, in a study of Brazilian males aged 15 to 35, Behrman and Birdsall (1983) use average
teacher education in the area an individual acquired his schooling as a proxy for schooling
quality. On comparing OLS estimates of standard earnings functions with estimates of
specifications including the quality variable they find that the “omission of quality” bias on the
traditional estimate of the private return to education is a very large 75 percent in the upward
direction. Using a two stage fixed effects model on United States data, Card and Krueger (1992)
find that men schooled in states with higher quality education systems (measured by relative
teacher pay, average term length and the pupil-teacher ratio), earn higher returns to their
educational investments. Case and Yogo (1999) find corroborative evidence for black South
African males where the magisterial district in which one is schooled, has a large and significant
effect on the rate of return to schooling. The extent to which omission of quality from OLS
regressions biases estimates in the latter two studies, is not however quantified. It is important
when interpreting returns to education, to be aware that the simple rate of return estimate to
guantity includes the relationship between omitted quality of schooling and its correlation with

educational attainment (Schultz (1988)).

Whereas omission of ability, family background and school quality are most likely to bias OLS
estimates in an upward direction, measurement error resulting from individuals misreporting their
educational attainment will in most cases bias results downwards. Using data on identical twins
Ashenfelter and Krueger (1994) find that omission of ability variables does not bias returns to
education estimates upwards but that measurement error in reported education levels biases

results downwards significantly. Recent work by Kane, Rouse and Staiger (1999) cautions about



the implications of measurement error when the measurement error is non-classical. This might
occur as those with the lowest level of schooling cannot underreport and those at the highest level
cannot overreport their educational attainment. They find that those with completed college
education have a higher probability of reporting schooling levels correctly than those with less
than completed college and that OLS estimates of the returns to education will tend to be
understated for incompleted college and overstated for college completion. Card (1999) finds
that the downward bias in conventional Mincerian schooling coefficients due to measurement
error is probably in the order of 10%. When family background effects are controlled for, the

bias is more likely to be in the region of 15%.

The final type of bias considered here may be particularly important for a country like South
Africa. This is sample selection bias that is introduced when using ordinary least squares to
estimate relationships on a censored sample. In a country such as South Africa with its
exceptionally high rate of unemployment, all representative surveys contain a high proportion of
unemployed or zero earners. Through excluding zero earners and by not controlling for the
probability of finding employment, ordinary least squares estimations may produce biased results.
Appendix C details why such biases might arise. Furthermore, if the total effect of education is
the subject of interest and if we are to accurately capture the impact that education has on the
individual, not only in terms of raising one’s earnings once employed, but also in terms of how
education fares in helping one to find employment in the first place, all labour market participants
should be included in our analysis. It is for this reason that many recent studies using South
African data have opted for techniques such as the tobit or Heckman that are better suited to
censored samples (see for example Bhorat and Leibbrandt (2001); Keswell (2001); Rospabe
(2001)).

The extent that the various forms of bias matter in terms of the final coefficient on the education
term depends on the nature of data used and relatedly on the country for which the analysis is
being performed. Using data for the USA Griliches (1977) finds that when allowing for
schooling measurement errors as well as omitted variable bias, the biases appear to offset each
other. A similar result is found with UK data by Deardon (1999). She finds that the effects of

. . . ) . .
measurement error bias and what she terms “composition bias”™~ on the OLS schooling coefficient

* Composition bias refers to the differences that may occur between individuals who self select into
employment and is equivalent to selection bias discussed above. If the characteristics of those who have
jobs and those without differ, then another potential source of bias exists.
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almost directly offset the impact of omitted ability and family background bias. Such findings
may hold true for the developed world but it should be borne in mind that issues of bias may have
a greater impact on results generated from data for developing and less egalitarian societies.
Using 1993 data on black South African males Hertz (2001:15) in fact finds that the magnitude of
the biases is high in the South African context. Hertz (2001) assigns 1.2 years of education for
every completed grade of schooling to control for thel.2 years on average it takes for the African
males in this sample to complete a level at school. The time spent in graduating from one
standard to the next is therefore greater than one year and the corresponding earnings foregone
relate to this longer period. Hertz (2001) controls for omitted variables through household fixed
effects. Such fixed effects models, however, tend to exacerbate problems of measurement error.
Using panel data available from a second wave of the survey carried out in 1998, he develops an
estimator to control for measurement error by comparing the responses on schooling of those who
self-reported educational attainment in both waves of the survey with those whose schooling was
reported by another household member in either wave®. Upon correcting for both omitted
variable bias and measurement error he finds that conventional Mincerian return estimates are

upwardly biased in the region of 50%.

In summary then, the Mincerian rate of return to schooling, albeit an approximate measure, is
simple to obtain through the application of regression analysis to cross-sectional data. It is
therefore a commonly used measure of the return to education. Even though there are a number
of ways in which the estimate may be biased, it is not clear that the biases will necessarily change
the pattern of the returns to different levels schooling, which is the subject of this paper.
Nevertheless, the potential biases should be taken into account when specifying earnings

functions and interpreting results.

4. Existing Evidence: Global and Local

In Section 2 a number of models were described in which the pattern of returns to education are
shown to play a fundamental role in explaining why inequality might persist in the long run. For
theoretical analyses involving the study of intergenerational mobility and poverty traps, the

importance of correctly ascertaining whether returns are increasing or decreasing becomes

* In further estimations of returns to education Hertz (2001) uses higher order polynomials with the
relationship between schooling and earnings non-linear. In order to control for bias in these more
complicated specifications he estimates by both fixed effects (which results in estimates being biased
downwards) and ordinary least squares (which leads to estimates being biased upwards) and takes his
preferred result as the average of the two.



evident. In Section 4.1 we consider international evidence from the last 40 years and how this
has influenced the notion that returns to education diminish. In Section 4.2 we review existing
evidence on South Africa in an attempt to establish if consistent patterns with regards to the

returns to schooling emerge.

4.1 International Evidence

Early work on returns to education (see Becker (1964); Hanoch (1967); Hansen (1963) and
Mincer (1974)) suggested that returns were most likely to be diminishing with the greatest returns
to education accruing to primary levels of schooling, followed by secondary and then tertiary.
Such findings have shaped much of the thinking around the relationship between earnings and
education. They have led to the generally accepted supposition that returns are concave and
formed the building blocks of theories of growth in which diminishing returns is a core
assumption and a sufficient condition for the attainment of single steady state equilibria. The

implication for the distribution of income is that given time, convergence will occur.

The most comprehensive work done in collating and comparing international estimates are the
cross-county analyses by Psacharopoulos (1973, 1985, 1994 and Psacharopoulos & Patrinos
(2002)). These studies carry through the notion that returns diminish by level of education.
“The classic pattern of falling returns to education by level of economic development and level of
education are maintained” (Psacharopoulos (2002:1)) Closer inspection of the actual figures,

however, highlights some important caveats.

Table 1 below shows the Mincerian return by region with mean years of schooling given where

available.
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Table 1: The Coefficient on Years of Schooling: Mincerian Rates of Return to Education

2002 1994 1985
Mean per  Mean Years Mean Years
Region capita (§US) of Schooling Coefficient  of Schooling Coefficient  Coefficient
Sub-Saharan Africa 974 7.3 11.7 59 13.4 13
Latin America/ Caribbean 3125 8.2 12.0 7.9 12.4 14
Asia* 5182 8.4 9.9 8.4 9.6 11
Europe/ Middle East/ North Africa* 6 299 8.8 7.1 8.5 8.2 8
OECD 24 582 9.0 7.5 10.9 6.8 9
World 9 160 8.3 9.7 8.4 10.1 11

Source: Psacharopoulos & Patrinos (2002), Psacharopoulos (1994), Psacharopoulos (1985)

* Non-OECD

Note: The figures for each region comprise simple unweighted averages compiled from the estimates for
all countries falling into that region.

The specified regions do not represent the same group of countries in each paper. As more country-specific
studies have become available, the dataset has increased so that the 2002 analysis includes many more
countries per region than the 1985 and 1994 papers.

It appears that only in the 1994 dataset, do the coefficients decrease consistently by level of
schooling. The pattern is similar for 1985 but the latest summary statistics for 2002 are not as
precise. Specifically, Sub-Saharan Africa has, on average, smaller returns than Latin America,
even though the average educational attainment is almost one year lower in Africa. Furthermore,
the OECD countries average both higher mean years of schooling and a higher rate of return than
the non-OECD countries in Europe, the Middle East and North Africa. The most recent results

do not necessarily imply diminishing returns.

The cross-country studies also compare both social and private rates of return by level of
education for each region. Inclusion of all costs incurred by society (for example school
subsidies and teachers salaries) leads to a measure known as the social rate of return to
education. This measure is helpful in guiding government investment decisions with regards to
funding different types of schooling. Our study here is limited to the private rate, which
according to human capital theory should impact on incentives and investment decisions of the
individual. It is however, useful to be familiar with the pattern of social rates of returns and how
this has impacted on general thinking about the relationship between educational attainment and
the return to education. Table 2 incorporates Psacharopoulos’s findings for the three latest

studies.



Table 2: Average Social Returns to education levels measured as percentages calculated according to
the “full method”*

2002 1994 1985
Region Primary Secondary Tertiary Primary Secondary Tertiary Primary Secondary Tertiary
Sub-Saharan Africa 254 18.4 11.3 243 18.2 11.2 26 17 13
Latin America/ Caribbean 17.4 12.9 12.3 17.9 12.8 12.3 26 18 16
Asta* 16.2 11.1 11.0 19.9 13.3 11.7 27 15 13
Europe/ Middle East/ North Africa* 15.6 9.7 9.9 15.5 11.2 10.6 13 10 8
OECD 8.5 9.4 8.5 14.4 10.2 8.7 na 11 9
World 18.9 13.1 10.8 18.4 13.1 10.9 23% 14 12

Source: Psacharopoulos & Patrinos (2002), Psacharopoulos (1994), Psacharopoulos (1983)
* Non-OECD
* average excluding OECD

It can be seen from the above that on average social returns do appear to diminish, in the studies
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returns diminish by education level, so that from a public policy perspective primary schooling is
found to be the most desirable investment and tertiary the least. This pattern holds for the lesser-
developed regions in the 2002 study but not for Europe/ Middle East/ North Africa and for the
OECD. The latest study is interesting as it brings to light new evidence of how the pattern of
social returns is likely to change as countries on the development frontier grow and advance
further. However, again the assertion that returns diminish by level of education is not

incontrovertible.

Finallv, we consider the evidence on private returns by education level within region. Even
though the returns are private these studies are not directly comparable with Mincerian returns as
they are calculated according to the extended cost benefit method. The rates are also average
rates to a level of education relative to no education, rather than marginal rates from one level to
another’. Nevertheless, it is the pattern that is of interest to us and the average rates should reflect
a similar pattern to that calculated when using the Mincerian approach extended to allow for

different levels of education (using dummy variables or education splines).

* The average rate of return is calculated according to the extended method using the following formula
8 n
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where S = years of schooling, C = the costs incurred in acquiring S years of schooling and W = the earnings
foregone in this period. W= the wages earned by someone with S years of schooling and W, = the wages
earned by someone with 0 years of schooling. r is the internal rate of return to S years of schooling that
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Table 3: Average Private Returns to education levels measured as percentages calculated according
to the “full method”

2002 1994 1985
Region Primary Secondary Tertiarv  Primary Secondary Tertiary  Primary Secondary Tertiary
Sub-Saharan Africa 37.6 24.6 27.8 413 26.6 27.8 45 26 32
Latin America/ Caribbean 26.6 17.0 19.5 26.2 16.8 19.7 32 23 23
Asia* 20.0 15.8 18.2 39.0 18.9 19.9 31 15 18
Europe/ Middle East/ North Africa* 13.8 13.6 18.8 17.4 15.9 21.7 17 13 13
OECD 13.4 11.3 11.6 217 12.4 123 na 12 12
World 26.6 17.0 19.0 29.1 18.1 20.3 31° 18 20
Source: Psacharopoulos & Patrinos (2002), Psacharopoulos (1994), Psacharopoulos (1985)

* Non-OECD
* average excluding OECD

The studies of average private returns reveal a different picture to those of social returns. In
every case, private returns to primary education are higher than returns to secondary education.
However, for the most part returns to higher education are found to be larger than those to
completed secondary education. In fact, it is only the OECD countries in the 1994 study that
exhibit on average a diminishing private rate of return to education. As the 2002 study has only
recently been released (September 2002), it appears that it is probably the previous evidence of
diminishing returns to both social and private education in the OECD countries that has been
carried through and become the most cited and generally accepted result. As a large proportion
of economic modelling is undertaken in these countries it is unsurprising that the assumption of
diminishing returns is central to many theories and models. We must, however, be alert to the

fact any such theories do not necessarily apply in the case in which returns to education do not

diminish.

It is also clear that there is a time element involved in which the Mincerian returns appear to have
decreased slightly over time corresponding to an increase in average educational attainment.
Psacharopoulos & Patrinos (2002) find the same feature when analysing a number of average
returns estimates from different time periods for specific countries. The implication is that the
increase in supply of schooling has led to a small decrease in returns.  Using the full cost benefit
analysis method Psacharopoulos (1994) finds that private returns have decreased for both primary
and secondary education but increased for higher education. This is an interesting result even

though it does not necessarily carry through to the more recent data.

equates the present value of the costs of S year of schooling with the present value of the benefits for a
working life of n years. (Adapted from Psacharopoulos (1973))
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The finding is explained in Carnoy (1995) in which changes in rates of returns over time are
studied for the United States of America, Columbia, Hong Kong, Kenya and Korea. Carnoy
(1995) finds that in periods of rapid industrialization, combined with increased access to primary
and secondary education, the rates of return to schooling appear to decline for each level over
time.” Specifically, returns to primary fall first, followed by secondary and lastly tertiary. He
finds that not only do the rates decline, but to the extent that the pattern of diminishing returns is
changed to one of increasing returns.  Tertiary returns end up higher than secondary and
secondary returns higher than primary. This is an important finding as it highlights the
difficulties of aggregating across countries and also explains why it might be expected that

returns to education may be convex as opposed to concave.

Indeed, closer inspection of Psacharopoulos’s resuits shows that many findings are extremely
dated and many countries are excluded from the analysis altogether. Consideration of a number
of more recent studies of African countries (all of which employ earnings functions approaches)
reveals some interesting patterns. Using data from 1994 and 1995 Siphambe (2000) finds that in
Botswana, Mincerian returns to primary schooling are the smallest, followed by lower secondary,
tertiary, and then upper secondary. Like South Africa, Botswana has high unemployment (21%),
especially among the youth, and high income inequality with a gini-coefficient of 0.52 in 1994.
Skyt Nielsen and Westergard-Nielsen (1998) find a similar result for Zambia using 1993 data in
which Mincerian returns to post-primary education exceed those to primary for urban men and
woman®. Teal (2001) finds evidence of strongly increasing private returns to education in a study
of Ghana using data as recent as 1999. Evidence for Egypt mirrors these other studies with
Wahba (2000) finding increasing returns to education using data from 1988. Appleton, Hoddinott
and Mackinnon (1996) present further estimates of increasing Mincerian returns for Céte
d’Ivoire, Kenya and Tanzania. It appears that in Africa (as in the rest of the world), one should
have no a priori expectation that the returns to education diminish. The possibility of convex
returns is becoming increasingly likely and must be analysed on a country-by-country basis if one
is to apply appropriate economic models and policy prescriptions. We now focus our analysis on
South Africa and review studies that have been conducted using South African cross sectional

datasets dating from 1990.

7 This holds for both social and private returns for some of the countries studied and depends on the data

available.
® There are insufficient observations to analyse data on tertiary education or to get significant results for the

return to post-primary education for rural dwellers.
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4.2 South African evidence

In recent years several nationally representative household surveys have become available in
South Africa resulting in a burgeoning volume of econometric work focusing on labour market
issues. Cross-sectional earnings functions have been widely used to derive estimates of factors
such as returns to education. Policy debates over labour supply matters are heavily informed by
the empirical evidence from such statistical analyses. The results, however, are difficult to
compare owing to different definitional conventions, estimation techniques and sampling frames.
In terms of the foundations of both theory and policy, it appears that it would be an extremely
valuable exercise to establish a reliable picture of the pattern of returns to education in the South
African context. Only once this has been determined, can we begin to analyse the high levels of

inequality from an appropriate standpoint.

In this part of the analysis, a number of South African studies that have incorporated some
measure of the rate of return to education are reviewed. Whereas the focus of some of the studies
was explicitly schooling in South Africa, for others the estimates considered are one part of a
wider analysis. We now attempt to collate and compare the results in order to understand

comprehensively what past research has revealed and whether consistent patterns emerge.

Making cross study comparisons is however complicated by a number factors: First, one is
considering 9 datasets and any difference in sampling, questionnaire design and data collection

will more than likely influence results even when the surveys aim to be nationally representative.

Second, the sample under consideration often differs. Specifically, some researchers run separate
regressions for each race, others for gender and still others for union as opposed to non-union
members or those living in rural or non-rural areas. The age specification often differs with some
authors only including those between the ages of 15-65 while others restrict or expand the age

range.

Third, the dependent variable itself ranges from log of hourly wage, to log of monthly wage to
actual wages and covers a range of full time, part time, formal, informal, casual and temporary

workers.

Fourth, the choice of whether to include the unemployed is crucial in terms of the outcomes one

is wishing to measure. If one is only interested in the contribution of education to explaining



variation in earnings for the employed, then wage earners will be the focus of the study. It has
been shown, however, that in South Africa not just earnings, but also the probability of finding
employment is strongly associated with education (Keswell (2001); Rospabe (2001); Hofmeyer
(2001)). If the rotal effect of education is the subject of interest, then all economically active

individuals should be included.

Fifth, estimation approaches vary greatly from study to study. We are confronted with an array of
regression types from simple ordinary least squares, to censored regression models and methods
for multiple outcomes such as multinomial logits. We then also find that the specifications differ,

with the number and type of controls included in estimations varying widely.

Sixth, as the focus is education, it is imperative to take account of the different forms in which
education enters the models and the subsequent interpretations. In the simplest Mincerian
equation, education enters linearly into the function as “years of education”. Studies on South
Africa have used either the actual years of education variable, or attempted to take account of
non-linearities in returns by using splines for different levels of schooling (see for example
(Mwabu and Schultz (2000); Bhorat and Leibbrandt (2001); Rospabe (2001)), dummy variables
for each year (see Moll (1996), Lam (1999); Hofmeyer (2001); Hosking (2001)) or through
higher order education terms (see Kingdon and Knight (1999); Erichsen and Wakeford (2001);
Hertz (2001)). When for example, education and age enter the earnings function additively, the
implicit assumption is that the differential effect of education is constant for all ages. If however,
the education effect differs with age, then this effect can be included in the earnings function in

the form of interaction terms (see Hertz (2001)).

In Appendix A we report on studies that have incorporated some form of education control and
have drawn conclusions regarding the returns to schooling from their results. The table includes
the relevant survey data used, the sub-sample of individuals considered, the controls included in
the regressions, the type of regression applied and therefore whether sample selection has been
controlled for or not, the form of the dependent variable and most importantly the terms for
education and their related coefficients. Where there are many alternative specifications
presented in a paper, those that are most relevant to this paper in terms of ease of comparability

across studies have been included.



It can be seen from the table that the primary difficulty in trying to relate one study to another is
the array of functional forms that the schooling variables take in the various regressions.
Understanding how to correctly interpret these education coefficients is crucial if we are to draw
any substantive conclusions from this analysis. We therefore provide a brief explanation of the

different functional forms.

The education spline has been used repeatedly in South African examples in which it most often
takes the form of dividing the returns to education into three categories, namely 7 years
(primary), 12 years (secondary) and 15+ years (tertiary). The coefficient on the spline measures
the average rate of return to an additional year of the given level of education (for example,
primary, secondary and tertiary). When the dependent variable is in natural logarithm form, it is
necessary to take the antilog of the spline coefficient and subtract 1 to arrive at the most accurate

rate of return for the specification (see Halvorsen and Palmquist (1980)).

Using dummy variables for each year of education allows for a changing rate of return from year
to year. Incremental returns are calculated by subtracting the coefficient of a given year from the
coefficient of the previous or following year. The average annual rate of return from, for
example, 8 years to 10 years is calculated by subtracting the coefficient on the 8 year dummy
from that on the 10 year dummy and then dividing by the difference, in this case 2. It is important
to take cognisance of the fact that even if the coefficients on dummy variables are higher with
each year of education, this does not mean that the marginal returns are increasing. It is
necessary to find the incremental return to each year for the pattern of marginal returns to be
revealed. Once again, when the dependent variable is in log form, one must take the antilog of

the relevant return (be it incremental or average) and subtract 1.’

A third manner in which to bring education into the egquation is to allow for non-linearities in
returns through introducing higher order polynomials in education. The coefficients in such a
specification will not only denote the size of the return but the respective signs will indicate

whether the returns are increasing or decreasing. In such a specification there is a different return

7 Taking the antilog of the coefficient on a spline or dummy is a procedure that although correct, is often
not performed, as the effect it has on the estimated return is usually negligible. This is indeed the case
when coefficients are small and for most estimates studied here. When coefficients are large, however, the
difference can be notable, as can be seen in Table 4 and in Appendix A in which Hosking’s (2001) results
change dramatically when the estimates are treated in the correct fashion.
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associated with every year of education. The marginal rate of return is calculated by taking the

derivative with respect to schooling and then calculating the return for each level of schooling.

From the above we see that it should be possible to manipulate estimates across functional forms
in such a way that they can be made roughly comparable. Table 4 presents an abridged version of
the table in Appendix A, where such a process has been attempted. The basis for comparison is
the primary-secondary-tertiary spline, as this is the most aggregated measure and cannot be
broken down any further. The returns reported should therefore be interpreted as the average

private rate of return to an additional year of either primary, secondary or tertiary education.

Further difficulties arise in terms of different model specifications and most obviously different
sample subjects. Running separate regressions for those of different race, gender, union status or
location is likely to produce differing results to having a regression which includes all sample
subjects and then utilises dummy variables to control for these sub-groups. In Table 4 below we
have attempted to achieve overall comparability by taking weighted averages of results to attain a
general figure for the population. (Weights used reflect the percentage of the relevant subgroup

represented in the sample).
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Table 4: Comparison of the average rate of return to an additional year of education at the primary,
secondary and tertiary level across South African studies

Returns to education®

Survey Sample considered Tyrs 12 yrs 15yrs
Originally Splines
Mwabuand Schultz - (¢ o1y 1993 African (male) 0.09 0.17 0.34
(2000)
All races and genders* 0.05 0.21 0.37
Rospabe (2001) OHS, 1999 All races and genders* 0.03 0.10 0.18
Bhorat (2000) OHS. 1995 \SNIEi]t]eeqd)rforkers (male and female. Africans & 0.02 0.06 0.23
Serplskilled workers {male and female. Africans & 001 014 0.00
whites)
Michaud and " . . R
Vencatachellum (2001) PSLSD, 1993 Africans (male and femaie) 0.03 0.10 0.10
African (male) 0.05 0.12 0.12
Bhorat, et al (2001) OHS. 1995 Africans (male and female)* 0.04 0.10 0.03
African (male) 0.04 0.11 0.04
Originally Dummies”
Lam (1999) OHS. 1995 All races (male) 0.09 0.25 [0.21-0.31]°
Moll (1996) CSS/HSRC, 1990 African (male) 0.02 0.11 [0.16-0.17]"
Hofmever (2001) OHS. 1999 African (male, formal sector union & non-union)* 0.02 0.09  [0.26-0.32]"
Hosking (2001) Population Census, 1996 All races and genders 0.07 0.74  [0.26-0.38]"
Originally Higher Order®
f‘lg‘é’gf“ and Knight  pe; sp. 1993 All races and genders 0.04 0.09 0.13
:E”rg)%};s)en and Wakeford PSLSD, 1993 All races and genders* 0.04 0.12 0.17
All races (male) 0.05 0.14 0.19
OHS, 1995 All races and genders™ 0.035 0.12 0.17
All races (male) 0.05 0.14 0.19
median return 0.04 0.12 0.19
Notes:

A * indicates that where separate regressions for population sub-groups were reported. a weighted average across sub-
groups has been taken. The average reflects the weighting of the subgroup relative to the sample population based on
the sample sizes used for the respective regressions.

# For dummy variable studies, the marginal return to each level of education is calculated by subtracting the dummy for
one level from that of the previous level. In the higher order studies the marginal effect to each year of education is
calculated by taking the derivative with respect to schooling and then calculating the return for each year of schooling
For both type of manipulations the marginal returns are then averaged for primary. secondary and tertiary levels to
calculate the ‘mock spline’.

® There is a difficulty in calculating the marginal return to tertiary education when using dummy variables. This is
because tertiary education is not homogenous and represents a variety of post secondary educational qualifications that
take differing amounts of time to complete. It is therefore necessary to make an assumption about the number of years
spent in acquiring a diploma or degree. The bracketed values indicate a range with the first figure calculated according
to the assumption of 3 vears spent in higher education and the second figure calculated according to the assumption of
2 vears.

¢ Where applicable the antilog-1 of the relevant coefficient has been taken.
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Upon examining Table 4, certain patterns become evident. For every study, the returns to an
additional year of primary education are low and below 10%. The median across studies is in fact
a mere 4%. Many authors have commented on reasons for the relatively low returns to primary
education in South Africa. Mwabu and Schultz (1996) hypothesise on the excess supply of
African workers with primary education and the downward pressure this would place on the
wage. Moll (1996) postulates that poor schooling quality for Africans is likely to be the major
cause of low returns. Historically, African primary schools had high teacher-pupil ratios relative
to those of other races and a high percentage of unqualified teachers. Yet another reason why
returns to primary education may be low in South Africa relative to those in other developing
countries involves the structure of employment in the economy and the specific basis for large
benefits accruing to primary level schooling in other developing regions. Colclough (1982)
explains that primary education is particularly useful in raising the productivity of agricultural
peasants. This has occurred predominantly in countries where farming is modernizing and
becoming more technologically advanced. Primary schooling equips farmers with the necessary
skills to adopt new production methods such as new seed varieties or marketing channels. In a
review of 18 studies of 13 developing countries and controlling for area, land, capital and labour
time, Lockheed et a/, (1980) (in Colclough (1982)) find that in a modernizing environment, 4
years of primary schooling is associated with a 10 percent annual increase in a peasant farmer’s
output relative to that of a peasant farmer with no education. As South Africa does not have a
comparable peasant-farming culture, such potential gains from primary education will not be

realized.

The returns to an additional year of secondary education range more widely across studies. The
median value is 12%. An extremely clear pattern, however, emerges in that the returns to
secondary education are greater than those to primary. This is common across all studies and
differs from Psacharopoulos’s (1985, 1994, & Psacharopoulos & Patrinos (2001)) general

worldwide pattern of primary returns being well in excess of secondary returns (see Table 3).

The returns to tertiary education fluctuate considerably and are in certain instances more difficult
to interpret. This is largely due to the differences in the type of tertiary education available and

the survey questionnaire design.® Moreover, the returns to different types of higher education

¥ In order to calculate the marginal return to a year of schooling, the time spent in acquiring that level of
schooling must be incorporated. Dummy variables for a particular level or type of tertiary education often
include different time dimensions thus rendering interpretations at the margin exceptionally crude.



will vary greatly. We find a median return to an additional year of tertiary education of 19%.
Abstracting from dummy variable studies (for the reasons discussed above) it is evident that there
are two studies that do not show that the returns to tertiary education necessarily being higher

than the returns to secondary’.

Considering more closely Michaud and Vencatachellum’s analysis (2001), it becomes clear that
when running separate regressions for union and non-union members, the returns for both male
and female union-members increase by level of education. This pattern does not hold for non-
union members. There are two probable reasons for this. Firstly, the sample of non-unionised
African males with tertiary education is particularly small and secondly the regressions are run
including a significant ‘skilled-employment’ dummy. This dummy is likely to be highly

correlated with tertiary education and is in all likelihood diminishing part of its partial effect.

The other study of interest in this regard is Bhorat and Leibbrandt (2001). The authors use what
they term a “three stage sample selection model” for which coefficients on the education splines
are reported for each stage. They estimate equations for labour market participation, employment
and earnings sequentially using probits in the first two stages. In the employment probit, the
coefficients are as expected. The spline for tertiary education is significant in influencing the
probability of having a job and is much higher than for secondary and primary returns. In the
earnings equation, however, the coefficients on tertiary education are insignificant. The authors
comment that this infers that although tertiary education is important in raising the probability of
employment, it is not relevant as a predictor of the level of earnings for Africans. This result is in
direct contrast with both Hofmeyer (2001) and Rospabe (2001) that find tertiary education as a
significant estimator in both their employment and earnings equations. The inconsistency could
reflect differences in the datasets used (Hofmeyer (2001) and Rospabe (2001) use the OHS,
1999), or it could be a consequence of inaccurate application of the econometric techniques.
Specifically, Bhorat and Leibbrandt (2001) report on using the Heckman two-step approach when
estimating the inverse Mills ratio in stage one for its inclusion in stage 2. The Heckman
estimator, however, provides incorrect estimates of the standard errors of the coefficients. (Breen
(1996:17)) No mention is made of correcting the variance-covariance matrix for such errors from

stage one to stage two which could lead to biased results. Furthermore, as with Michaud and

” The term on the tertiary spline for Bhorat’s (2000) semi-skilled workers is insignificant. We ignore this
result as semi-skilled workers are unlikely to have tertiary education and so the estimate is not relevant to
this discussion.
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Vecatachellum (2001), a high association between the tertiary spline and dummy variables for
professionals and perhaps managers is probably eroding the explanatory power of the tertiary

education coefficient.

Although not exhaustive, in the majority of cases presented in Table 4, the average return to an
additional year of tertiary education exceeds that of an additional year of secondary education.
This result corresponds to the evidence for Non-OECD countries (see Table 3). It is also
unsurprising for a country like South Africa in which global technological advances and growth
of microelectronics has meant that much of the employment that has been created in the last
decade has been in skilled professions (Bhorat (2001a)). Between 1990 and 1998, formal sector
employment of unskilled and semi-skilled workers decreased by 19 percent whereas employment
of highly skilled labour rose by 12% (Edwards (2002)). During the apartheid era, access to
higher education was severely limited for all race groups other than Whites. This has resulted in
the economy being skills constrained, even though it is experiencing mass unemployment of
unskilled and semi-skilled labourers'®. In light of the skills shortage, a significant premium to

tertiary education would therefore be expected.

From the above analysis it appears that secondary returns are greater than primary returns and
that tertiary returns are probably greater than secondary returns. Such an increasing pattern
across the three education levels is indicative of a convex relationship between education and
earnings in South Africa. The relationship seems plausible for a country that has taken a growth
path experienced by South Africa in the last decade. Increasing access to primary and secondary
education will have led to increased supply of workers with these levels of education and in all
likelihood would have depressed returns. The surplus labour economy and high unemployment
rate will serve to aggravate this situation. Furthermore, increasing demand for skilled labour will
lead to a skills premium that will increase the return to higher education relative to lower levels.
The apparent increasing returns appear highly plausible and indeed seem to reflect a similar

pattern to other African countries discussed previously (see section 3.1).

Many of the South African studies reviewed do not only present estimates of the pattern of
returns to education, but also make comparisons across different sub-groups of the population (for
example, by race, gender or location) in cases in which separate regressions have been run.

Conclusions are then drawn regarding both within-group and between-group inequality.
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In the South African studies considered in this section, almost all regressions run by race, gender,
union status and location exhibit the pattern of within group increasing returns.  This in turn
implies that we might expect to see increasing within group inequality. In fact in an analysis of
discrimination, Moll (2000) finds that from 1980 to 1993, within race earnings inequality has

increased. Convexity in the returns to education could be a major reason.

Attempts to compare relative returns across groups become particularly confusing and illuminate
very little. It is worth noting that in regressions by Mwabu and Schultz (2000) and Hosking
(2001) which are run separately by race, Africans are generally found to have higher returns to all
levels of education. This does not imply that Africans earn more by education level, but rather
that their increase in earnings per additional year of education is greater. The reason for this
would be that when Africans invest in additional education, they forego only a low level of
earnings, thus leading to returns that are higher as they are off a particularly low investment base.
Higher returns to education for Africans would imply decreasing between race inequality. No

consistent pattern emerges by gender.

It is worth cautioning on the interpretation and comparisons of such results. In terms of returns to
education, when separate regressions are run by race, the Mincerian estimate refers to, for
example, the return to one additional year of schooling, if one is African, relative only to other
individuals who belong to this race group. When separate regressions are run and then compared,
total non-correlation of both parameters and the error terms is assumed. In earnings function
regressions where the R is typically in the region of 40%, most variation in earnings remains
unexplained. If there are similar processes driving this unexplained variation, then this
covariance between the error terms should be accounted for. In the case of separate earnings
functions, it is likely that between group comparisons yield inconsistent results because they are
not based on a correct “between group mean”. Alternative techniques that might better capture
probable covariance across error structures (as well as allowing for flexible parameter estimates
for each group) include estimating a single equation and including dummy variables for race
interacted with the education term or using seemingly unrelated regression (see Griffiths, W.E.,

Carter Hill, R. and G.G Judge (1993), chapter 17).

In this section we have reviewed evidence on returns to education for South Africa and the rest of

the world. We have seen that even though original studies found returns to be diminishing, there

' Factors such as emigration also contribute to the skill’s shortage.
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is no a priori reason to expect that this is any longer the case. Indeed, the pattern in South Africa

appears to be increasing, a result that holds true for other African countries we have considered.

5. Empirical Analysis

The literature review revealed that the pattern of returns to education in South Africa are most
probably convex. In the remainder of the paper we use empirical methods in an attempt to verify
these findings and gain a more detailed understanding of the pattern of returns to schooling in the
country. We run a number of earnings functions on 4 nationally representative datasets to
ascertain whether the apparent convexities are a robust feature of the data. We also employ semi-

parametric techniques to explore the relationship between education and earnings in more detail.

5.7 Data

The original surveys selected for the study were the October Household Surveys for 1993, 1997,
1998 and 1999'' the Project for Living Standards or PSLSD for (1993), the KwaZulu-Natal
Income Dynamics or KIDS Surveys (1993 and 1998) and the Labour Force Survey (September
2000). Owing to completeness of data reported and representativeness of the surveys, we report

results for 4 of the surveys here, namely the PSLSD, 1993, OHS, 1995, OHS, 1997 and LFS, 2000.

In the simple Mincerian earnings function, the key variables of interest are education, earnings
and age (or experience). In our analysis we define education as completed years of schooling.
Earnings is measured as ‘total monthly pay including overtime and bonuses and before any tax or
other deductions’*. The employed are restricted to full-time wage employees. The unemployed
are defined according to the broad definition, in which discouraged work-seekers are included.
Other covariates are race, gender, union status and province. Appendix B details issues
concerning the definitions of the employed, the unemployed (or censored observations) and
earnings, as well as, the representativeness of the final datasets used in our study.

Below is a table of descriptive statistics based on the final sample used for each of the 4 datasets

that are carried through this analysis.

"' The OHS, 1996 was excluded primarily due the nature of the income data which were only reported in
categories. OHS, 1996 is also least comparable with other years as its sample size is approximately half
that of the other years and the enumerator areas were selected on a different basis. OHS, 1994 was also
excluded as it was in a sense the “pilot OHS” and also had only 1000 enumerator areas as opposed to the
3000 for the surveys of 1995, 1997, 1998 and 1999.

'2 Although net earnings after tax would have been the preferred variable, no data was collected on income
tax paid in the OHS, 1997 or the LFS, 2000 (as well as in the OHS, 1998 and OHS, 1999).
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Table 5: Descriptive Statistics reflecting the final sample analysed for PSLSD, 1993, OHS, 1995,
OHS, 1997 and LFS, 2000

PSLSD, 1993 OHS, 1995 OHS, 1997 LFS, 2000 Actual EAP?

Econpmxcglly active populatlon (EAP) under 8495 31777 30956 29949 Not
consideration (sample size) applicable
Race breakdown
African 76.14 70.22 79.61 79.76 72
Coloured 10.18 14.70 14.32 12.48 11
Indian 3.64 3.71 1.84 2.16 3
White 10.04 11.37 423 5.60 14
Gender
Male 52.48 36.06 49.44 49.51 54
Female 47.52 43.94 50.56 50.49 46
Location
Rural 77.93 4274 44.07 39.07 36
Urban 22.07 57.26 55.93 60.93 64
% of Employed unions members
Not Union 71.2 67.59 62.14 60.97
Union member 28.8 3241 37.86 39.03
Average Age 32.88 34.90 34.07 34.18

(11.10) (11.09) (10.63) (11.16)
mean age of censored observations 30.12 3125 31.34 30.56

(10.64) (10.31) (9.96) (10.33)
mean age of emploved 35.70 3741 37.19 38.52

(10.83) (10.90) (10.51) (10.34)
Average Educational attainment 7.58 8.23 7.82 8.50

(3.99) (3.99) (3.97) (3.81)
mean education of censored observations 7.07 7.66 7.70 842

(3.72) (3.75) (3.78) (3.54)
mean education of employed 8.10 8.62 7.94 8.60

(4.19) (4.09) 4.17) (4.10)
EAP
Censored 50.58 40.68 53.26 54.52
Employed 49 42 59.32 46.74 4548
Average income for employed .
Mean income of emploved 1723.46 1934 .35 1632.10 2443 86

(3464.60) (2231.36) (1734.08) (3567.08)

Mean log income of employed 6.87 7.08 6.93 7.28

(1.12) (1.04) (1.03) (1.04)
Median 1000.00 1268.00 1200.00 1500.00

Notes:

? The “Actual EAP’ statistics are the average proportions by race, gender and location of the economically
active population calculated from the weighted sample surveys (PSLSD 1993, OHS, 1995, OHS, 1997 and
LFS, 2000). They therefore indicate what the breakdown by race, gender and location should be given no
missing information and totally representative sampling.

Standard errors are in parentheses.
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It is important to note that all the surveys are nationally representative and the samples used
consist of a large number of data points. The economically active population ranges from almost

8300 in PSLSD, 1993 to over 31 500 for OHS, 1995.

Given no missing income information, the proportion of the economically active population by
race, gender and location should be similar to the values indicated in the final column. It is
evident that OHS, 1995 most closely approximates the actual breakdowns for both race and
gender. The OHS, 1997 and LFS, 2000 clearly under-represent Whites and over represent
Africans. This is predominantly due to these surveys undersampling Whites and then weighting
up the aggregates. OHS, 1997 and LFS, 2000 also reveal a higher proportion of economically
active females. This could reflect a trend of increases in female labour force participation over
the timespan under consideration (see Posel and Casale, 2001). The LFS, 2000 is the most
representative by location. There could also be a time effect picked up here reflecting high
levels of annual rural to urban migration. Such apparent trends, however, may be a function of

the sample design.

The percentage censoring ranges from 41 to 55 percent with OHS, 1995 once again revealing the
most realistic level. The average age of the employed rises from a minimum of 36 years for
PSLSD, 1993 to a maximum of 39 years in LFS, 2000. The average age of the censored
observations is a fairly constant around 31. Increasing youth unemployment and low labour
absorption rates would fit well with such a picture of a widening in the age gap between the
employed and unemployed. So too would the apparent increase in mean educational attainment

of the censored observations for which the statistics indicate has increased by 1 ¥ years.

Average income for the employed under consideration increases from R1732 in 1993 to R2444 in
2000. Income data for 1993, 1995 and 2000 suggests that nominal earnings have increased by 6
percent per annum over the period. With average inflation of approximately 7% per year from
1993 to 2000, these seem like reasonable estimates indicating that their has been slight negative
growth in real earnings over the period. The average income data for OHS, 1997 is lower due to

the undersampling of Whites and Asians and those with higher education.

'* The breakdown by location for the PSLSD, 1993 is quite different from the other surveys. This is
largely because the PSLSD purposefully over-sampled in the rural areas.



The OHS, 1995 therefore seems the most representative survey and this should be kept in mind
when analysing results. The LFS, 2000 is the only survey whose exclusive purpose was to
explore the labour market and therefore data for labour market variables may be captured better
than for the other surveys. The time dimension may play a role when comparing PSLSD, 1993
with later surveys as the labour dynamics in the last 7 years may mean that there have been
changes in the covariates used in the analysis. Finally, OHS, 1997 seems to be the least
representative of the surveys. This should be taken into account when analysing differences in

outcomes between this and other datasets.

5.2 Estimation

In this section we develop the empirical model estimated and hvpothesize on expected results.
The aim of the empirical analysis was to estimate the total private returns to education thereby
including the role of education in terms of influencing the probability of finding employment, as

well as its effect on earnings. Censored observations are therefore included in all our models.

To begin with, the return is estimated using a parametric regression framework. A sample
selection problem presents itself in that earnings are captured only for those who are employed.
This situation lends itself to using a censored regression approach. We choose the tobit as our
sample selection model in preference to the Heckman as identification of the Heckman with
comparable variables across surveys would be an extremely arduous task. We also present OLS
estimates for comparative purposes'®. We ran ten different earnings functions for each of the four

datasets using both the tobit and ordinary least squares estimators"”.

The dependent variable in all equations is the log of gross monthly earnings.'® In the first
equation education is brought in as a discrete term as “years of education” with “age” and “age

squared” as the other explanatory variables — this is the Mincerian earnings function using age

' Although running OLS regressions on a censored sample should produce biased estimates (see Appendix
C), the coefficients are more easily interpreted than for maximum likelihood models which are inherently
non-linear. If the marginal effects for the different types of models do not differ widely, OLS estimates can
aid in simplifying interpretations.

'> The reason for running a number of different earnings functions was to check the consistency of the
coefficients as further control variables were added.

'S The choice of using monthly earnings as opposed to hourly is largely a function of the question dealing
with “hours usually worked per week” that changes across surveys. As our sample of interest is limited to
full time formal sector workers, this is not seen as particularly problematic. Furthermore, if one assumes



instead of potential experience which is estimated according to Mincer (1974) as "Age-
Education-6". . “Age” is used in preference to “experience” as the Mincerian proxy is
unreliable for a country such as South Africa with a labour market characterized by high levels
and long periods of unemployment and a schooling system with high repetition rates. In other
equations we add higher order education terms to allow for any non-linearities in the returns to
education. We also include “age-education” interaction terms to control for the differing average
educational attainment of various age groups. These terms are especially important in that they
circumvent a particular problem with interpreting the education coefficient as a return. The
traditional Mincerian estimate overstates the opportunity cost of early years of education as
young school going children would generally not be earning if they were not at school (do not
forego the equivalent years of earnings), or would be earning substantially less than adults
(Psacharopoulos, 1994:1326). The rate of return to low levels of education is therefore generally

understated. Interaction effects control for this form of bias.

Single earnings functions are estimated with covariates such as race, gender, location or union
status included as dummy variables. The single regression approach is taken so as not to assume
total independence of the unobserved factors driving the returns to education for the full-time
wage earners across subgroups. Between race comparisons are made later in the semi-parametric

analysis in which race-education interaction effects are included.

Finally, it is acknowledged that there are many different kinds of biases working in different
directions that may impact on our resuits. Indeed, Hertz (2001) has found problems of
measurement error and omitted variable bias to be large for South Africa. The aim of this
empirical work is to estimate a set of functions that are as consistent as possible, and subject to as
little distortion as possible through additional econometric manipulation. Inclusion of any
sophisticated variables across surveys in which the questionnaire design differs wiil introduce
further noise into our results. Moreover, the lack of data on factors such as school quality and
ability (for example test scores) across surveys limits the potential to control for these types of
biases. It is chosen therefore only to control for sample selection bias. Given the high

unemployment rate in the country, we believe it is important to include the effect of education on

that the pattern of hours worked over the lifecycle is fixed exogenously, it makes little difference what
measure of earnings is used, be it hourly, weekly, monthly or annual (Willis, 1986).

'" Even though ‘years of education” is discrete rather than continuous, as it is roughly monotonic it is
treated here as if it is continuous.
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the probability of finding employment. The tobit is used to control for sample-selection effects,

the formal model of which is as follows;

yl = xl,lg_*_llll if Vi >0

v, =0 otherwise

where y; is measured in our model as the log of monthly earnings, x, is the matrix of relevant
explanatory variables, £ is the associated coefficients matrix and g the stochastic error term,

assumed identically and independently distributed.

Fory, =0
We find pr (v, = O =pr(u, <-x,/8) = (I-®)
Which uses the result of cumulative distribution function of a standard normal random variable

with mean zero and variance ¢’. (see equation (5) Appendix C)

For y, >0, we use the result for the standard normal density function evaluated at x, # o or ¢, (see

equation (8) Appendix C) and find

or(3, > 0) -0, 3, >0y =, L A= xB) 0]
o D

!

=gy, -x.8)/ o]

Using maximum likelihood to solve we get the likelihood function

= [1i-o]Tele, -xp)/0o]

3,0y, =0 yi,>0

where the first term is equivalent to the probit reflecting the probability of an observation being

censored and the second term to OLS estimated on only uncensored observations.

The log likelihood function (shown below) is then maximised by taking the derivative with

respect to fand o.

I
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1 1 ,
L= Ylog(l-®)+ > | - —(y, —x/ )’
2 logl-@,)+ 3 08— 2570 = xh)

21,=0 vy >0

The values of fand o that maximise the log likelihood do not have closed form solutions. They
must therefore be found through numerical methods. This also implies that the marginal effects
of particular explanatory variables have to be evaluated at relevant values of x,, the most common

being evaluation at the means.

Most of our discussion of the results will be based on the final specification in which all control
variables referred to above are included. It is expected that the coefficient on female will be
negative relative to male and that union members will earn a premium relative to non-union
members. Africans are expected to be the most disadvantaged relative to whites, with Coloureds
and Asians also exhibiting lower earnings. All provinces other than the Western Cape are likely
to have negative coefficients relative to Gauteng. The concave age earnings profile should reveal
a positive coefficient on the “age” term and a negative on the “age squared” term. We expect
schooling to have a positive impact on log earnings and study the coefficients in detail to reveal

the pattern of returns by level of educational attainment.

5.3 Results

Regressions were run using both the tobit and OLS including the zero earners and it was found
that the OLS and evaluation of the tobit at the means of the explanatory variables yielded
(surprisingly) similar results. Referring to Table 6, Table 7 and Appendix D the regression
results for both the OLS and tobit reveal that the coefficients tend to have the expected signs.
The concave age-earnings relationship is evident with the “age” coefficient taking a positive sign
and “age™ a negative. Union membership contributes positively to earnings as does being white
relative to the other races. The province dummies have the expected signs for 1995 and 2000
with coefficients negative with respect to “Gauteng” except for the “Western Cape” which is
insignificant in 1995 and positive in 2000. An unexpected result emerges with positive and
significant coefficients on the province dummies for “Northwest” and “Mpumulanga” in PSLSD,
1993 and for “Northern Cape”, “Free State” and “Mpumulanga” for OHS, 1997. Closer

inspection of the data reveals that for both datasets the percentage censoring in “Gauteng” is



considerably higher than that for the above-mentioned provinces'®. Tt is therefore the inclusion of

the censored observations and the probability of finding employment that is driving this result."
We now concentrate our discussion on the role of education.

Looking closely across the datasets at Specification 1, which is the basic Mincerian earnings
function, it can be seen that the coefficient on the “years of education” variable ranges from 17 to
26.4 % for OLS and from 15 to 26.6% for the tobit at the mean of the explanatory variables. This
result will be higher than findings where only the employed are inciuded as the impact of
education on the probability of finding employment is incorporated in the result. (Hertz (2001)
for example finds an average coefficient of 0.114 for African males in the PSLSD, 1993 when he
includes only the employed. Hosking (2001) finds a coefficient of 0.141 for Africans using the
1996 Census and a coefficient of 0.189 when running the Mincerian earnings function for all
races.)*® The coefficient of determination (R?) ranges from 12% to 19% indicating the effect of
education and age in explaining the variation in log earnings is farge and significant. This implies
that differences in education are an important determinant of earnings inequality. Including
higher order education terms into the model leads to the R* being on average 2.8 percentage

points higher indicating better explanatory power with the more flexible functional form.

'® The “effective rate of unemployment” for Gauteng is 52% as opposed to 40% for Northwest and 37% for
Mpumalanga for SALDRU93. In the OHS97 the percentage censoring 1s 54% for Gauteng as opposed to
37%, 45% and 49% for Northern Cape, Free state and Mpumalanga respectively. It should be noted that
the percentage cnesoring rates are the rates on which our data is based and not necessarily a reflection of
the actual relative unemployment rates per province.

' Initially a dummy variable controlling for location (urban=1, rural=0) was included but in specification 9
the effect of being in an urban area was negative for all datasets and for both OLS and the tobit. The
unemployment rate of urban areas was however lower than for rural areas and mean income of the entire
labour force also a great deal higher in urban areas. Through further testing it appears that including the
unemployed in the regression introduces a degree of covariation with regards to the right hand side
variables. “Urban” covaries with education, race and union status. As inclusion of “urban” biases results,
we run our regressions excluding it.

* The inclusion of only full time wage employees as the ‘employed’ should also serve to drive estimates of
returns to higher levels than if part time and temporary workers were additionally part of the sample
considered.
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Table 6: The Mincerian Earnings Equation: Specification 1 — Marginal effects for OLS and Tobit

estimators
0LS93 Tobit 93 0OLS95 Tobit 95 0OLS97 Tobit 97 OLS00 Tobit 00
Constant -5.713 % -9.750 * -5.751 % -9.588 * -4.923 * -9.190 * -7.546 * -12.865 *
(0.319) 0.378)  (0.177) (0216)  (0.201) (0.235) (0.179) (0.215)
Age 0.339 * 0.407 * 0.336 * 0.409 * 0.292 * 0.366 * 0.399 * 0.517*
(0.018) (0.021)  (0.009) (0.011)  (0.01D (0.013) (0.010) (0.011)
Age Squared -0.003 * -0.004 * -0.003 * -0.004 * -0.002 * -0.003 * -0.003 * -0.005 *
(0.000) (0.000)  (0.000) (0.000)  (0.000) (0.000) (0.000) (0.000)
Education in years 0.245 * 0.232* 0.263 * 0.265 * 0.171 * 0.152 * 0.202 * 0.182 *
0.009 0.01) (0.005) (0.006) (0.005) (0.006) (0.005) (0.006)
n 8487 8487 31777 31777 30956 30956 29949 29949
R” 0.162 0.180 0.121 0.192
Log likelihood -16352.6 -68045.2 -58284.3 -34712.2




Table 7: Specification 10 — Marginal effects for OLS and Tobit Estimators (Higher order education
terms and controlling for all other covariates)

OLS93 Tobit 93 OLS95 Tobit 95 OLS97 Tobit 97 OLS00 Tobit 00
Constant 1.091 *  -29270 * 0.560 ** -3.037 * 1.019 * -3.060 * -0.021 -5.187 *
(0.412) (0.510) (0.244) (0.321) (0.261) (0.317) (0.288) (0.359)
Age 0.208 * 0.2750 * 0.247 * 0.328 * 0.174 * 0238 * 0.238 * 0.344 *
(0.018) (0.022) (0.010) (0.012) (0.011) (0.013) (0.010) (0.013)
Age Squared -0.002 *  -0.0030 * -0.002 * -0.003 * -0.002 * -0.002 * -0.002 * -0.003 *
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)) (0.000) (0.000)
Female -0.545 05770 * -1.362 ¢ 1716 % -0.837 * -0918 * -0.682 * -0.758 *
(0.058) (0.070) (0.031) (0.039) (0.031) (0.037) (0.031) (0.037)
Afnican -3.165 * 28380 * -2.498 * 2571 ¢ -2.293 * 22019 * <2597 * -2.243 *
(0.113) (0.127) (0.055) (0.066) (0.082) {0.089) (0.073) (0.078)
Coloured 2117 0 -1.6420 * -1.257 * -1.079 * -1.186 * -0.785 * -1.504 * -1.048 *
(0.154) (0.173) (0.067) (0.081) (0.095) (0.103) (0.088) (0.096)
Asian -0.894 *  -0.5390 ** -0.535 * -0.434 * -0.206 0.188 -0.622 * -0.365 *
(0.189) (0.211) (0.093) (0.111) (0.138) (0.151) (0 128) (0.138)
Education in vears 0.220 -0.0650 0.841 * 0.929 * 0.547 * 0.595 * 0.485 * 0.442 *
(0.167) (0.207) (0.096) (0.125) (0.101) (0.121) (0.106) (0.129)
(Education in vears)* -0.089 *  -0.0500 -0.191 * -0.215 ¥ -0.130 * -0.150 * -0.106 * -0.107 *
(0.031H) (0.038) (0.017) (0.021) (0.018) (0.021) 0.017) (0.02)
(Education in years)' 0.006 * 0.0050 ** 0.010 * 0.012 * 0.007 * 0.008 * 0005 * 0.006 *
(0.002) (0.002) (0.001} (0.001) (0.001) (0.001) (0.001) (0.001)
Age* Education -0.005 0.0010 0021 * -0.024 -0.015 * -0.017 * 0011 * -0.011 *
(0.004) (0.005) (0.002) (0.003) (0.003) (0.003) (0.003) (0.003)
Age* Education® 0.002 **  0.0010 0.004 * 0.005 * 0.003 * 0.004 * 0.002 * 0.002 *
(0.601) (0.001) (0.000) (0.001) (0.000) (0001) (0.000) (0.001)
Age* Education’ 0.000 **  0.0000 *** 0.000 * 0.000 * 0.000 * 0.000 * 0.000 * 0.000 *
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Union 3.232 * 29060 * 3.043 * 3.140 * 4033 * 3.436 * 4324 * 3345 *
(0.083) {0.094) (0.040) (0.048) (0.043) (0.047) (0044) (0.048)
Western Cape 1.132 * 1.1310 * -0.041 0.019 0.920 * 0.942 * 0408 * 0393 *
(0.136) (0.157) (0.068) (0.083) (0.072) (0.083) (0.073) (06.083)
Eastern Cape -0.349 * -0.5590 * -1.068 * -1.281 * -0.800 * -1.019 * -0.924 * -5 *
(0.112) (0.142) (0.057) (0.072) (0.060) (0.076) (0.060) (0.073)
Northern Cape 0.007 0.0480 -0.594 * -0.598 * 0.416 * 0518 * -0 168 *** -0.083 *
(0.260) (0.305) (0.089) (0.112) (0.088) (0.099) (0.087) (0.099)
Free State -1.024 *  -1.8790 * -0.238 * -0.086 0.437 0.584 * -0.340 * 0292 *
(0.170) (0.252) (0.063) (0.078) (0.062) (0073) (0.063) (0.075)
KwaZulu-Natal 0.009 -0.0570 -0.358 * -0.396 -0.493 0672 * -0.402 * -0.453 *
(0.102) (0.126) (0.055) (0.068) (0.054) (0.066) (0.034) (0.064)
Northwest Province 1.038 * 12330 * -0.269 * -0.258 * 0.032 0.066 -0.388 * -0.424 *
(0.114) (0.135) (0.067) (0.083) (0.060) (0.072) (0 039) (0.07)
Mpumulanga 1.181 * 13760 * -0.368 * -0.406 * 0.332 * 0.423 * -0.520 * -0.597 *
(0.115) (0.135) (0.064) (0.08) (0.063) (0,079 (0.066) (0.079)
Northern Province 0.101 0.1160 -0.869 * -1.075 * -0.096 -0.063 -0.785 * -0.947 *
(0.118) (0.144) (0.070) (0.09) (0.064) (0.077) (0.062) (0.076)
n 8487 8487 31777 31777 30956 30936 29949 29949
R 0.449 0.441 0.428 0.474
Log likelihood -14983 -62975 -33247 -50253

Notes:

Table 6 and Table 7 report estimates for both ordinary least squares and the tobit (derived above) where the
dependent variable is the log of monthly earnings from full time formal sector workers. Given the non-
linearity of the tobit, the estimates reported are the marginal effects of the model evaluated at the mean of

the relevant explanatory variables according to the formula

E)

= 0(2)8,

* implies statistical significance at the 1% level, **implies significance at the 5% level, and *** implies

significance at the 10% level. Standard errors are in parentheses.



On adding further controls to the basic Mincerian equation it can be seen that the coefficient on
education reduces quite substantially (refer to specifications 8 and 9, Appendix D). This indicates
that the education term and other right hand side variables are associated (Griliches and Mason
1972). Through deeper analysis it is found that for the OHS, 1997 and the LFS, 2000, it is largely
the inclusion of the union dummy that is driving this result whereas for the PSLSD, 1993 and the
OHS, 1995 it is the race effect?’. Omission of these variables then biases education estimates
upwards. On inclusion of the controls for race and union, the returns to education at the mean are
extremely stable for both the tobit and OLS, across the different functional forms and when other
controls such as gender and province are added.  Furthermore, the calculated total return of
education at the means for specification 10 is very similar to the (average) coefficient on the
single “vears of education” term for specification 9 (including race, gender and union: see
Appendix D). This establishes that our results are consistent across years and specifications once

race and union effects are included.

Considering the higher order education terms reveals a particularly robust result across
specifications and datasets: The signs of the coefficients are positive on the first order term,
negative on the second order and again positive on the third order indicating an S-shaped
relationship between education and earnings. The only exception to this pattern is the tobits using
the PSLSD, 1993. It is not surprising that the earnings-education relationship seems to differ for
PSLSD, 1993. This may be a function of survey design or in fact a time dimension. We are

dealing with a quite different generation of school leavers in 1993 and 20007,

To calculate the marginal effect of education from the equations with higher order terms, it is
necessary to take the derivative of log earnings with respect to education as follows.

Given the equation

Linwage = a + Bdge + yAge’ + SEducation+ eEdu’ + yEdu® + 77(Age x Edu)+ K(Age x Edu® )+ Z(Age x Edu’ )+ ‘‘‘‘‘

Take the derivative to get

! Further regressions were run with different combinations of variables to establish at which point the
coefficients changed.

“* Rerunning the regressions for PSLSD, 1993 with only a square and cubic term for education and the age-
education interactions, yields highly significant coefficients on both these terms. Predicted returns from
these regressions make little difference to those including the “years of education” term in the final result.



dLnwage

= & + 2eEducation + 3yEducation® + ndge + 2x(Age x Ed) + 3/1(Age x Edz)
E&Education

The marginal effects can then be calculated for a specific level of education at a given age by
substituting into the equation above. The tables below shows the marginal returns for a 40 year
old at 7, 10, 12 and 15 years of education and the average returns per year of primary, secondary

and tertiary education. These results are taken from specification 10.%

Table 8: Marginal Effect of Education for a 40 year old

Years of Schooling OLS93  Tobit93  OLS9S  Tobit95 OLS97 Tobit97 OLS00  Tobitd0

7 0.09 0.08 0.06 0.06 0.04 0.03 -0.01 -0.02
10 0.28 0.27 027 0.29 0.20 0.19 0.15 0.14
12 0.46 0.46 0.46 0.53 0.35 0.36 0.32 0.32
15 0.80 0.89 0.85 1.05 0.65 0.76 0.54 0.61

Table 9: Average Effect of an additional year of Education for a 40 year old

Years of Schooling OLS93  Tobit93  OLS95  Tobit95 OLS97  Tobit97 OLSG0  Tobit0

3-7 0.02 0.02 0.00 -0.01 -0.02 -0.03 -0.04 -0.06

8§-12 0.29 0.28 0.28 0.30 0.21 0.20 0.16 0.15

13-15 0.68 0.73 0.71 0.86 0.54 0.61 0.54 0.61
Notes:

The average effect is calculated by averaging the marginal effect for each vear of the relevant education
span

The above result shows that across datasets the pattern of returns is increasing. We see the
previously discussed very low returns to 7 years of education as found by most other research on
South Africa. We then see the returns increasing to high levels at 12 years and extremely high
levels at 15 years. Such a pattern of returns is clearly indicative of a convex relationship between

. . 2
education and earnings.**

¥ In order to calculate the correct coefficients for the tobit, the marginal effects were re-estimated for each
given year of education with age specified at 40 and all other variables held at their means. This should
give the marginal effect for the “average 40 year old” in the sample.

“* The returns to an additional year of higher education do however seem particularly high. Hertz’s (2001)
previously mentioned finding of extreme upward bias in the Mincerian coefficients indicates that the actual
return estimates should in all probability be much lower. However, it is predominantly the level of returns
that change on correction, with the pattern remaining fairly stable. As the focus of our exercise is the
pattern of returns, we do not discuss the levels of returns in any detail. It is important to notice, however,
that the absolute returns vary substantially across datasets.  This finding warns at drawing conclusions
with reference to the size of returns when applying basic earnings function techniques to the datasets
studied here.



Although the pattern of increasing returns found above is robust across datasets and appears
plausible for a country like South Africa, parametric analysis still constrains the data to quite
specific relationships. There may be turning points that the higher order education terms are not
in fact capturing. To better visualize the relationship between log earnings and education, it is
useful to employ semi-parametric techniques. These will potentially reveal turning points or

other characteristics of the data that may be concealed when using purely parametric methods.

The non-parametric approach we use is the LOWESS method or Locally Weighted Scatter Plot
Smoothing. LOWESS works by starting with a local polynomial least squares fit and then
iteratively identifies weights and resmoothes a number of times (Hardle (1995:192-193)). In
LOWESS a separate weighted regression is run for every datapoint. The estimation process
weights the values closest to a particular point the highest and those furthest away the least. The
local nature of the regressions means that LOWESS is particularly useful in the presence of
outliers (Stata Reference Manual, 2001:170-171). The approach we use is semi~parametric in
that the observations on which the LOWESS is performed are the predicted values of the natural
log of earnings for each year of education obtained from the parametric regressions discussed
above. The reason we use the predicted as opposed to the actual values, is that in this way the

effects of the other covariates have been to some extent controlled for.
We view the results below. Figure 1 shows the LOWESS plot for “predicted log earnings” by

“years of education”, for all individuals in each dataset. The slope of the plots reflects how

predicted earnings change with each level of education. That is, it represents the private return.
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Figure 1: The relationship between education and predicted earnings for all datasets
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The vertical axis is the log of predicted earnings, controlling for age, age’, gender, race, years of education (including
squared and cubic), age-education interactions, and regional fixed effects. The predicted values were generated using
the Tobit estimator, to control for sample selection bias introduced through conditioning on whether an individual was
employed or not, and therefore whether she reported earnings or not. The full sample including the zero earners is
shown in Table 5 above. The pictures are generated through applying non-parametric Locally Weighted Scatter Plot
Smoothing to the underlying fitted regression values against years of reported education, a method that is robust to
outliers.

If we look firstly at the predicted wage for all respondents for each dataset we clearly see the
convex relationship between education and earnings. The predicted wage actually declines,
although only slightly, up until approximately 7 years for the PSLSD, 1993 and OHS, 1995 and
until 10 years of education for OHS, 1997 and LFS, 2000. All years under consideration rise
sharply from 11 or 12 years”. It is important to note how flat the slope is until the 11 year mark,
indicating the very small contribution of additional education to the predicted wage for all of
primary and secondary schooling up to matric. The flatness of the slope is equivalent to the low,
close to zero, returns that are generally reported for primary education. We see from these
diagrams that these low returns actually appear to extend all the way through to having completed

8 to 11 years of education, depending on the dataset.
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Hertz (2001:54) finds the downward sloping graphs a robust feature of his regressions that are run
for African males in the PSLSD, 1993 and have monthly earnings as the dependent variable. He
offers two explanations for this result. First, he refers to potential importance of basic literacy
(that is achieved at low levels of education) in helping to find employment. Second, he argues
that beyond the basic literacy level of schooling there is likely to be a dominant labour market
experience effect. This could occur if the majority of people with lower education are older. The
apparent higher return to primary education may then be a function of age or labour market
experience, rather than education level. He finds that on controlling explicitly for potential years
of experience and thus capturing the trade off between experience and schooling, that the
relationship between years of schooling and predicted earnings becomes positive. We perform
the same test for our two datasets in which the downward-sloping effect is most severe. The
graphs below show that for OHS, 1997 and LFS, 2000 on controlling for potential experience, the

downward sloping portion becomes positive.

Figure 2: Predicted earnings and education controlling for potential experience
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Notes:
The vertical axis is the log of predicted earnings, controlling for age, agez, gender, race, years of education (including squared and
cubic), age-education interactions, and regional fixed effects. The predicted values were generated using the Tobit estimator, to
control for sample selection bias introduced through conditioning on whether an individual was employed or not, and therefore

whether she reported earnings or not.

The pictures are generated through applying non-parametric Locally Weighted Scatter Plot

Smoothing to the underlying fitted regression values against years of reported education, a method that is robust to outliers.  In
controlling for potential experience, the LOWESS plot is generated for those individuals with the indicated years of potential
experience only. Potential experience is calculated as “age”-“years of education”- 6 according to Mincer’s (1974) method.

® It can be seen that predicted earnings vary quite considerably across datasets. This too cautions on
drawing conclusions on the size of returns from such econometric analyses. The convex pattern, however,
is found to be robust.
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Hertz (2001) also examines the distribution of education misreporting and finds most errors occur
when schooling is reported at three years or less. He therefore attributes the negative relation at
low levels to data errors as opposed to labour market experience effects which he says are
nonsensical as an explanation for young labour market participants that have not yet had time to

forego accumulation of years of experience.

It is also important to notice that after the turning point, the graphs are in general rather straight
and particularly steep. It appears that the returns are constant up until approximately 11 years,
increase substantially around this point, and thereafter are fairly constant but at a much higher
level. The LOWESS plots then reveal that returns do not appear to increase continuously as
implied by the results of the parametric regression analysis. The pattern of returns may rather be
described as “lumpy” or discontinuous. For example, the diagrams show that one could invest for
10 years, with practically zero return, or invest for more than 13 years and receive a high return.
Such a pattern might more accurately be defined as a non-convex. This is precisely the type of
situation modelled by Bardhan & Udry (1999) and Galor & Zeira (1993) discussed in Section 2.

The implication of the non-convexity was the possible long run persistence of inequality.

We now consider race effects more closely. Figure 3 shows the LOWESS plot for “predicted log
earnings” by “years of education” and by race group. Constructing separate graphs for each race
group in this manner is equivalent to running a parametric regression that includes race-education
interaction terms. Viewing the relationships in this way allows for analysis of both the within
and between race effects. We can examine the between race effects because the underlying

regressions on which the plots are based include all the races and use the between-group mean.
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Figure 3: The relationsbip between education and predicted earnings including race effects
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The vertical axis is the log of predicted earnings, controlling for age, age’, gender, race, years of education (including squared and
cubic), age-education interactions, and regional fixed effects. The predicted values were generated using the Tobit estimator, to
control for sample selection bias introduced through conditioning on whether an individual was employed or not, and therefore

whether she reported earnings or not.

The full sample including the zero eamers is shown in Table 7 above.

generated through applying non-parametric Locally Weighted Scatter Plot Smoothing to the underlying fitted regression values against
years of reported education, a method that is robust to outliers. The pictures indicate both with-in group and between group
heterogeneity in the returns to education which is represented by both the curvature of the lines and the distance between them,

respectively.

For both whites and Asians, there are so few observations for educational attainment of up to

completed primary schooling that these should be ignored. One can interpret these graphs only
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from around 8 years®. For 1995, 1997 and 2000 we see that for whites the predicted wage
increases with each additional year of education with a slight kink around the 12 year mark. The
PSLSD, 1993 has the predicted wage increases starting at a later stage but also show the kink at
matric. This kink may reflect short term frictional unemployment for school leavers searching for
their first job. It is interesting that even from 8 years of education, the graphs for Africans and
coloureds seem to exhibit a similar shape but those for Whites are quite different, at least until the
turning points for the other races. The reason for this must be attributed to the low number of
whites that are unemployed, thereby not pulling the return to education for this group to zero. For
1993, 1995 and 2000, the graphs for African and coloureds are practically parallel. This would
infer that the processes affecting the returns to these two races are indeed very similar. The
difference arises in that coloureds earn a significant premium. The slopes of the graphs for
tertiary education appear in general to be steeper for Asians and whites, indicating higher returns
to tertiary education for these two groups. Although the pattern fluctuates somewhat across
years, there in fact appears to be convergence between the returns to education for these two

races, at least for levels of tertiary education.

The relationships that are revealed in the above figures highlight the value of using the semi-
parametric approach. In this way both the levels of predicted wages for the different races can be

compared, as well as the returns that are based on the common group mean.

Our analysis of the plots serves to deepen our understanding of the relationship between
education and earnings. We have corroborative evidence of the Jow returns to primary education
indicated by the zero slope of the graph for years up to 7. We see this trend persist until around
the 10 year mark. After the turning point it then appears that there is a much higher return to
tertiary levels of schooling, but that this in itself is fairly constant. These findings differ
somewhat from the parametric result that indicates returns increasing strongly from 8 or 9 years.
The semi-parametrics have revealed an important turning point. The pattern of returns to
different levels of education is found once again, to be increasing even if not as sharply for years
post 13.  We have also been able to consider the returns by race. The returns are found to be
increasing within each race group. Between races it appears that it is whites and Asians who

receive the greatest returns to tertiary education.

% The graph for whites for SALDRU93 is interesting in that there are a fair number of observations for
those with zero education, and then very few until 8 years.
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Once again the convexity of returns imply the possibility of poverty traps and persistent within
group inequality. This result has been considered by both Lam (1999) and Hertz (2001) who
assert that within-group increasing returns can be expected to lead to increased within-race
inequality. Hertz comments further that between-race inequality is likely to decrease. In the
sense that the distributions within race may become more similar even though more unequal, this
view might hold. Indeed, Moll (2000) finds a decrease in between-race earnings inequality from
1980 to 1993 but an increase in within-race inequality. The change in the pattern of inequality is
attributed to an increase in occupational mobility and the average educational attainment of
Africans as well as a decline in discrimination. The link between the change in average

educational attainment and the pattern of returns to education should, however, not be ignored.

Moll (2000) also states that from his study one cannot predict how inequality will change in the
future. It is here that the findings of our semi-parametric analysis become particularly
informative. The patterns we find by race suggest that coloureds and Africans receive lower
returns to higher education. This would in fact suggest widening inequality between the race
groups. Once discrimination is largely removed, ceterus paribus, it would be unsurprising to see
persistent or even increasing inequality between whites and Asians as a group and Africans and
coloureds as another group. This result cautions at discounting the importance of race as an
explanatory variable due to apparent declines in between race inequality. The quality of schools
and tertiary institutions, as well as occupational streaming, is still quite specific to the various
races and the effects working through the return to education could have an impact on inequality

for a long time to come.

6. Conclusion

The main objective of this paper was to ascertain with confidence, the pattern of returns to
education in South Africa. Once this is established, the implications for inequality can be more
clearly understood. Through thorough analysis of past studies and empirical modelling using
both parametric and semi-parametric techniques, we conclude that the relationship between
education and earnings in South Africa is convex with returns to schooling increasing with the
level of education attained. The discontinuity found in the leap of returns from primary to higher

education, might even be described as non-convex. Furthermore from our empirical analysis, it
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appears on a more rudimentary note that the returns to higher education for Africans and

coloureds are lower than the returns for Asians and whites.

It seems likely that this pattern of increasing returns is driven by three main factors that can be
explained in terms of the supply of low skilled workers, the demand for highly skilled workers
and the large quantity of surplus labour in the economy. The vast supply of workers with low
skills has resulted in earnings for this group being particularly meagre. This serves to drive down
the returns to primary education. On the other end of the education spectrum, the limited supply
of highly skilled workers and therefore excess demand has resulted in a particularly high skills
premium. This pushes up the returns to tertiary education. Lastly, including the unemployed in
the analysis serves to lower returns at the levels of education for which the highest proportions of
the unemployed are found. The major portion of surplus labour in the economy is found amongst
those who have relatively low levels of education, thus contributing to the pattern of increasing

returns.

The pattern of returns has implications for the incentives driving individuals’ human capital
investment decisions. Increasing returns suggest that if education was free for everyone, all
people would strive to accumulate as much as possible, so as to take advantage of higher labour
market rewards. If an individual is faced with borrowing constraints, however, he must make his
investment decision in an imperfectly functioning market. As Hertz (2001) explains, if a person
is financially constrained and knows he will not be able to afford higher education he might quite
rationally decide to drop out of schooling at a very low level, as the returns received are minimal.
The expected pattern of the distribution of education would then be bifurcated. Based on the
assumption that education maps to income, the consequent distribution of wealth would also be
expected to bifurcate and persist. This outcome suggests persistent inequality in which those with
initial wealth can invest in human capital and reap high returns whereas those who are financially
constrained and unable to borrow cannot invest, do not accumulate human capital and become
caught in a poverty trap. Such a situation relates closely to the models of multiple equlibria and
low intergenerational mobility constructed by Galor and Zeira (1993) and Bardhan and Udry
(1999) described in Section 1. The South African story is reinforced along racial lines due to

past, rather than current discrimination.

In South Africa the minimum legal requirement for school attendance is that a child must go to

school from the first day of the schoo! year in which he turns 7 to the last day of the school year
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in which he turns 15 or completes grade 9, whichever comes first (Department of Education
(1996)). Our finding of increasing returns would then indicate that one might expect a large
number of teenagers leaving school after acquiring 8 or 9 years of education or upon reaching 15.
This in fact seems to be the case as across the surveys approximately 50% of labour market
participants aged 30 or below have an educational attainment of 9 years or less indicating a fairly
high drop out rate at these levels. With secondary education highly subsidised by the state and
more freely available to all races now than in the apartheid era, we would also expect to see a
mass of people attain 12 years. Approximately 30% of those below age 31 have secondary
education {20% for PSLSD, 1993).

The implications of the above create a fairly discouraging picture in terms of labour mobility and
the persistence of inequality. The problem seems to be rooted in the exceptionally high
unemployment rates for all levels of education below tertiary, as well as the prohibitive cost of
tertiary education facing individuals with borrowing constraints. [t appears that large
interventions will be necessary to lift people out of poverty. Without good levels of economic
growth and employment creation as well as greater access to funding for tertiary education either
through borrowing or other means, it appears that the multiple equilibrium outcome and high

levels of inequality may well persist for a long time to come.
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Appendix A: Estimates of Mincerian Returns to Schooling in South African Studies

Coverage of Regression Dependent Education
Study earnings function  type variable Controls terms
Mwabu and Schultz Heckman and log gross hourly  rural dummy, experience, African
(2000) Wage earners OLS. wage experience’ Splines Male African Female White Male White Female
(PSLSD 1993) 16-65 Reported results Primary 0.084 * 0.062 * 0012 -0.034
Separate equations for OLS only as Secondary 0.158 * 0.249 * 0.084 * 0.052*
Source:Table 2 p214 for gender, race, little difference Tertiary 0.294 * 0.396 * 0.151 * 0.139*
location(not included n 9325 10473 1447 1517
here)
unemployed, race dummies, age, age’, no of Male employed Male Female Female
Rospabe (2001) Formal & informal multinomial logit employed, self- kids, urban, married, family Splines self-employed employed self-employed
(OHS 1999) 16-65 employed members’ employment status, Primary -0.022 * 0.031 -0.031 * -0.052 *
household head, distance from Secondary 0039 * 0.032 0.086 * -0.051 *
phone, province Tertiary 0.446 * 0.422 * 0.764 * 0.636 *
n 19920 18913
interval regression  log groass race, experience, experience’, Splines Males Females
(generalized tobit)  hourly earnings  tenure, tenure?, union, Primary 0.027 * 0.030 *
occupation, industrial sector, Secondary 0.091 * 0111 *
province, urban, married, Tertiary 0.176 * 0.153 *
formal sector n 9913 7651
log monthly gender, province ,sector, union, White African semi-
Bhorat (2000) Formal & informal OLS wage experience, experience’, urban,  Splines African skilled skilled skill White semi-skill
(OHS, 1995) 16-64 log hours worked per month Primary 0.037 * 0.010 0.039 * -0.074
Separate equations Secondary 0.122* -0.004 0.128 * 0.137*
for race Tertiary 0.159 * 0.256 * 0.017 -0.031
n 2663 2536 7396 3179
Michaud and log gross hourly  experience, experience?, wealth
Vencatachellum Wage earners OLS wage proxy, skilled/semi-skilled Splines African male African female
(2001) dummy, manufacturing/ Primary 0.046 * 0.013
(PSLSD 1993) tertiary/ professional sector Secondary 0.116* 0.073 *
dummy, urban, province, union  Tertiary 0.114 * 0.055
dummy n 2361 1525
Modified Stage 1: experience, experience’, wealth African male Africa male African female African female
Heckman two step  (Bivariate proxy, skilled/semi-skilled Splines non-unionised unionized non-unionised unionized
to estimate the probit model dummy, manufacturing/ Primary 0.042 * -0.007 0.013 -0.066 *
wage equation with selection tertiary/ professional sector Secondary 0114 * 0.055 * 0.052* 0.092 *
reported here to account for dummy, urban, province, union  Tertiary 0.085 * 0.182+* 0.035 0.136 *
endogenous dummy n 1571 791 1208 317
union
membership
and labour
market

participation)
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Coverage of Regression Dependent Education
Study earnings function type variable Controls terns
Bhorat & Leibbrandt  Africans only Probit participation age dummies, urban,
(2001) 16-65 household structure variables,  Splines Broad UE Narrow UE
(OHS, 1995) Marginal effects household income African male African female  African male African female
At the mean Primary 0.003 * 0.003 0.004 * 0.003
Secondary 0.005 * 0.052* 0.016* 0.057 *
Tertiary 0.003 -0.023 0016 * 0.011 *
n 15658 19548 15658 19548
Probit employment age dummies, urban, province  Splines Broad UE Narrow UE
Marginal effects African male African female African male African female
at the mean Primary -0.012 * -0.004 * -0.009 * -0.009 *
Secondary 0.010 0.036 * 0.000 -0.021 *
Tertiary 0.047 * 0.142 * 0.036 * 0.153 *
n 14203 12810 11931 9426
Formal & informal Heckman 2 step,  log gross urban, province, industrial Splines Broad UE Narrow UE
ML monthly wage sector, occupation, African male African female African male African female
’ experience, experience’, log Primary 0.035 * 0.049 * 0.036 * 0.051 *
(excluding those hours worked per month Secondary 0.109 * 0.082 * 0.108 * 0.093 *
identified as both) Tertiary 0.037 0.023 0.031 0.032*
n 14124 12723 11886 9393
Lam (1999) (doesn’t state whether OLS log gross White dummy, age, age’ Dummies Males
(OHS, 1995) formal & monthly -3 yrs -0.010
informal) earnings 4 0.050 *
Males, all races S 0.150 *
30-49 6 0.269 *
7 0.397 *
8 0571 *
9 0.733 *
10 0.968 *
11 1.041 *
12 1.484 *
>=15 1.970 *
n 10867
Moll (1996) Africans, urban,male, OLS log of gross experience, experience?, Dummies African males
(CSS/HSRC1990) non agricultural annual cash married, region dummies 0 -0.140 *
Central Statistical employees income 1-3 yrs -0.170 *
Service and Human 18-59 4 -0.110*
Sciences Research 5 -0.075 *
Council Survey 6 -0.088 *
Moll is the only author that 7_base 0
assigns a dummy to 12 years 8 0.068 *
of schooling as well as to a 9 0.120 *
diploma or degree. The 10 0210*
coefficient for higher 11 0.340 *
education in this case is 12 0.540 *
interpreted as additional to Diploma 0.330 *
the schooling increases Degree 0.480 *
n 2855
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Coverage of Regression Dependent
Study earnings function  type variable Controls Education terms
African males multinomial logit Inactive, urban, rural, single, not Formal non-
Hofimeyer (2001) Formal & informal unemployed, household head age age?, grant Dummies union Formal union
(OHS 1999) coefficients to be informal sector, support, household size, have primary -0.418 * -0.131
16 and over interpreted as odds  unregulated formal young children std8 -0.509 * -0.357*
ratios employment, formal matric 0.683 * 1.048 *
(reporting results employment non- dip (no mat) 0.161 1.088 *
for most relevant union member, dip (with mat) 0973 * 1.963 *
sectors) formal employment degree 1.001 * 1.681 *
union member*
weighted least log gross hourly urban, rural, industrial sector, Formal non-
squares wage occupation, single, not Dummies union Formal union
(wage equation) household head, experience, primary 0.175* 0.140 *
experience’, job duration, (job std8 0.326 * 0.247 *
duration)’ matric 0.507 * 0.470 *
dip (no mat) 0.486 * 0.623*
dip (with mat) 0.957 % 0.841 *
degree 1.297 * 1.006 *
n 3039 2720
Hosking (2001) Not stated OLS log earnings experience, experience’ African Coloured Indian White -
(1996 Population (gives no further Primary 038 * 0.52* 0.10* -043 *
Census) detail) Secondary 1.58 * 1.79 * 1.01 * 0.56 *
Tertiary 227* 233 % 1.58 * 0.98 *
n 446938 88442 31083 154695
All Races
Primary 0.40 *
Secondary 1.95*
Tertiary 2.52*
n 727098
Kingdon & Knight wage earners OLS log gross hourly experience, experience’, race, Allraces &
(1999) wage gender, union, urban, province, genders
(PSLSD 1993) 16-64 married, occupation, public Years of education 0.004
(doesn’t state sector, tar road dummies, broad  (Years of education)’ 0.004 *
whether formal & U°® rate per residential cluster, ( n 6498
informal) broad U° rate)?, dissatisfaction,
homeland
Erichsen & Regular wage OLS log gross monthly experience, experience’ rural, 1993 male 1995 male 1993 female 1995 female
Wakeford (2001) earning employees wage union, industnial sector, Years of education -0.004 -0.005 -0.01 0.026 *
(OHS, 1995, 16-64 occupation, province (Yeéars of education)’ 0.007 * 0.007 * 0.005 * 0.004 *
PSLSD 1993) Excludes self- n 2223 11727 1570 6396

employed

Note: * Indicates significance up to the 10% level
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Appendix B: Issues Concerning the Definition of Unemployment,

Employment and Earnings

The aim of the empirical analysis was to test the same earnings function specification across a
number of datasets and thereby to verify whether increasing returns are a robust feature of the
data.  Working with a number of datasets required a careful study of each survey’s
representativeness. It also required definitions of variables to be precise and consistent across
datasets. In this Appendix we discuss our choice of definitions used and how we tested for the

representativeness of the sample surveys.

In the econometric exercise we wished to explore the total effect of education on individuals’
economic outcomes. We therefore include the unemployed in the analysis in order to account of
how education impacts on both the probability of finding employment and on ones earnings given
one is employed. As the unemployed are included, it was necessary to define the economically
active population and therefore choose whether to use the broad or narrow definitions of
unemployment. A growing literature on the extent of ‘discouraged workers’ and the greater
suitability of using the expanded definition when examining the jobless in a South African
context informed our choice here (see Kingdon and & Knight (1999), (2000); Nattrass (2000);
Wittenberg(1999); Dinkelman & Pirouz (2002)).

Although we use a broad classification for the unemployed, we use a ‘narrow’ definition for the
employed. Income earners are restricted to formal sector full time wage employees from age 15.
The main reason for using this restricted group is that full time wage employment should
represent the least variable component in earnings. Self-employed, part-time and casual workers
will have highly variable earnings that will often be subject to a large degree of seasonality.
Inclusion of these groups will diminish the reliability of the coefficients across surveys as the
nature of these data are inherently noisy. Furthermore, there is not adequate income and
expenditure information for the self-employed in the post 1995 OHSs and the LFS, 2000. In
addition to the above, definitions of part-time, casual, seasonal and temporary work also differ

across surveys.
All individuals who were working in some form but did not fit our definition of employment are

excluded from the sample of interest. The economically active population then includes all

formal sector full time wage employees and those classified as unemployed according to the
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broad definition of unemployment thereby including discouraged workerseekers, that is, those

who indicate they would like to work even if they are not actively seeking employment.

Once the appropriate definitions of the relevant variables had been established, it was necessary
to deal with two particular problems concerning the income variable. The first problem is that of
missing values. Owing to the private nature of individual earnings, this variable reflected the
highest level of non-response. Following Hertz (2001) these respondents are simply excluded

from our estimates. 2’

The second problem arises in the Statistics South Africa surveys in which respondents were given
the option of reporting their actual earnings or alternatively, earnings categories. Percentage-
wise, the number who reported their actual or point income in 1997, 1998 and 1999 is relatively
low. It was therefore necessary to ascertain whether reporting of point as opposed to interval data
was random. If this was the case, we could exclude those with interval data from our estimations.
If, however, there was some systematic process at work that resulted in a bias in the distribution
of point income reported as opposed to interval, one could not use only the point data as
assumptions of log normality of the distributions would be violated. Moreover, ordinary least
squares regressions cannot be run on midpoints of interval data as the data is count, not
continuous. We explain and demonstrate below how we tested for randomness of reported point

income in each of the OHS datasets.

The samples of interest are all those classified as employed according to our definition, who have
reported income, either as an actual amount or as falling into a specified earnings bracket. The
first step was to create an income category variable that reflected the appropriate income interval
for all individuals under consideration. Step two involved simulating point data for each earnings
category assuming random sampling with replacement and a uniform distribution within the
categories. The next step was to construct a density plot for the simulated point data so that we
could visualize the income distribution of the entire sample. We then generated a new variable
that reflected intervals for those cases where only point data was reported and repeat the
simulation process on this variable. Finally density plots using midpoint data for the full set of

income categories as well as for just those who reported point data were also constructed. The

2" Using the PSLD 1993 Hertz(2001) compares the distribution of education across those who have not
reported an income with those who have reported an income and finds them extremely similar. This infers
that the incidence of earnings non-reporting is independent of a respondent’s schooling level. The random
nature of non-reporting then means that the missing values can be excluded without biasing our results.
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aim of constructing the various plots was to develop a representative distribution and then to
compare this with the other various earnings distribution plots to ascertain if the point data we
have appears random and can be used in estimation techniques to produce unbiased estimates.

Figure 4 in which the histograms are kernel density estimates integrated to 1, shows the results.

Figure 4: Testing the representativeness of differently reported income measures in the October Household Surveys
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Source: Keswell and Poswell (2002)

Notes:

The figures are density plots of reported and simulated data used to test the randomness of reporting income either as an
actual figure or according to an income category. All histograms are kernel density estimates integrated to one.
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We start by comparing the density plots for those who reported point income, with the simulated
data from constructed income categories for this exact group of respondents, to examine how well
our simulation rule replicates the true distribution. We see that for 1995 and 1997 the density of
the actual point data exceeds that of the simulated point data indicating slightly more variation in
the log of wages for the simulated case. The reverse is true, however, for 1998 and 1999 with the
reported data having the flatter distribution. These simulated plots, however, lie fairly closely to

the reported data plots indicating a reasonably representative simulation.

Across surveys, the density plot that diverges most from the plot of actual reported data is the
graph constructed from interval midpoints for all individuals. This is most apparent for the 1995
OHS where we see the midpoint line is rather arbitrary and has quite obviously over-sampled
wealthier individuals in its assigning observations to the middie of each relevant category. The
reason the OHS, 1995 result is so pronounced is rooted in the questionnaire design for this year.
The choice of income categories in 1995 differs from the other years in that the lowest category
was a rather large R1-R999 (per week, month or year) whereas in subsequent years this income
range was broken down into 3 smaller categories which allows for better approximation of the
actual data, especially in a country such as South Africa where such a large proportion of the
population are low earners. It can be seen quite clearly from our graphs that using midpoint data

will not yield unbiased results.

Finally we compare the density plot derived from simulated point data across the income intervals
covering all reported earnings with the plot for which only point data is reported. We see for
1995, 1998 and 1999 that the plot for point data lies slightly to the left of that for the entire
sample. This would seem to indicate that there is slightly lower response of actual income
information for those in the higher income brackets. We can also see that for 1995, 1997 and
1999 the wage dispersion is not as great for the reported data as it is for the entire simulated
sample and that in the reported point data we appear to have undersampling of the poor and

oversampling of the middle classes.

The differences for 1995, 1997 and 1998 however, appear small and we are therefore satisfied
that for the purposes of our investigation that the point data is (surprisingly) representative of the
entire sample. From this evidence we then decide to reduce our samples in the OHS surveys to

include only those who have reported point income. We acknowledge that this will raise the
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sample “unemployment rate” above the actual unemployment rate for each year. The
randomness of the point income reported, however, should mean that no large bias is introduced.
OHS, 1999 reveals the most severe difference between the reported point and interval income
data and seemingly the highest probability that estimates based on this data will be biased. This
is a key reason for excluding the survey and results from our analysis here. We also then exclude
OHS, 1998 partially as it too has a large percentage of non-response but more importantly as
LFS, 2000 is actually based on the same major sample but has better captured point earnings

reported.



Appendix C: Issues concerning censoring bias
Simple Mincerian returns to education are generally calculated using ordinary least squares

regressions run for all those with positive earnings in the relevant sample. This, however, can be
problematic. Random samples of a population of interest are likely to include both earners and
non-earners. Excluding non-earners from the regression means that the sample is no longer
randomly selected and OLS results will not be truly representative of the population. (Breen
(1996: 2)) Furthermore, the results will be biased for statistical reasons that are elaborated on
below. Essentially we have a sample selection problem in that we have the right hand side
variables for all individuals sampled, but either a zero for those who are unemployed or positive
income for those who are employed. That is, one can only earn an income, given one is

employed. Our dependent variable is therefore truncated from below at zero.

.)/YI :x:ﬁ+ﬂl (1)

the estimates of / are the BLUE if the assumptions of E(x) = 0 and E(u,) = 0 if i = hold or
equivalently if z,~ IN(0,0”). 1f either of these assumptions is violated, then estimates of £ will be

biased.
When using OLS as an estimation technique, one has the choice of running the regression on the
sub-sample of the employed only or of running it on the full sample (that is, including both the

employed and the unemployed).

If the first option is chosen and only those who report positive earnings are included (thereby

creating a truncated sample) y, is observed only if y,> 0. Specifically,
y, =X+ u, only if y,> 0 (1a)

Estimating such a model requires one to take conditional expectations according to the formula
for the expected value of a random variable y; conditional on x, and censored at ¢ (in this case

c=0). The formula is shown in equation 2 below.

E(y,

x)=pr(y, >0[x)E(y, |y, >0,x,) (2)



Now y, > ¢ implies that

P, +p, >0 or oy, >—px, (3)

so to estimate the first part of the equation 2, or pr(y, > 0] x,), we must find

priu,> -xi'f) = pr(ui < xi'f) 4)

The solution is to find the probability of the random variable g, that is assumed normally
distributed with mean zero {E(x,) = 0}and constant variance ,o°. The answer can then be found

by applying the formula for the cumulative standard normal distribution function given in

equation 5 below.

xf
X’IB g ] s
O, =P(——)= —e 2 dt (5)
o _;[ N2
To estimate the second part of the equation we need to find £(y, |y, >0.x,):
Now
EO"! : > 0, Xy = x,/ﬂ+ E(y, ' M= 'xlﬂ (6)

To estimate such an equation using normal OLS, it is required that

E(/l: ’ > 'xt:@:O (7)

However, it is already assumed that the unconditional expected value of y is zero {E(u) = 0} so
clearly the conditional expected value of & {E(w | ¢ > - fx;)} cannot also equal zero. [t is
apparent that in this case two assumptions for unbiased OLS estimate of f are violated, namely
that the expected value of y is zero and that x and x are not correlated. (Maddala (1999:2);
Breen (1996:26))
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Developing the model more fully shows why running OLS on all the observations will also vield

biased results:

To get an unbiased estimate of E(x, | i > -x;), it is necessary to use the statistical result that

gives the expected value of a truncated normally distributed random variable as shown below.

;! 1 e
%f_] - e S 20 (8)

NGy

where ¢, is the standard normal density function evaluated at x, /o

o=

The solution to equation 7 then includes the evaluation of the standard normal distribution

function and the standard normal density function at x, 5/c

, ¢
E(u, ~xf)=0-—- 9
(u, |u, >-x'p) O'(D (9)

I

Now to estimate the complete model

E(y, |x)y=pr(y, >0[x)E(y, |y, >0,x,)

equations 5 and 9 are combined to get

D,

From equation 10 it can be seen why running OLS on all observations will also lead to biased
results. This is because in order to get an unbiased estimate of /it is necessary that @, = [ and
therefore,e that ¢, = 0 (ie none of the observations in the sample be censored). But, the sample is

censored so this is clearly problematic and the OLS estimates will be biased. (Breen (1996:25))



Appendix D: Further Estimates

Table 10: Marginal Effects for OLS and Tobit Estimators (at the mean) for Specifications 2 to 9

OLS93 Tobit93 OLS95 Tobit93 0LS97 Tobit97 OLS00 Tobit00
Specification 2
Constant 4524 % 8573 * -4.591 * -8.390 * -4.160 * -8 449 * 6291 * 11727 *
(0.316) (0.376) (0.178) (0.218) (0.202) (0.236) (0.183) (0.220)
Age 0.340 * 0.409 * 0.336 * 0411 * 0.292 * 0.367 * 0.393* 0513 %
(0.018) (0.021) (0.009) (0.011) (0.011) (0.013) (0.010) (0.011)
Age squared -0.003 * -0.004 * -0.003 * -0.004 * -0.002 * -0.003 * -0.003 * -0.005 *
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Education in vears 0273 % 0270 * -0.210* 0218 * 0.177* 0179 * -0.206 * 0192 %
(0.029) (0.032) (0.015) (0.018) (0.016) (0.017) (0.018) (0.019)
(Education in vears) 0.039 * 0.037 * 0.034 * 0.034 * 0.026 * 0.025* 0.028* 0.025*
(0.002) (0.002) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
sigma 3.161 3.181 3.282 3287
R’ 0.196 0.206 0.136 0.207
Specification 3
Constant 4731 % 8731 * -4.704 * -8.475 * 4238 % -8.481 * -6.490 * 11778 %
(0.318) (0.378) (0.178) (0.218) (0.202) (0.236) (0.184) (0.219)
Age 0.340 * 0.412* 0.332* 0407 * 0.286 * 0.361* 0.384 * 0.504 *
(0.018) 0.021) (0.009) (0.011) (0.011) (0.013) (0.010) (0.011)
Age squared -0.003 * -0.004 * -0.003 * -0.004 * -0.002 * -0.003 * -0.003 * -0 003 *
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Education in vears 0.098 -0.064 0.122 * 0.065 ** 0218 * 0.127* 0300 * 0146 *
(0.062) (0.071) (0.033) (0.039) (0.034) (0.038) (0.036) (0.039)
(Education 1n vears)® -0.035 % -0.003 -0.029 # -0.019* -0.052* -0.035 * -0.063 * -0.035*
(0.011) (0.013) (0.006) (0.007) (0.006) (0.007) (0.006) (0.006)
(Education in vears)’ 0.004 * 0002 * 0.003 * 0.003 * 0.004 * 0003 * 0.004 * 0.003 *
(0.001) 0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0 000)
sigma 3.152 3.174 3.273 3273
R® 0.201 0.209 0.140 0214
Specification 4
Constant 23498 * -7.280 * -3.043 % 6501 * -1.804 * 5514+ -3.600* -8.305 *
(0292) (0.356) (0.165) (0.208) (0178) (0217) (0.163) (0.202)
Age 0.266 * 0334* 0243 % 0.308 * 0.167* 0225* 0242 % 0.344 %
(0.016) (0.020) (0.009) (0.011) (0.010) (0.012) (6.008) (0.010)
Age squared -0.003 * -0.003 * -0.002 * -0.003 * -0.00] * -0.002 * -0.002* -0.003 *
{0.000) (0.000) (0.000) (0.000) (0.000) (0.000) {0.000) (0 000)
Education in vears 0.084 -0.074 0.123 % 0.074 ** 0.127* 0.066 ** 0180 * 0.080 **
(0.057) (0.067) (0.031) (0.037) (0.030) (0.034) (0.031) (0.033)
(Education in years)* -0.040 * 0011 0.037% -0.030 * -0.039 % -0.030 * -0.045 * -0.028 *
(6.010) (0.012) (0.005) (0.006) (0.005) (0.006) (0.003) (0.006)
(Education in vears)' 0.004 * 0.002 * 0.003 * 0.003 * 0.003 * 0.002 * 0003 * 0.002 *
(0.000) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Union 3.726 * 3422 % 3241 % 3310 * 4420 * 3.823 % 4474 % 3675 %
(0.091) (0.099) (0.043) (0.051) (0.045) (0.050) (0.046) (0.050)
sigma 2879 2.927 2860 2847
R: 0.333 0.327 0.343 0.405
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OLS93 Tobit93 OLS95 Tobit9s 01897 Tobit97 OLSoo Tobit00
Specification 5
Constant -3.249 * -7.004 * -2.399 * -5.714 % -1.516* -5.165 % -3.302 % -8.005 *
(0.291) (0.355) (0.161) (0.205) (0.176) (0.214) (0.162) (0.201)
Age 0272 * 0.338* 0.247* 0.312* 0.179 * 0.237* 0248 * 0.352+*
(0.016) (0.020) (0.008) 0.011) (0.010) (0.012) (0.008) (0.010)
Age Squared -0.003 * -0.003 * -0.002 * -0.003 * -0.001 * -0.002 * -0.002 * -0.003 *
(0.000) (0.000) (0.000) (0.000) (0.000) {0.000) (0.000) (0.000)
Female -0.649 * -0.686 * -1.459* -1.817* -0.939 * -1.035* -0.758 * -0.849 *
(0.063) (0.074) (0.033) (0.041) (0.032) (0.038) (0.033) (0.039)
Education in years 0.061 -0.096 0.080 * 0.020 0.109 * 0.048 ** 0.167* 0.069 **
(0.056) (0.066) (0.030) (0.037) (0.029) (0.034) (0.031) (0.035)
(Education in years)® -0.035 * -0.006 -0.027 * -0.017* -0.035* -0.026 * -0.043 * -0.026 *
(0.010) (0.012) (0.005) (0.006) (0.003) (0.006) (0.005) (0.006)
(Education in vears)? 0.004 * 0.002 * 0.003 * 0.002 * 0.003 * 0.002 * 0003 * 0.002 *
(0.000) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) {0.000)
Union 3.623 % 3316* 3021+ 3068* 4247 * 3.637* 4327* 3509 +*
(0.091) (0.099) (0.042) (0.050) (0.045) (0.050) (0.046) (0 050)
sigma 2.861 2.839 2823 2.823
R 0.341 0367 0.361 0416
Specification 6
Constant 0459 -3.571 * 0.237 -3.025* 0.589 * -3.437* -0.457 * -5.497 *
(0.300) (0.368) (0.164) (0211 (0.189) (0.227) (0.173) (0.213)
Age 02354 * 0.320* 0.253 % 0.321* 0.206 * 0.269 * 0250 * 0353 *
(0.015) (0.019) (0.008) (0.010) (0.009) (0.011) (0.008) (0.010)
Age Squared -0.003 * -0.003 * -0.002 * -0.003 * -0.002 * -0.003 * -0.002 * -0.003 *
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0 000)
Female -0.630 * -0.683 * -1.385* -1.746 * -0.859 * -0.952* -0.712* -0.801 *
(0.059) (0.071) (0.031) (0.039) (0.031) (0.037) (0.032) (0.038)
African -3.406 * -3.029* 2710 2782 % -2.707 * 2427 % -2.870* 22495 %
(0.111) (0.124) (0.054) (0.064) (0.081) (0.088) (0.071) (0.077)
Coloured -1.918 * -1.419* -1.341 * -1.119* -0.961 * -0.506 * -1279* -0.744 *
(0.139) (0.156) (0.064) (0.077) (0.089) (0.097) (0.082) (0 089)
Asian -1.388 * -1.047* -0.583 * -0.460 * -0.846 * -0.561 * -0.848 * -0.572 %
(0.181) (0.199) (0.091) (0.108) (0.137) (0.148) (0.125) (0.134)
Education in vears 0.063 -0.052 0.095 * 0.052 0.069 ** 0.013 0.118* 0.038
(0.053) (0.064) (0.028) (0.035) (0.028) (0.033) (0.029) (0.034)
(Education in vears)® -0.030* -0.011 -0.034 * -0.029 * -0.030 * -0.022 * -0.036 * -0.022 %
(0.010) (0.011) (0.0035) (0.006) (0.005) (0.006) (0.0035) (0.003)
(Education in years)’ 0.003 * 0.002 * 0.003 * 0.003 * 0.002 * 0.002 * 0002 * 0.002 *
(0.000) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0 000)
Union 3441 % 3.149* 3.107* 3201+ 4144 * 3543 % 4341 % 3546 *
(0.087) (0.096) (0.040) (0.048) (0.043) (0.048) (0 044) (0.048)
sigma 2689 2.697 2711 2.703
R 0418 0.429 0.410 0.464
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OLS93 Tobit93 OLS95 Tobit95 OLS97 Tobit97 OLS00 Tobit00
Specification 7
Constant 1.393* -2.671 % 0.179 -3.469 * 0.962 * -3.123 % -0.387 -3.395 %
(0.415) (0.515) (0.242) (0318) (0.260) (0317) (0.286) (0.356)
Age 0.218* 0.288 * 0.249 * 0.330* 0.185* 02352 * 0.244 * 0351+
(0.018) (0.022 (0.010) (0.013) (0.011) (0.013) {0.010) {0.013)
Age Squared -0.002 * -0.003 * -0.002 * -0.003 * -0.002 * -0.002 * -0.002 * -0.003 *
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Female -0.622* -0.687 * -1.388 * -1.753 % -0.855* -0.949 * -0.711* -0.800 *
(0.059) (0.071) (0.031) (0.039) (0.031) (0.037) (0.032) (0.038)
African -3.317% -3.007 * -2.661 * 27710 % -2.588 * -2.338* -2.798 * -2479%
(0.112) (0.125) (0.054) (0.063) (0.081) (0.088) (0.072) (0.077)
Coloured -1.836* -1.401 * -1.290 * -1.106 * -0.844 * -0437* -1.210% -0.730 *
(0.140) (0.157) (0.065) (0.078) (0.090) (0.097) (0.083) (0.089)
Asian -1.322%* -1.060 * -0.542 * -0.462 * -0.734 * -0.499 * -0.802 * -0.577*
(0.182) (0.200) (0.091) (0.109) (0.137) (0.149) (0.125) (0.134)
Education in years 0.176 -0.063 0.831 * 0.927* 0.574* 0.636* 0.482* 0.445*
(0.171) (0212) (0.097) (0.126) (0.102) (0.122) (0.106) (0.130)
(Education 1n vears)® -0.081 % -0.050 0.186* 0211 -0.133* -0.155%* 0105 * -0.106 *
(0.031) (0.038) (0.017) (0.021) (0.018) (0.022) (0017) (0.020)
(Education in years)’ 0.005 * 0.005 ** 0.010* 0.012* 0.007 * 0.008 * 0.005 * 0.006 *
(0.002) (0.002) (0.001) (0.001) (0.001) (0.001) {6.001) {0.001)
Age* Education -0.005 0.000 -0.020 * -0.023 * -0.015* -0.018 * -0.011 * -0.010*
(0.005) (0.006) (0.002) (0.003) (0.003) (0.003) (0.003) (0.003)
Age* Education” 0.002 ** 0.001 0.004 * 0.005 * 0.003 * 0.004 * 0.002 * 0.002 *
(0.001) (0.001) (0.000) (0.001) (0.000) (0.001) (0.000) (0.001)
Age* Education’ 0.000 ** 0.000 ** 0.000 * 0.000 * 0.000 * 0000 * 0.000 * 0.000 *
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0 000)
Union 3.424* 3.137* 3.095* 3.189* 4108 * 3523 * 4322 % 3.543 ¢
(0.087) (0.096) (0.040) (0.048) (0.043) (0 048) (0.044) (0.048)
sigma 2.686 2.692 2.706 2701
R’ 0.420 0431 0413 0.463
Specification 8
Constant -4.224% -8.047 * -3393* -6.827 * -1973* -5.6352%* -4 033 % -8.788 *
(0.294) (0.357) (0.161) (0.203) (0.175) (0.213) (0.158) (0.197)
Age 0271 % 0334 * 0.251 % 0314 * 0.181 * 0.238 * 0.255* 0.358*
(0.017) (0.020) (0.009) (0.011) (0.010) (0.012) (0.008) (0.010)
Age Squared -0.003 * -0.003 * -0.002 * -0.003 * -0.001 * -0 002 * -0.002 * -0.003 *
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Female -0.678* -0.709 * -1.468 * -1.824 % -0.940 * -1.034 * -0.745 * -0.834 *
(0.064) (0.076) (0.033) (0.041) (0.033 (0.039) (0.033) (0 039)
Education in years 0.206 * 0.196 * 0.220 * 0231 % 0.087 * 0.070 * 0.118* 0.103 *
(0.008) (0.010) (0.004) (0.003) (0.004) (0.005) (0.005) (0.005)
Union 3.606 * 3284 % 3.042* 3.069 * 4.331* 3704 * 4431 * 3.585*
(0.093) (0.101) (0.043) (0.050) (0.043) (0.050) (0 046) (0050)
sigma 2944 2.898 2.845 2.853
R* 0.303 0.341 0.350 0.403
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OLS93 Tobit93 OLS95 Tobit93 OLS97 Tobit97 OLS00 Tobit00
Specification 9
Constant 0.484 3635 % -0.0853 23460 * 0.525* 3557 -0 744 * -5.843 *
(0.301) (0.370) (0.165) (0.211) (0.189) (0.227) (0.171) (0211)
Age 0.253* 0316 * 0256 * 0323 % 0.207 * 0270 * 0256 * 0.357*
(0.015) (0.019) (0.008) (0.010) (0.009) (0.011) (0.008) (0.010)
Age Squared -0.002 * -0.003 * -0.002 * -0.003 * -0.002 * -0.003 * -0.002 * -0.003 *
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Female -0.641 * -0.690 * -1.389* -1.748 * -0.858 * 0.947 # -0.700 * -0.786 *
(0.060) (0.072) (0.031) (0.040) (0.031) (0.037) (0.032) (0.038)
African -3.868 * -3.456 % 3015+ 23077 * 2987 % -2.684 * 23106 * 22695 %
(0.106) (0.119) (0.053) (0.064) (0.080) (0.087) (0.071) (0.076)
Coloured 2457 % -1922 % S1725% -1.501 * 21294+ 0.813* -1.550 * 0.975*
(0.135) (0.150) (0.064) (0.076) (0.088) (0.095) (0.082) (0.088)
Asian -1.635* -1.268 % -0.777 * -0.654 * -1.051* -0.750 * -0.979 * -0.682 %
(0.182) (0.199) (0.092) (0.109) (0.137) (0.149) (0.126) (0.134)
Education in years 0.088 * 0.075 * 0.119* 0.120 * 0.046 * 0028 * 0062 * 0.046 *
(0.008) (0.010) (0.004) (0.006) (0.004) (0.003) (0.005) (0.003)
Union 3.442 % 3.144 % 3.132%* 3212% 4217% 3605 * 4426 % 3611 *
(0.088) (0.097) (0.041) (0.048) (0.043) (0.048) (0.044) (0.049)
sigma 2717 2733 2.727 2721
R? 0.406 0.414 0.403 0457
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Table 11: Tobit Index Values for Specifications 1 to 10

Tobit Index 93

Tobit Index 95

Tobit Index 97

Tobit Index 060

Specification 1

Constant

Age

Age squared
Education in years
Sigma

Log Likelthood

n

Specification 2
Constant

Age

Age squared
Education in vears
Sigma

Log Likelihood

Sepcification 3
Constant

Age

Age squared
Education in vears
(Education in years )"
(Education in years)’

sigma

Log Likelihood

14990 *
(0.685)
0.716 %
(0.037)
-0.007 *
(0.000)
0472 %
(0.056)
0.065 *
(0.004)
-16241.36
8487

17155 *
(0.698)
0.716 *
(0.038)
-0.007 *
(0.000)
0.409 *
(0.018)
5.823%
(0.073)
-16352.61

15250 *
(0.688)
0.719*
(0.037)
0.007 *
(0.000)
0112
(0.124)
0.006
(0.022)
0.003 *
(0.001)
5.681*
(0.071)
-16217.11

-11.804 *
(0.314)
0.579 *
(0.016)
-0.005 *
(0.000)
10306 *
(0.026)
0.048 *
(0.002)
67671.51
31777

13.568 *
(0.314)
0579 *
(0.016)
-0.005 *
(0.000)
0.375*
(0.008)
5.064 *
(0.029)
-68045.15

11914 *
(0.313)
0.572 *
(0.016)
-0.005 *
(0.000)
0.092 *
(0.055)
-0.027*
(0.009)
0.004 *
(0.000)
4.974 *
(0.029)
-67638.60

-15.909 *
(0.460)
0.690 *
(0.024)
-0.006 *
(0.000)
0337+
(0033)
0.046 *
(0.002)
-38086.88
30936

17344 %
(0.460)
0.691 *
(0.024)
-0.006 *
(0.000)
0.287 *
(0.010)
6.271 *
(0.043)
-58284.30

15.953 *
(0.4359)
0.679 *
(0.024)
-0.006 *
(0.000)
0239 *
(0.071)
-0.066 *
(0.012)
0.005 *
(0.001)
6.195 *
(0.042)
-58044 .87

22,829 *
(0.458)
0.999 *
(0.023)
0.009 *
(0.000)
0375+
(0.037)
0.049 *
(0.002)
-54501.75
29949

25104 *
(0.453)
1.008 *
(0.023)
-0.009 *
(0.000)
0.354%
(0.011)
6.326 *
(0.044)
5471222

S22883 %
(0.456)
0980 *
(0.022)
-0.009 *
(0.000)
0283 *
(0.075)
-0 068 *
(0.012)
0.005 *
(0.001)
6.234 *
(0.044)
-54451.89
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Tobit Index 93

Tobit Index 95

Tobit Index 97

Tobit Index 00

Sepcification 4

Constant

Age

Age squared
Education in vears
(Education in years)2
(Education in years)3
Union

sigma

Log Likelihood

Sepcification 5
Constant

Age

Age Squared

Female

Education 1n years
(Education in years)”
(Education in years)’
Union

sigma

Log Likelihood

12357 %
(0.627)
0.566 *
(0.034)
-0.006 *
(0.600)
0.126
(0.113)
0.018
(0.020)
0.004 *
(0.001)
5.809 *
(0.169)
5.152%
(0.064)
-15630.18

11864 *
(0.624)
0.573*
(0.033)
-0.006 *
(0.000)
-1.162
(0.126)
0162
(0.112)
0010
(0.020)
0.004 *
(0.001)
5618%
(0.168)
S113%
(0.064)
-15587.65

-8.873*
(0.290)
0421 *
(0.015)
-0.004 *
(0.000)
0.101 **
(0.051)
-0.041 *
(0.009)
0.004 *
(0.000)
4518*
(0.069)
43573 %
(0.026)
-65577.12

7719 %
(0.281)
0.422 %
(0.014)
-0.004 *
(0.000)
2,455
(0.055)
0.027
(0.050)
0023 *
(0.008)
0.003 *
(0.000)
4145
(0.067)
4411 *
(0.025)
6459638

9.953 *
(0.400)
0.406 *
(0.021)
-0.004 *
(0.000)
0.120 **
(0.062)
-0.054 *
0.011)
0.004 =
(0.001)
6.900 *
(0.090)
5377*
{0.037)
5514201

-9294 *
(0.394)
0.426*
(0.021)
-0.004 *
(0.000)
-1.863 *
(0.069)
0.087
(0.061)
-0.046 *
Q011
0.004 *
(0.001)
6.545*
(0.089)
5287*
(0.036)
-34778.97

-15384 %
(0.394)
0.637*
(0.019)
-0.006 *
(0.000)
0.148 **
(0.066)
-0.052*
(0.010)
0.004 *
{0.000)
6807 *
(0.091)
5.399*
(0.038)
-51741.25

-14.805 *
(0.390)
0.650 *
(0.019)
-0.006 *
(0.000)
-1.571*
(0.072)
0.128 **
(0.065)
-0.048 *
(0.010)
0.004 *
(0.000)
6490 *
(0.091)
5337*
(0.037)
-51504.35
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Tobit Index 93 Tobit Index 95 Tobit Index 97 Tobit Index 00
Sepcification 6
Constant -5915* -4.008 * -6.123 * -10.044 *
(0.620) (0.281) (0.409) (0.400)
Age 0.530* 0.425* 0478 * 0.644 *
(0.031) (0.014) (0.020) (0.019)
Age Squared -0.005 * -0.004 * -0.005 * -0.006 *
(0.000) (0.000) (0.000) (0.000)
Female -1131 2314+ -1.695 * -1.463 *
(0.119) (0.053) (0.066) (0.069)
African -5.017* -3.686* -4.325* -4.558*
(0.2035) (0.085) (0.156) (0.140)
Coloured -2.3350* -1.483* -0.902 * -1.360*
(0.257) (0.103) (0.172) (0.162)
Asian -1.733* -0.609 * -1.000 * -1.045*
(0.329) (0.144) (0.264) (0.244)
Education in vears -0.086 0.068 0.024 0.069
(0.105) (0.047y (0.058) (0.062)
(Education in years)* -0.018 -0.038 * -0.039 * -0.04] *
(0.019) (0.008) (0.010) (0.010)
(Education in vears)’ 0.003 * 0.003 * 0.003 * 0.003 *
(0.001) (0.000) (0.000) (0.000)
Union 5216* 4242 * 6313 * 6.479 *
(0.160) (0.064) (0.083) (0.087)
sigma 4786 * 4176 * 5039 * 5.072%
(0.060) (0.024) (0.034) (0.035)
Log Likelihood -15224.57 -63297.41 -53717.50 -50496.54




Tobit Index 93 Tobit Index 95 Tobit Index 97 Tobit Index 00
Sepcification 7
Constant -4.424 * -4.594 * -53561* -10.224 *
(0.859) (0.567) (0.639)
Age 0.477* 0.438 * 0.448 * 0642 *
(0.037) (0.017y (0.024) (0.024)
Age Squared -0.005 * -0.004 * -0.004 * -0.006 *
(0.000) (0.000) (0.000) (0.000)
Female -1.137 * -2.322 % -1.691* -1.461 *
(0.119) (0.053) (0.066) (0.069)
African -4.981 * 3671 * -4.199 * -4.530 *
(0.207) (0.086) (6.137) (0.141)
Coloured -2.320 % -1.465* -0.778 * -1.333 %
(0.259) (0.103) (0.173) (0.163)
Asian -1.756 * -0.612 * -0.888 * -1.054 *
(0331 (0.144) (0.265) (0.245)
Education in years -0.104 1228 % 1133 * 0.812*
(0.351) (0.166) (0.218) (0.238)
(Education in years)” -0.083 -0.279 * -0.276 * <0195+
(0.064) (0.028) (0.038) (0.037)
(Education in years)® 0.008 * 0.016* 0.015%* 0011 *
(0.003) (0.001) (0.002) (0.002
Age* Education -0.001 -0.031 * -0.031 * -0.019*
(0.009) (0.004) (0.006) (0.006)
Age* Education’ 0.002 0.006 * 0.007 * 0.004 *
{(0.002) (0.001) (0.001) (0.001)
Age* Education® 0 000 *** 0.000 * 0.000 * 0.000 *
(0.000) (0.000) (0.000) (0.000)
Union 5.196 * 4224 % 6273 % 6.474 *
(0.160) (0.064) (0.085) (0.087)
sigma 4,782 * 4.169 * 5.031* 5.070 *
(0.060) (0.024) (0.034) (0.035)
Log Likelhihood -15217.66 -63246.37 -53684.10 -30483.62
Sepcification § -13.764 * -9.296 * -10.199 * -16315*
Constant (0.636) (0.282) (0.393) (0.386)
0.571 * 0428 * 0.430* 0.664 *
Age (0.034) (0.015) (0.021) {0.020)
-0.006 * -0.004 * -0.004 * -0.006 *
Age Squared (0.000) (0.000) (0.000) (0.000)
-1213 % -2.483 * -1.865* -1.547*
Female (0.130) (0.057) (0.070) (0.073)
0.335* 0315* 0.126* 0191 *
Education in vears (0.017) (0.007) (0.009) (0.010)
5.617* 4178 * 6.684 * 6.656 *
Union (0.173) (0.069) (0.090) (0.092)
5271 * 4.504 * 5334% 5397 *
sigma (0.066) (0.026) (0.036) (0.038)
LL -15752.30 -65063.18 -54946.02 -51697.78




Tobit Index 93 Tobit Index 95 Tobit Index 97 Tobit Index 60
Sepcification 9
Constant -6.043 * -4.609 * -6.350* -10.703 *
(0.626) (0.284) 0.411) (0.400)
Age 0.525* 0.431* 0.482* 0.654 *
(0.032) (0.014) (0.020) (0.019)
Age Squared -0.005 * -0.004 * -0.005 * -0.006 *
(0.000) (0.000) (0.000) (0.000)
Female -1.148* -2.328* -1.690* -1.439*
(0.120) (0.053) (0.067) (0.070)
African -5.745* -4.098 * -4.793 * -4 937 %
(0.198) (0.085) (0.155) (0.139)
Coloured -3.195* -2.000 * -14s51* -1.786 *
(0.249) (0.102) (0.170) (0.161)
Asian -2.109 * -0.871 * -1.340* -1.249 *
(0.331) (0.145) (0.265) (0.246)
Education in vears 0.125* 0.160 * 0.050* 0.084 *
(0.017) (0.007) (0.009) (0.010)
Union 5227* 4278 * 6.437* 6.615*
(0.161) (0.065) (0.085) (0.087)
sigma 4.841 * 4234 % 5.074* 5110*
(0.060) (0.024) (0.034) (0.036)
Log Likelihood -15285.67 -63606.96 -53846.71 -50621.21
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Sepcification 10
Constant

Age

Age Squared
Female

African

Coloured

Asian

Education in years
(Education in years)*
(Education in )'ears)3
Age* Education
Age* Education”
Age* Education’
Union

Western Cape
Eastern Cape
Northern Cape

Free State
KwaZulu-Natal
Northwest Province
Mpumulanga
Northern Province
Sigma

Log Likelihood

4828%
(0.847)
0453
(0.036)
-0.005 *
(0.000)
0.952%
(0.116)
4,681 *
(0.208)
2,709 *
(0.285)
-0.889 *
(0.348)
-0.108
(0.342)
-0.082
(0.062)
0.008 *
(0.003)
0.001
(0.009)
0.002
(0.002)
0.000 **
{0.000)
4794 *
(0.155)
1.866 *
(0.259)
-0.922
(0.235)
0.079
(0.503)
3,100 %
(©.417)
-0.094
{0.208)
2.034 %
(0.223)
2270 *
(0.224)
0.191
(0.237)
4625%
(0.058)
-14985.02

-4.012 *
(0.426)
0433 *
0.017)
-0.004 *
(0.000)
2266 *
(0.052)
3396 *
(0.087)
1425 %
(0.108)
-0.573 %
(0.147)
1227+
(0.165)
0284 *
(0.028)
0.016*
(0.001)
20031 *
(0.004)
0.007 *
(0.001)
0.000 *
(0.000)
4.147%
(0.063)
0.023
(0.109)
1691 *
(0.095)
0790 *
(0.147)
0114
(0.103)
0523 *
(0.090)
0341 *
(0.110)
-0.536 %
(0.106)
1420 %
(0.118)
4128 *
(0.024)
62975.37

5441 %
(0.567)
0424 *
(0.023)
-0.004 %
(0.000)
-1.631 %
(0.065)
3591 %
(0.158)
-1.396*
(0.184)
0.335
(0.269)
1.057
(0.215)
L0267 *
(0.038)
0014 *
(0.002)
-0.030*
(0.005)
0.007 *
(0.001)
0.000 *
(0.000)
6.110*
(0.083)
1,676
{0.147)
1812%
(0.135)
0.922*
0.177)
1.038
(0.129)
1,194 %
(0.118)
0.117
(0 127)
0.752 *
(0.132)
0112
0.137)
4.942 %
(0.033)

-53247.25

Tobit Index 00

-9.466 *
(0.662)
0.629 *
(0.024)
-0.006 *
(0.000)
1384 %
(0.069)
-4.093 *
(0.143)
1912%
(0.176)
0.667 *
(0.252)
0.806 *
(0.236)
-0.195*
(0.037)
0.011 *
(0.002)
-0.020 %
{0.006)
0.004 *
(0.001)
0.000 *
(0.000)
6.469 *
(0.087)
0.718 *
(0.151)
2.036*
(0.134)
0.151
{0.180)
0.532*
(0.138)
0.826 *
(0.118)
-0.774 *
(0.128)
-1.090 *
(0.143)
1728 %
(0.140)
5017 *






