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Abstract 

Apartheid polices in South Africa ensured that whites received more and better quality education 

than Africans.  It is hence conceivable, consistent with human capital theory, that whites would 

have a higher return to measured skills and higher dispersion of unmeasured skills (residual 

wage dispersion).  We test this hypothesis using the September 2005 Labor Force Survey.  Our 

findings are consistent with the theory: whites have higher returns to measured skills as well as 

higher dispersion of unmeasured skills.  We find that the latter is attributed to higher returns to 

unmeasured skills and contend the higher returns to unmeasured skills for white workers stems 

from higher returns to their measured skills, driven by relatively higher demand for skilled 

workers (whites) fueled by the current surge in economic growth in South Africa.  Curiously, we 

find higher wage inequality amongst white workers, a surprising finding given privileges whites 

enjoyed under apartheid.
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Higher Residual Wage Dispersion for White Workers in South Africa: Composition Effects 

or Higher Demand for Skill? 

1. Introduction 

The sanctuary of apartheid provided whites in South Africa a shelter to engage in overt 

racial wage discrimination.  In 1994, however, apartheid was dismantled and overt racial wage 

discrimination was outlawed.  Since then, a flurry of research has emerged that examines racial 

wage differences for Africans (blacks), whites, coloreds, and Indians (Asians) in the post-

apartheid era.  This research takes on several, though not necessarily exclusive, strands: one 

strand examines whether the racial wage gap has waned (I. Woolard and C. Woolard, 2006).  A 

second controls for the quality of education as a determinant of racial wage differences 

(Chamberlain and van der Berg, 2002).  A third uses the canonical Oaxaca/Blinder (1973) 

decomposition to attribute racial wage gaps to either racial differences in productivity attributes 

or unobservable attributes (discrimination) (Allanson and Atkins, 2005; Brookes and Hinks, 

2004; Allanson et al, 2002; Moll, 2000; Allanson, Atkins and Hinks, 2000; Sherer, 2000; Bhorat, 

2000; Mwabu and Schultz, 2000; Hinks, 1999).  A fourth (Burger and Jafta, 2006) extends the 

third by decomposing racial wage differences into components due to explained, unexplained, 

and unobservable components.  The findings of these studies, though mixed, offer a resounding 

theme: the African/white racial wage gap, the focus of the current study, persists and may be 

attributed to racial differences in productivity attributes.   

This paper contends that issues surrounding African/white wage differentials in South 

Africa deserve further inquiry.  In particular, while we do not intend to reduce the significance of 

the above studies, we add a new dimension to the fourth strand of the above literature by 

invoking a postulate consistent with human capital theory: the notion that if individuals who 
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invest more in education have higher marginal returns to education than others, then the labor 

market price or return to schooling will be higher at higher levels of education; moreover, years 

of schooling are an imperfect proxy for true educational inputs and that the error term (residual 

wage dispersion) includes unmeasured aspects of educational inputs such as school quality 

(Mincer, 1974).1  Consequently, residual wage dispersion would be larger at higher levels of 

schooling.  For example, if the return to years of schooling is greater for individuals (or groups) 

with relatively more human capital skills, then it is reasonable to expect that the dispersion of 

unmeasured human capital skills, such as school quality, would be higher for such individuals 

(or groups) as well.   

This phenomenon matches the South African setting very well.  In particular, the 

apartheid Bantu Education Act of 1952 (Shepherd, 1955) ensured that whites received more and 

better quality of education than Africans, and it is hence conceivable whites would have 

relatively higher marginal returns to their measured human capital skills as well as a higher 

dispersion of their unmeasured human capital attributes (residual wage dispersion).  We employ 

a semiparametric procedure analogous to that of Lemieux 2002, to test this hypothesis using the 

September 2005 Labor Force Survey (LFS).   

Such an analysis is important for two reasons: first, racial differences in prices of both 

measured and unmeasured human capital skills may disadvantage Africans and it is useful to 

examine the impact of each on racial differences in wage dispersion.  This would allow us, 

within the context of human capital theory, to possibly provide a theoretical explanation for the 

underlying sources of racial (African/white) wage differences in South Africa.  Second, the 

                                                 
1 Henceforth, ‘price’ and ‘return’ to human capital will interchangeably be used to mean the 
same thing.  
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analysis would allow us to explain the persistence of the African/white wage gap, despite policy 

interventions (such as affirmative action) designed to mitigate the racial wage gap since the fall 

of apartheid in 1994.   

The empirical technique first decomposes the African/white wage gap into components 

due to differences regression coefficients, the distribution of covariates, and residuals and applies 

kernel density methods to provide clear visual representations of the African/white wage gap 

throughout the entire conditional distribution.  Second, and more importantly, we decompose the 

variance of wages and covariates into components due to measured human capital skills 

(predicted variance) and unmeasured human capital skills (residual variance) to examine the 

impact of each on racial differences in wage dispersion.  Differences in residual wage dispersion 

may be attributed to either differences in prices of unmeasured human capital skills (Juhn, 

Murphy and Pierce, 1993; hereafter JMP) or composition effects, the notion that workers are 

more experienced and possess more human capital (Lemieux, 2002).  For this reason, we model 

the African/white difference in residual wage dispersion as a function of racial differences in 

unmeasured skills and racial differences in skill prices to identify possible sources of racial 

differences in residual wage dispersion.  To the best of our knowledge, no previous study has 

performed such an analysis using data from South Africa.   

 Non-trivial findings suggest a considerable African/white wage gap in South Africa.  

White workers earn more than Africans by 1.4931 percentage points.  We also find that the 

largest component of the wage gap is attributed to racial differences in the return to human 

capital attributes.  We suggest that the underlying source driving the larger return to measured 

human capital skills for white workers may be a high growth in the demand for higher skilled 

workers relative to the increase in supply fueled by the current surge in economic growth in 
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South Africa.  And since white workers possess relatively more skills, it is conceivable that the 

relative growth in the demand for higher skilled workers (whites) would exceed that for African 

workers, causing the returns to human capital skills to be higher for white workers. 

More importantly, we find relatively higher residual wage dispersion for white workers, 

with much of the difference in dispersion attributed to racial differences in prices of unmeasured 

human capital skills.  This is a significant finding and is consistent with human capital theory: 

whites possess relatively more human capital skills and have a higher return to their human 

capital attributes; consequently, we would expect residual wage dispersion to be higher for white 

workers.  Furthermore, we find that most of the difference in the variance of covariates between 

African and white workers (between-group inequality) is explainable by differences in human 

capital skills between the two races.   

These findings may have important policy implications: to the extent that racial 

differences in residual wage dispersion are due to racial differences in unmeasured human 

capital attributes, an effective policy to mitigate the African/white racial wage gap in South 

Africa would be to aggressively increase the quantity and quality of education for African 

workers.  Finally, we find greater wage inequality (90/10 wage gap) amongst white workers, a 

surprising finding given privileges whites enjoyed under the apartheid system. 

In what follows, section 2 describes the data, section 3 explains the methodology, section 

4 discusses the findings, section 5 concludes. 

2. Data and descriptive statistics 

 We use data from the September 2005 LFS conducted by Statistics South Africa.  For 

each race, African and white, we divide the data into j  cells with age and education categories 
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as our basic covariates, that is ],...,,...,[ 1 iJrijriir xxxx = .  In the September 2005 LFS age is coded 

in 5-year band categories.  From here, we generate 10 age categories in 5 year bands for workers 

aged from 15 to 64.  Education is also coded in categories and we generate 4 dummy variables: 

individuals with no education, individuals with general education (grades 1 through 13), 

individuals with further education (grades 14 through 20), and individuals with higher education 

(university education).  Sample sizes for each age/education category for African and white 

workers are reported in Tables 1 and 2 respectively. 

 From the 10 age and 4 education categories for each race, we generate 40 age/education 

dummy variable cells as reported in Tables 1 and 2.  The sample of African workers in Table 1 

has 51,719 observations.  However, a caveat is in order here: from Table 1 some cells have zero 

or possess too few observations to warrant any statistical analysis.  The use of such small sample 

sizes may generate inconsistent and inefficient estimators.  For this reason, we drop from the 

sample cells that have zero, or fewer than 20 observations.  After these adjustments, we end up 

with 38 age/education dummy variable cells for African workers with 51, 712 observations. 

The sample of white workers is considerably smaller with 4,686 observations as reported 

in Table 2.  Moreover, the sample of white workers is characterized by a significant feature: few 

(if any) white workers possess no education.  In other words, there are few white workers with 

no formal education, that is education category one (column 1).  At first glance, it may seem that 

the data for white workers is truncated at the lower end of the education distribution.  However, 

historical factors may have resulted in an imbalance in education for African and white workers.  

In particular, the Bantu Education Act of 1952 ensured that whites received more and better 

quality of education than Africans.  Under this act, whites enjoyed compulsory education from 
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age seven to sixteen, and while education was compulsory for Africans from age seven to 

thirteen, school enrollment was strictly enforced and encouraged for whites but rarely enforced 

for Africans.  As a result, almost all whites received education while the same was not true for 

Africans, resulting in an education imbalance between the two races as is reported in columns 1 

of Tables 1 and 2.  

Therefore, an important underlying characteristic of the data is few (if any) white 

workers possess no schooling.  For this reason, we drop from the sample education category one 

for white workers.  And like in the sample for African workers, we drop from the sample of 

white workers cells with zero or less than 20 observations. After these adjustments we have 28 

age/education dummy variable cells for white workers with 4,666 observations. 

3. Empirical Strategies 

Our empirical strategy mimics that of Lemieux (2002) which analyzes group differences 

in the overall distribution of wages.  The advantage of the Lemieux framework is that since 

relative prices of human capital skills may differ by race, it is useful to decompose the variance 

of wages and variance of covariates (for each race) into components due to measured human 

capital skills (predicted variance) and unmeasured human capital skills (residual variance), thus 

allowing us to gauge the relative influence of each component on racial differences in wage 

dispersion throughout the entire condition distribution.   Moreover, the technique lends itself to 

visual representation of wage distributions.  Our first task is to compute the conditional mean 

wage for each race. 

3a. African and white mean log wages 
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The sample average of each age-education dummy variable cell ijrx  ( x indexes each age-

education dummy variable category, i  is each individual, j is each cell, and r indexes race, 

African or white) is the sample-weighted proportion of the sample in cell rj .  We label this 

sample-weighted proportion as jrθ . 

(1)    jr
x

iijr
i

ijr
ijt

xx θωω === ∑∑
=1

  

where iω are sample-weights taken from the September 2005 LFS.  The Ordinary Least Squares 

(OLS) estimates rb  (with no intercept) are the means of log hourly wages irw  in cell j : 

(2)    ],...,,...,[],...,,...,[ 1
/

JrjrjrJrjrrr wwwbbbb == ,  
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x

i
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jr ww
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∑
=

=
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θ

.   

The conditional mean hourly log wage for each race is computed as: 

(3)    rr
j

jrjrjr
i j

jririrr bxbxwww ==== ∑∑ ∑θωln  

where rwln  is the mean hourly real log wage across the entire sample of individuals with 

reported wages for each race.  The covariates are age-education dummy variable cells (with no 

intercept) for African and white workers defined in Tables 1 and 2 respectively. 

3b. African and white variance of wages 

The variance of wages for each race is computed as: 

(4)    22)(ln jr
j

jrrjr
j

jrr wwV σθθ ∑∑ +−=  

where rV  is the variance of wages for each race, rw  is the average log wage across the entire 

sample for each race, jrwln  is the average log wage in characteristic cell j for each race, jrθ  is 
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the weighted-sample proportion in cell j for each race, and 2
jrσ  is the residual variance for each 

race in each cell.  The sums, for each race, are defined over age-education dummy variable cells 

as reported in Tables 1 and 2.   

For each race, the first term on the right hand side of equation 4 is the variance of cell 

means across cells and is the predicted or the between-cell variance of wages (weighted by cell-

size), which constitutes the weighted sum of squared deviations of skills across cells.  The 

second term is the residual or the mean of within-cell variance (weighted by cell-size), which is 

the weighted sum of the residual variance over skills in each cell.   

In the human capital interpretation (Mincer, 1974), differences in human capital skills, x , 

of workers would affect the distribution of wages in two ways: first, if whites possess relatively 

more human capital skills, then we would expect a changes or higher predicted variance of 

wages, 2)(ln wjw
j

w ww −∑θ , for white workers because the sample proportion, jwθ , would be 

relatively higher for white workers.  Second, since the residual variance, 2
jr

j
jrσθ∑ , is a weighted 

sum of cell specific variances, it too should be higher for white workers due to differences in 

sample proportions, jrθ , that is the proportion of whites with relatively more human capital is 

higher.  Moreover, in our dummy variable model, the sample proportions equal the sample 

average of human capital covariates x  (equation 1).  

3c. Counterfactual African wages and variances 

Our objective, however, is to decompose the entire conditional distribution of wages and 

not just focus exclusively on what happens at the conditional mean.  To do so, we consider two 

possibilities.  First, it is conceivable that prices or returns to human capital skills may differ for 
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each race.  In particular, the returns to human capital may be higher for white workers, perhaps 

due to past apartheid polices.  To account for this possibility, we compute a counterfactual mean 

wage ( a
Awln ) that would have prevailed for African workers if prices of human capital skills for 

African workers were the same as for white workers.  This counterfactual wage is computed as 

follows: 

(5)    jwwjA
a
A ubxw +=ln  

where A is African workers, w is white workers, and jwu  is the vector of residuals.  Similarly, the 

counterfactual variance of wages for African workers )( a
AV , i.e. the variance of African wages 

that would have prevailed if prices of human capital were the same as for white workers is 

computed as: 

(6)    22)(ln jA
j

jAwAjw
j

jA
a

A bxwV σθθ ∑∑ +−=  

This counterfactual variance only affects the first sum since the only changes that occur are those 

in the parameters wb .  The difference between AV  in equation 4 and a
AV  in equation 6 captures 

differences in prices of covariates (age-education characteristics) between African and white 

workers in the September 2005 LFS. 

The second possibility is that the distribution of wages may differ for white and African 

workers due to differences in the skill composition of the workforce, i.e. white workers (due to 

past apartheid polices) are more educated.  To account for this possibility, we compute another 

counterfactual African wage, b
Awln , that would have prevailed if African workers possessed the 

same price of human capital and the same distribution of human capital as white workers 

computed as follows: 
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(7)    jAwjw
b
A ubxw +=ln  

Likewise, the counterfactual variance )( b
AV  of wages, i.e. the variance of African wages with the 

returns to human capital and the distribution of human capital that matches that of white workers 

is computed as: 

(8)     22)(ln jA
j

jwwwjw
j

jw
b

A bxwV σθθ ∑∑ +−=  

This counterfactual variance affects both the first and the second sum since the proportion of the 

sample within each cell i.e. ( jwθ ) changes.   

It is worthy of mention that the counterfactual mean wage b
jAwln  in equation 7 (the 

African counterfactual wage that would have prevailed if both the price and the distribution of 

human capital were the same as for white workers) also happens to be the same mean wage for 

white workers in equation 3.  However, the counterfactual variance b
AV  for African workers in 

equation 8 is not the same as wV  in equation 4, the variance of wages for white workers, due to 

differences in the residual variances 2
jAσ  in equation 8 and 2

jwσ  in equation 4.  Furthermore, 

drawing from Lemieux (2006), we assume that the returns to characteristics for the two racial 

groups are independent of the distribution of covariates.  This assumption allows us to match the 

returns for white workers with the distribution of wages for African workers and generate 

counterfactual earnings distributions specified in equations 5 and 7.   

3d. Decomposing the African/white variance of wages 

From the above counterfactual exercises, we decompose the variance of wages between 

African and white workers as follows: 

(9)     )()()( w
b
A

b
A

a
A

a
AAwA VVVVVVVV −+−+−=−  
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The first term on the right-hand side represents differences in the variance explainable by racial 

differences in the price of human capital.  The second term represents the additional difference in 

variance due to racial differences in the distribution of human capital, and the last term 

represents the difference in variance due to racial differences in the within-cell variance (or 

residual variance iu ). The sum of the first two represent how much of the racial difference in 

wage variance is due to between-group inequality changes, and the last represents how much of 

the racial difference in wage variance is due to within-group inequality changes. 

3e. Kernel density estimation 

 Kernel density estimates (or smoothed histograms) provide visual representations of 

weighted raw and counterfactual wages.  We use the kernel density estimator introduced by 

Rosenblatt (1956) and Parzen (1962) in which sample weights are attached to each observation.  

The weighting function is specified as:  

(10)     ⎟
⎠
⎞

⎜
⎝
⎛ −

= ∑
= h

WwK
h

wf
n

j

j
h

1

)(ˆ ω
, 

Where hf̂  is the kernel density estimate of a univariate density f based on a random sample iw  

nWW ,...,1  of size n with weights )1(,...,1 =∑ in ωωω . The weighting function )(⋅K is the kernel 

function and the kernel function used in this paper is Gaussian with weights jω  taken from the 

September 2005 LFS.  The smoothing parameter h is the bandwidth.  An important decision is 

the choice of the bandwidth since too small a bandwidth leads to jagged density estimates; too 

large a bandwidth over-smooths the data.  An appropriate bandwidth would provide a reasonably 

smooth density estimate.  For this reason, we use the plug-in bandwidth method calculated by 
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Sheather and Jones (1991) selector.  From our data, the optimal bandwidths for the weighted 

actual and counterfactual log earnings equations range from 0.0480 and 0.1857. 

4. Results and discussions 

Table 3 reports several descriptive and counterfactual log wage statistics for African and 

white workers.  Sample weights from the September 2005 LFS are used throughout Table 3.    

From column 1, the mean hourly log wage is about 1.4931 percentage points higher for white 

workers.  Visual representations of the African/white wage distributions using kernel density 

estimates are reported figure 1; both densities represent log wage distributions estimated using 

equation 3.  The two densities are bell-shaped, with the kernel density for white workers 

showing a decisive rightward translation.  The gap between the two densities reflects the 1.4931 

racial earnings difference.  The gap, however, is more pronounced in the middle of the 

distributions but converges at the top of the distributions, suggesting small wage variation 

between African and white workers at the very top of the skill distributions.  

 The kernel wage density for African workers has a coefficient of skewness of -0.0078 

while the coefficient of skewness for the white kernel density is -0.4351.  Although both are 

negative, suggesting that the mean wage is to the left of the median wage in both wage 

distributions, the  differences between the lowest wage and the mean wage is much larger for 

white workers; that is, the lowest wage is relatively further away from the mean wage for white 

workers.  This finding is consistent with the notion that wage inequality is higher for white 

workers, a notion further supported by the larger 90/10 wage gap (an alternative measure of 

wage inequality) for white workers in column 5 of Table 3.  Furthermore, the variance of wages 

is higher for African workers by 0.2299 percentage points, column 2.  This finding is not 

surprising and lends credence to the notion that, because there are hardly any whites with no 
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formal education, the distribution of covariates may be relatively more compact for white 

workers.  

Our findings also suggest that the largest component of the racial wage gap is attributed 

to racial differences in the return to human capital skills, which constitute -1.3545 of the -1.4931 

racial age gap (Column 1).  This finding is not surprising and suggests that racial differences in 

human capital skills (brought about by previous apartheid polices) resulted in whites acquiring 

more skills, and consistent with human capital theory, the returns to human capital are higher for 

relatively more skilled white workers.  We attribute the greater returns to human capital skills for 

white workers to a relatively greater demand for skilled workers relative to the supply (white 

workers possess more skills), fueled by the current surge in economic growth in South Africa. 

The results from various counterfactual exercises are reported in rows 6, 7, and 8 of 

Table 1.  From row 7, racial differences in covariates account for the remainder (-0.1386) of the 

racial wage gap, suggesting that whites possess more human capital skills than African workers.  

This finding is not surprising and is consistent with a priori expectations: previous apartheid 

polices (in particular the Bantu Education Act of 1952) ensured that whites received more 

education than Africans, culminating in racial differences in access to schooling.   

More importantly, the variance of differences in covariates (0.1022) is positive and there 

are two offsetting reasons for this result.  First, the predicted variance is positive but lower for 

white workers by 0.9276 percentage points, column 3.  This result is contrary to our 

expectations: we would expect higher predicted variance for white workers because the sample 

proportion of whites with more skills would be higher. However, as suggested earlier, apartheid 

policies ensured that there were no whites without formal education. Consequently, the 

distribution of covariates may be relatively more compact for white workers, resulting in a lower 
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predicted (or between-group) variance for white workers.  This result is consistent with our 

earlier finding of lower variance for white workers, hence lending further support to the notion 

that the distribution of covariates may be relatively compact for white workers. 

Second, the residual variance of covariates is lower for Africans by -0.8254 percentage 

points, column 4, suggesting a higher residual dispersion of unmeasured attributes for white 

workers.  Again, this finding is consistent with a priori expectations: the sample proportion of 

whites jwθ  with more skills is higher for white workers, and we would expect (consistent with 

human capital theory) whites to have a higher dispersion of unmeasured human capital attributes 

as well.   Indeed, the residual variance, 2
jw

j
jwσθ∑ , of wages is a weighted sum of cell specific 

variances and it too should be higher for white workers due to differences in sample proportions, 

jwθ ; that is the proportion of whites with relatively more skills is higher.   

To see this point clearly, from section 3, this last effect (higher residual variance for 

white workers) is given by ∑ −
j

jAjwjA
2)( σθθ   which represents differences in the contribution of 

covariates or X’s (or sample proportions jrθ ) to both the between and within variance of 

covariates.  In this setting, jAθ and jwθ  represent the sample proportions of African and white 

workers respectively in each cell.  In our sample, there are systematically fewer African workers 

in ‘high dispersion’ cells 2
jAσ  but more white workers in high dispersion cells 2

jwσ .  In other 

words, white workers have more experience and are more educated and as predicted by human 

capital theory we would expect the dispersion of unmeasured human capital attributes to be 

higher for white workers.  Indeed, the magnitude of the higher residual wage dispersion for 



 

15                                                                                

whites increases dramatically (0. 2502 percentage points) from 0.7451 in row 5 to 0.9953 in row 

8 in the African-white gap in residual variance of wages. 

What is the source of the higher residual wage dispersion for white workers? Composition 

effects or increase in skill prices?  

The literature postulates that there are two possible sources for higher residual dispersion 

of wages: composition effects (Lemieux, 2002), and differences in prices of unmeasured (JMP, 

1993).  In the South African setting, composition effects emanate from the notion that white 

workers possess more experience and are also more educated.  And since the return to measured 

human capital skills is higher for more skilled workers, we would also expect the dispersion of 

unmeasured human capital skills (such as school quality) to also be relatively higher for the more 

skilled white workers.2 

On the other hand, the notion that racial differences in prices of unmeasured human 

capital skills is consistent with a higher return to human capital should be interpreted as evidence 

that the price of unmeasured human capital skills would be higher as well.  In particular, white 

workers have a higher return to human capital would consequently receive a higher return to 

their unmeasured human capital attributes (JMP, 1993).  

Consistent with Lemiuex, 2002, we test whether composition effects or differences in 

skill prices drive the higher residual wage dispersion for white workers by generating a 

counterfactual distribution of residuals for African workers that would have prevailed if African 

workers possessed the same price of measured human capital skills and the same skill pricing 

function (p) of unmeasured human capital attributes as white workers.  This counterfactual wage 

                                                 
2 Studies suggest a higher quality of education for South African whites (Moll, 1998). 
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residual is specified as )( iAw
b
iA pu η= , where the skill pricing function p takes a non-linear 

pricing scheme defined as irirrir pu εη += )( , where (.)rp  the price (or return) of unmeasured 

human capital and is a monotonic and continuous function, irη is unmeasured human capital, and 

irε  is the random error component not linked with skills and productivity attributes and is equal 

to zero.  

We then re-estimate counterfactual wage equation 7 for African workers as if prices of 

measured human capital skills and the pricing function of unmeasured skills would have been the 

same as for white workers, specified as follows:  

(13)    b
iAwjw

b
A ubxw +=ln  

The resulting counterfactual distribution should account for all differences between Africans and 

whites except for those involving a change in the rank of the residual in the overall distribution 

of residuals.3  A word of caution is necessary here: combining the counterfactual predicted wage 

residual with the counterfactual predicted wage for African workers does not yield the same 

counterfactual distribution as the actual distribution for white workers because knowledge of the 

marginal distribution of xb  and u  is not generally enough to characterize the marginal 

distribution of log wages (Lemiuex, 2002) .  In other words, an infinite number of marginal 

distributions of log wages is compatible with given marginal distributions of xb andu .  

Nonetheless, equation 13 would provide reasonable estimates of the counterfactual distribution 

of residuals for African workers that would have prevailed if African workers possessed the 

                                                 
3 This is because the distribution of residuals for Africans and whites differ such that they cannot 
be captured by a common transformation function. 
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same price of measured human capital skills and the same skill pricing function (p) of 

unmeasured human capital attributes as white workers. 

The results of the decomposition of wage residuals of counterfactual earnings equation 

13 are reported in Table 4.  The findings are interesting: whereas the largest component of the 

total variance of wages is explained by racial differences in covariates in panel A, the largest 

component of the change in the variance of wage residuals is explained by the skill-pricing 

function p, which constitutes 0.3841 of the 0.3076 change in the variance of wage residuals in 

panel B.  This finding is consistent with human capital theory; that is, racial differences in the 

price of unmeasured human capital attributes drive much of the racial difference in residual wage 

dispersion.  We contend, consistent with JMP (1993), that the higher price of unmeasured skills 

for white workers is a consequence of a higher return to their measured human capital skills.  We 

attribute the higher prices of unmeasured human capital attributes to the current surge in 

economic growth in South Africa. 

Kernel density estimates other counterfactual exercises are reported in figures 2 and 3.  

Figure 2 reports the counterfactual kernel wage density that would have prevailed if Africans had 

the same returns to human capital as white workers (equation 5).  On the other hand, figure 3 

reports the counterfactual kernel wage density that would have prevailed if African workers 

possessed not only the same returns to human capital skills but also possessed the same 

distribution of covariates as white workers (equation 7).  In both figures, the counterfactual 

kernel densities have similar shapes and are consistent with the findings in Table 3: the 

counterfactual wages have a decisive rightward translation (relative to African wages), 

suggesting that whites have higher returns to human capital and possess more human capital 

attributes than African workers respectively. 
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Racial differences in wage inequality 

Wage inequality, defined as the difference between the 90th and 10th percentile, is higher 

amongst white workers (column 5) in Table 3.  Our findings also suggest that the largest 

component of racial wage inequality is attributed to racial differences in covariates (column 5).  

This finding is hardly surprising given that white workers possess relatively more human capital 

skills.   

We also find that the 50/10 and 90/50 wage gaps are higher for white workers, lending 

further support to the notion that wage variation is higher amongst white workers.  These results 

offer a curious phenomenon: there may be a large variation in earnings between high skilled and 

low skilled whites, suggesting higher returns for whites at the top of the wage distribution.  More 

importantly, these results are consistent with our earlier finings of a relatively larger coefficient 

of skewness for the kernel density of white wages -0.4351, suggesting that the mean wage is to 

the left of the median wage and that the spread between the mean wage and the lowest wage is 

relatively larger for white workers. 

5. Implications and conclusions 

Apartheid polices in South Africa ensured that whites received more and better quality of 

education than Africans.  The Bantu Education Act of 1952 perpetuated the concept of racial 

"purity" which rationalized keeping African education inferior.  Under this act, Africans "were 

educated for their opportunities in life," and that there was no place for them "above the level of 

certain forms of labor." It is hence conceivable, consistent with human capital theory, that whites 

would have a higher return to measured human capital attributes as well as a higher dispersion of   

unmeasured human capital attributes (residual wage dispersion).  Human capital theory further 

postulates that residual wage dispersion is due to unmeasured differences in human capital 
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investment and should differ when the price or return to human capital investment differs.  For 

example, when the return to years of schooling differs by group, it is reasonable to expect that 

that the return to unmeasured human capital attributes, such as school quality, would differ for 

each group as well (Mincer, 1974).   

We test this notion using data from the September 2005 Labor Force Survey.  

Specifically, we employ a semiparametric procedure that mimics that of Lemieux 2002 to 

decompose the African/white wage gap into components due to regression coefficients, 

covariates, and residuals and further model racial differences in residuals as a function of 

differences in unmeasured skills and skill prices.  No previous study has, to the best of our 

knowledge, performed such exercise using data from South Africa; such an analysis is important 

because, despite the collapse of apartheid and recent policy interventions to mitigate the 

African/white wage gap, we may provide insights for the persistence of the wage gap. 

Our findings are consistent with a priori expectations: whites earn higher wages, have 

higher returns to their measured human capital attributes, and have higher residual wage 

dispersion.  We also find that the higher residual wage dispersion for white workers is attributed 

to higher prices of their unmeasured human capital skills.  These findings are consistent with 

human capital theory: the higher return to unmeasured human capital skills for white workers is 

a consequence of the higher return to their measured human capital skills.   

We contend that the fundamental source of the higher return to measured human capital 

attributes for white workers may be a greater demand for relatively higher skilled workers 

precipitated by strong economic growth in South Africa.  Indeed, the supply of skilled African 

and white workers has increased in the post-apartheid era; however, whites have historically 

possessed more schooling, and with the current rise in economic growth, it is likely that the 
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demand for higher skilled workers (whites) would surge relative to the demand for African 

workers.  This would drive up prices of measured human capital skills for white workers and 

consistent with human capital theory, increase the dispersion and prices of unmeasured human 

capital skills (residual wage dispersion) for white workers as well.  Moreover, we find that most 

of the difference in the variance of covariates between African and white workers (between-

group inequality) is explainable by differences in human capital skills between the two races.  

These findings may have significant policy implications: to reduce the African/white racial wage 

gap, an appropriate policy would be to increase the quantity and quality of education for African 

workers. 

Curiously, we find greater wage inequality (the 90/10 wage gap) amongst white workers; 

we also find that the 90/50 and 50/10 wage gaps are higher for white workers in South Africa.  

These findings suggest that, despite a compact distribution of covariates for white workers, there 

is a large earnings difference between whites at the top and at the bottom of the wage 

distribution. These are indeed surprising findings, given the privileges whites enjoyed under the 

apartheid system. 
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Table 1 

Age-education categories: African 

                                 Education Category                                      
 Age group |         1          2          3          4 |     Total 
-----------+--------------------------------------------+---------- 
 15≤age≤19 |        81     10,444         37          0 |    10,562  
           |      1.73      23.56       1.75       0.00 |     20.42  
-----------+--------------------------------------------+---------- 
 20≤age≤24 |       136      8,183        265         34 |     8,618  
           |      2.91      18.46      12.50       5.73 |     16.66  
-----------+--------------------------------------------+---------- 
 25≤age≤29 |       211      5,816        430         83 |     6,540  
           |      4.51      13.12      20.28      14.00 |     12.65  
-----------+--------------------------------------------+---------- 
 30≤age≤34 |       284      4,687        425         97 |     5,493  
           |      6.07      10.57      20.05      16.36 |     10.62  
-----------+--------------------------------------------+---------- 
 35≤age≤39 |       386      3,962        364        131 |     4,843  
           |      8.25       8.94      17.17      22.09 |      9.36  
-----------+--------------------------------------------+---------- 
 40≤age≤44 |       575      3,453        241         96 |     4,365  
           |     12.29       7.79      11.37      16.19 |      8.44  
-----------+--------------------------------------------+---------- 
 45≤age≤49 |       684      2,839        180         76 |     3,779  
           |     14.62       6.40       8.49      12.82 |      7.31  
-----------+--------------------------------------------+---------- 
 50≤age≤54 |       813      2,135         97         52 |     3,097  
           |     17.38       4.82       4.58       8.77 |      5.99  
-----------+--------------------------------------------+---------- 
 55≤age≤59 |       764      1,661         55         17 |     2,497  
           |     16.33       3.75       2.59       2.87 |      4.83  
-----------+--------------------------------------------+---------- 
 60≤age≤64 |       744      1,148         26          7 |     1,925  
           |     15.90       2.59       1.23       1.18 |      3.72  
-----------+--------------------------------------------+---------- 
     Total |     4,678     44,328      2,120        593 |    51,719  
           |    100.00     100.00     100.00     100.00 |    100.00   
 

Notes: 
For education categories: 
1: Individuals with no education 
2: Individuals with general education (grades 1 through 13) 
3: Individuals with further education (grades 14 through 20) 
4: Individuals with higher education (university education)     
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Table 2 

Age-education categories: Whites                                                                         

Education Category           

 Age group   |         1          2          3          4 |     Total 
-----------+--------------------------------------------+---------- 
 15≤age≤19 |         3        466          5          4 |       478  
           |     27.27      14.86       0.54       0.65 |     10.20  
-----------+--------------------------------------------+---------- 
 20≤age≤24 |         2        321         76         43 |       442  
           |     18.18      10.24       8.22       7.00 |      9.43  
-----------+--------------------------------------------+---------- 
 25≤age≤29 |         1        255         78         46 |       380  
           |      9.09       8.13       8.43       7.49 |      8.11  
-----------+--------------------------------------------+---------- 
 30≤age≤34 |         0        305        121         64 |       490  
           |      0.00       9.73      13.08      10.42 |     10.46  
-----------+--------------------------------------------+---------- 
 35≤age≤39 |         1        325        119         86 |       531  
           |      9.09      10.36      12.86      14.01 |     11.33  
-----------+--------------------------------------------+---------- 
 40≤age≤44 |         0        284        109         92 |       485  
           |      0.00       9.06      11.78      14.98 |     10.35  
-----------+--------------------------------------------+---------- 
 45≤age≤49 |         1        312        121        100 |       534  
           |      9.09       9.95      13.08      16.29 |     11.40  
-----------+--------------------------------------------+---------- 
 50≤age≤54 |         2        301        120         72 |       495  
           |     18.18       9.60      12.97      11.73 |     10.56  
-----------+--------------------------------------------+---------- 
 55≤age≤59 |         1        319        101         52 |       473  
           |      9.09      10.17      10.92       8.47 |     10.09  
-----------+--------------------------------------------+---------- 
 60≤age≤64 |         0        248         75         55 |       378  
           |      0.00       7.91       8.11       8.96 |      8.07  
-----------+--------------------------------------------+---------- 
     Total |        11      3,136        925        614 |     4,686  
           |    100.00     100.00     100.00     100.00 |    100.00 
 
 
Notes: 
For education categories: 
1: Individuals with no education 
2: Individuals with general education (grades 1 through 13) 
3: Individuals with further education (grades 14 through 20) 
4: Individuals with higher education (university education)     
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Table 3 

 
African/white log wage distributions in South Africa 

 
 Mean 

_______ 
Variance 

______________________________ 
Wage gap by percentiles 

______________________________ 
  Total xb  Residual 90-10 50-10 90-50 
 (1) (2) (3) (4) (5) (6) (7) 

 
1. African  

 
1.9420 

 
1.1404 

 
0.2254 

 
0.9150 

 
0.3908 

 
0.2286 

 
0.1622 

 
2. African with 
white sb'  
 

 
3.2965 

 
2.0080 

 
1.0930 

 
0.9150 

 
0.6625 

 
0.4245 

 
0.2380 

3. African with 
white b ’s and 
x ’s 
 

3.4351 1.9058 0.1654 1.7404 1.0816 0.3202 0.7614 

4. White 3.4351 0.9105 0.1654 0.7451 1.1038 0.4810 0.6228 
 
5.African-white 
difference (1-4) 

 
-1.4931 

 
0.2299 

 
0.0600 

 
0.1699 

 
-0.7130 

 
-0.2524 

 
-0.4606 

 
  
 
Effect of:  
6. b (1–2) 

 
 
 
 

-1.3545 

 
 
 
 

-0.8676 

 
 
 
 

-0.8676 

 
 
 
 

-- 

 
 
 
 

-0.2717 

 
 
 
 

-0.1959 

 
 
 
 

-0.0758 
 
7. x (2-3) 

 
-0.1386 

 
0.1022 

 
0.9276 

 
-0.8254 

 
-0.4191 

 
0.1043 

 
-0.5234 

 
8. Residual 
       (3–4) 

 
-- 

 
0.9953 

 
-- 

 
0.9953 

 
-0.0222 

 
-0.1608 

 
0.1386 

 

Notes:   
1. (Row 1, column 1): African wages with African x’s and b’s, Awln  (equation 3) 

2. (Row 2, column 1): African counterfactual wage with African x’s but white b’s, a
Awln  (equation 5) 

3. (Row 3, column 1): African counterfactual wage with white x’s and b’s, b
Awln  (equation 7) 

4. (Row 4, column 1): White wages with white x’s and b’s, wwln  (equation 3) 
 
1. (Row 1, column 2): Variance of African wages, AV  (equation 4) 

2. (Row 2, column 2): Variance of African counterfactual wage, a
AV  (equation 6) 

3. (Row 3, column 2): Variance of African counterfactual wage, b
AV  (equation 8) 

4. (Row 4, column 2): Variance of White wages, wV  (equation 4)  
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Figure 1 
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Figure 3 
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Table 4 
 
 
 

A.  Variance of wages: 
 

Total Change:   0.2299 
 

Effect of: 
 

b    -0.8676 
x     0.7899 
p     0.3076 
unexplained change:   0.0000 

 
 
 

B.  Variance of wage residuals: 
 

Total change:   0.3076 
 

Effect of: 
 

x    -0.0765 
p     0.3841 
unexplained change:   0.0000 

 
 
 


