












































































































































































































































































CHAPTER 4. TOO EARLY TO BENEFIT? SCHOOL ENTRY LAWS AND RETURNS TO
EDUCATION

Initially, I examined whether the running variable was correlated with predetermined covari-

ates, specifically, the language of interview and the respondent’s relationship to the household

head. The language variable includes categories such as Zulu, Xhosa, Ndebele, Swati, Sesotho,

Setswana, Tsonga, Venda, English, Afrikaans, and Sepedi. The relationship to household head

variable includes head, spouse, child, sibling, parent, grandchild, grandparent, other relative,

and non-relative. Upon analysis, I found that some language and relationship categories were

significantly associated with the running variable, suggesting potential imbalance. As a result, I

included these covariates in the relevant models to improve the validity of the RD estimates.

4.4 Results

This section presents the main findings on the effects of education on labour market earnings

using school entry age as an instrument for education in a regression discontinuity design. Results

are shown for the overall sample, and separately by gender, over the period 2014–2018. The

section proceeds with descriptive statistics, manipulation checks, RD estimates for educational

attainment and log earnings, followed by robustness and sensitivity tests.

The GHS 2014-2018 has repeated observations throughout the period, however, not all individuals

were interviewed in each of the years, making it an unbalanced panel. To avoid the bias, which

may arise due to the unbalanced panel nature of the data, I provide RD estimates for each

survey year. For comparison purposes, I also show results for the pooled sample. Two estimation

strategies are undertaken, the standard fuzzy RD, which may be affected by manipulation around

the cut-off, and the donut RD, which excludes observations near the cut-off to correct for potential

manipulation.

4.4.1 Descriptive statistics

In this section I present and discuss the descriptive statistics for both men and women (see

Table 4.1). The total sample consists of 69,673 individuals of which 37,352 (53.6%) are men and

32,321 (46,4%) are women. There are more men than women in the sample because there is a

higher proportion of men who are employed compared to women. However, it should be noted
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that the actual number of observations used in the econometric analysis will be limited by the

bandwidths. Overall, the treated group consist of 35,614 (51.1%) individuals compared to 34,059

(48.9%) workers in the control group. A comparison is made between the control and treated

groups.

Table 4.1: Summary statistics of key variables for all individuals, women and men

All individuals Women Men

Control Treated Difference Control Treated Difference Control Treated Difference

Mean Mean b Mean Mean b Mean Mean b
Age (years) 39.02 39.46 -0.44∗∗∗ 39.88 40.34 -0.46∗∗∗ 38.25 38.71 -0.46∗∗∗
Education (years) 10.38 10.08 0.30∗∗∗ 10.59 10.29 0.30∗∗∗ 10.20 9.91 0.29∗∗∗
Real Wage (Rands) 6079.32 5833.01 246.31∗∗∗ 5649.81 5467.62 182.19∗∗ 6461.40 6140.92 320.47∗∗∗
Female 0.47 0.46 0.01∗∗∗ 1.00 1.00 0.00 0.00 0.00 0.00
Legally married 0.31 0.32 -0.01∗∗ 0.27 0.28 -0.01∗ 0.34 0.34 -0.00
Metropolitan 0.39 0.38 0.01∗∗∗ 0.39 0.37 0.01∗∗ 0.40 0.38 0.02∗∗∗
Household size 3.76 3.80 -0.03∗ 4.18 4.26 -0.08∗∗∗ 3.39 3.41 -0.02
Western Cape 0.06 0.06 0.00 0.06 0.05 0.01∗∗∗ 0.06 0.06 -0.00
Eastern Cape 0.23 0.23 0.00 0.26 0.25 0.01 0.21 0.21 -0.00
Northern Cape 0.03 0.03 -0.00 0.03 0.03 0.00 0.03 0.04 -0.00∗
Free State 0.08 0.07 0.00∗∗ 0.07 0.07 0.00 0.08 0.07 0.01∗∗∗
KwaZulu-Natal 0.16 0.16 0.01∗∗ 0.17 0.17 0.00 0.16 0.15 0.01∗∗
North West 0.07 0.08 -0.00∗ 0.07 0.07 0.00 0.08 0.08 -0.01∗∗
Gauteng 0.28 0.27 0.01∗∗ 0.26 0.26 0.01 0.29 0.28 0.01∗∗
Mpumalanga 0.11 0.11 -0.00 0.10 0.11 -0.01∗∗ 0.11 0.11 0.00
Limpopo 0.10 0.11 -0.02∗∗∗ 0.10 0.12 -0.02∗∗∗ 0.09 0.11 -0.02∗∗∗
Observations 34059 35614 69673 16034 16287 32321 18025 19327 37352

Note: Difference represents the difference in means between the control and treated groups. b is the coefficient of the difference
in means between the control and treated groups. ***, **, and * indicate statistical significance at the 1, 5, and 10% critical levels.

The treated group is slightly older compared to the control group with a statistically significant

difference of 0.44 years between them. However, the latter is more educated with an additional

0.3 years of schooling compared to the former. Hence, the control group has higher earnings with

an additional R246.31, on average per month compared to the treated group. Additionally, the

control group has a higher proportion of workers living in metropolitan areas. The earnings of

women and men mirrors that of the overall sample with the control group earning higher on

average compared to their treated counterparts. As with the overall sample, this difference is

statistically significant seems to be driven by differences in years of education as one would

expect.

Table 4.1 indicates also that there are gender differences in wages with women earning less

than men, on average, despite having more years of education, on average. The monthly average

earnings for untreated women is only 87.4% of untreated men’s average monthly earnings whilst
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the monthly average earnings of treated women is just 89.0% of their treated male counterparts.

One possible reason for this difference in wages could be the over-representation of women in

low-paying jobs due to a historical patriarchal society (Espi et al., 2019; Mosomi, 2019b). It is

observable also that there are differences in the proportion of treated and untreated women and

men across the 9 provinces.

4.4.2 Evidence of manipulation

As stated earlier, the RD design is based on the assumption that birthdays, which is the running

variable, cannot be manipulated by participants. However, this analysis shows evidence of

manipulation. To illustrate this strategic behaviour, I present two histograms displaying the

distribution of birth dates. One histogram shows the distribution of birth dates for the overall (or

full) sample, while the other focuses on the period between 1 December and 30 January, where

manipulation is suspected to have occurred. Figure 4.1 shows the two histograms side-by-side.

Panel (a) of the figure depicts the histogram of birth dates for the entire sample while panel

(b) focuses on the suspected period covering 30 days before and after the actual cut-off date (1

January).

Panel (a) shows heaping of birth date at the cut-off. However, to show a more clear picture of

the problem I present a histogram depicting birthdays within 30 days around 1 January on

either side of the threshold. Panel (b) indicates a clear evidence of heaping on January 1, which

implies that some births were possibly misreported or registered to fall just at the cut-off, likely

to meet the school entry age requirements. This behaviour is non-random and violates the RD

assumption of no precise control over the running variable near the cut-off. I conduct the McCrary

manipulation test to formally investigate the issue.

This test involves examining the distribution of the running variable (birthdays) around the

threshold to ensure that there is no manipulation or sorting just above or below the cut-off. The

McCrary density test involves testing for a significant jump in the density of the running variable

at the threshold (McCrary, 2008). A smooth density function indicates that individuals did not

manipulate their position relative to the threshold. The test is implemented using the local
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Figure 4.1: Birth date heaping around January 1

Source: Author’s calculations based on the 2014-2018 GHS data.

polynomial density estimators proposed in Cattaneo, Jansson and Ma (2020). It is designed to test

the continuity assumption around the cut-off point. It offers a clear and easy way to determine

empirically if units near the cut-off point can change their assignment to treatment.

As noted before, units are assigned to the control group if born on or between 1 July and 31

December (or x < x0) and to the treatment group if born between 1 January and 30 June (or

x ≥ x0). The main aim is to test whether the density of birthdays is continuous at the cut-off

point (1 January) using the control and treatment groups. Thus, the null hypothesis is that

the density of birthdays is continuous around the cut-off point (no manipulation) against the

alternative hypothesis that the density is discontinuous (manipulation) (Cattaneo, Jansson and

Ma, 2020). The null hypothesis is rejected if the p-value related to the test is less than a chosen

level of significance. The results are depicted in Figure 4.2. Figure 4.2 shows a big jump just at

January 1 for each of the survey years, suggesting that birthdays is not continuous around the
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Figure 4.2: Manipulation test for birthdays: 2014-2018

Note: Source: Author’s calculations based on data from the GHS 2014-2018.

Table 4.2: McCrary manipulation test

(1) (2) (3) (4) (5) (6)
2014 2015 2016 2017 2018 All Years

Full sample
Birthdays 1.476 1.502 -0.686 0.701 1.549 1.106

[0.140] [0.133] [0.493] [0.484] [0.121] [0.269]
Female sample
Birthdays -1.384 -1.823∗ -1.516 -1.581 0.121 -1.984∗∗

[0.166] [0.068] [0.130] [0.114] [0.903] [0.047]
Male sample
Birthdays 1.488 -2.307∗∗ -1.062 1.975∗∗ 0.971 3.6955

[0.137] [0.021] [0.288] [0.048] [0.332] [0.000]

Note: The coefficients for birthdays are robust test statistic for the McCrarry density test. Robust p-values in square brackets. ***, **, and * indicate
significance at the 1, 5, and 10% critical levels. The optimal bandwidths were estimated via the rdbwselect command in Stata (Calonico et al., 2014a).

cut-off. However, a formal density test suggests otherwise. The test results are depicted in Table

4.2 for each year under consideration as well as for all years combined. For the overall sample,

the results indicate that the null hypothesis of no manipulation is not rejected for each of the

years as well as for the pooled sample, suggesting that manipulation is not a problem. Similarly,

for the male and female sub-samples, the p-value of the test in each year is greater than the

conventional significance levels except for 2015. The fact that the p-value is greater than the
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level of significance suggests that the null hypothesis of continuity at the cut-off point cannot be

rejected, indicating that birthdays is not manipulated.

Although the formal density test is not statistically significant for the overall sample in each

year and for the sub-samples in most years, the visible heaping in birth dates at the cut-off is

consistent with strategic behaviour by parents. Although the McCrary test does not reject the

null hypothesis of continuity in density, its power is limited with discrete running variables

(Barreca et al., 2011). Given the evidence of potential manipulation around the cut-off, I adopt

a conservative approach by implementing a donut RD design. Following best practices in the

literature (Barreca et al., 2011; Fan et al., 2018), I exclude observations with a date of birth

exactly on the cut-off (January 1). To assess the robustness of the results, I extend the exclusion

window incrementally to ±1 and ±2 days around the cut-off. For transparency, I report both the

baseline RD estimates including all observations and the donut RD estimates that account for

potential manipulation.

4.4.3 Impact on Education

As outlined in the estimation strategy, the fuzzy RD design employs school entry age as an

instrumental variable for years of education. School entry age is proxied by the running variable,

the number of birthdays from the school entry cut-off (January 1). For the fuzzy RD approach to

be valid, the first stage, the effect of school entry age on years of education, must be statistically

significant to justify estimating the second stage, which captures the impact of years of education

on earnings. Accordingly, I estimate the relationship between school entry age (SEA) and years of

education to assess the strength of the instrument. Since province, marital status, age group, and

sex exhibit discontinuities at the cut-off (see Appendix C), I include these variables as controls

in the analysis. Additionally, where appropriate, I control for the language of interview and the

respondent’s relationship to the household head. I first present the overall sample estimates,

followed by a gender-disaggregated discussion.
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Overall Sample

The results for the overall sample is presented in Figure 4.3 and Table 4.3. The vertical axis of

the graph measures completed years of education, while the horizontal axis shows the number

of birthdays away from January 1, the school entry cut-off. The vertical line at zero divides the

sample into two groups: the control group (to the left) and the treatment group (to the right,

including zero).

The solid curves on either side of the cutoff represent regression lines for the control and treatment

groups, estimated using Stata’s rdplot command. The bars depict 95% confidence intervals. The

graph shows that early school entrants (younger cohort) tend to have fewer years of completed

education than later entrants (older cohort), indicating a negative relationship between SEA and

educational attainment. Notably, the pooled effect across all years is larger than the individual

yearly estimates. The corresponding numerical estimates are provided in Table 4.3. Panel (a)

Figure 4.3: Impact of school entry age on years of completed education for the overall sample

Note: The graphs are based on the optimal bandwidths estimated in Tables 4.3. Source: Author’s calculations based on data
from the GHS 2014 and 2016.
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presents fuzzy RD estimates from the model potentially affected by birth date manipulation,

while Panel (b) reports estimates after correcting for this issue by excluding individuals born on

January 1. Both models control for sex, marital status, province, age group, language of interview

(Afrikaans, Sesotho, Siswati, Xhosa), and relationship to the household head, covariates selected

based on prior literature and data availability.

The corrected estimates in Panel (b) consistently yield smaller effects of SEA on years of education

compared to the uncorrected results, both for individual years and in the pooled sample. For

example, in the corrected model, the coefficient on SEA ranges from –0.771 in 2017 to –1.066

in 2018, whereas the uncorrected estimates range from –1.121 in 2016 to –1.438 in 2018. This

discrepancy highlights the bias introduced by birth date manipulation around the cutoff.

Across all years and model specifications, the SEA coefficient is negative and statistically sig-

nificant at the 1% level. The corrected estimates suggest that starting school one year earlier

reduces completed years of education by approximately 9.3 to 12.8 months, depending on the

year. This result aligns with international evidence (Kawaguchi, 2011; Li et al., 2022; Valdés

and Requena, 2024; Marcenaro-Gutierrez and Lopez-Agudo, 2021; Solli, 2017). For instance,

Kawaguchi (2011) find that in Japan, males who started school later accumulated 13.20 years

of education, compared to 13.03 years among younger entrants. Similarly, Valdés and Requena

(2024) report that in Spain, later school starters gained, on average, 0.2 additional years of

education.

Older entrants likely benefit from greater maturity and skill development before starting school

(Valdés and Requena, 2024). Conversely, although younger children start earlier, they tend to face

higher repetition rates, leading to lower overall attainment (Matta et al., 2016). In South Africa,

van der Berg et al. (2025) show that younger school entrants experience higher repetition rates,

for example, in the Eastern Cape, repetition rates among younger boys reach 31%, compared to

19% for girls in the same age group. These high repetition rates are often linked to poor academic

performance, increasing the risk of dropout and reducing educational achievement. The fuzzy RD

estimates corrected for manipulation (Panel (b)) consistently show smaller effects of school entry

age (SEA) on years of completed education compared to the uncorrected estimates, across all
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Table 4.3: Impact on years education and logarithm of monthly earnings for the overall sample

(1) (2) (3) (4) (5) (6)
2014 2015 2016 2017 2018 All Years

Panel (a): Fuzzy RD with potential manipulation

First stage
School entry age -1.418∗∗∗ -1.318∗∗∗ -1.121∗∗∗ -1.333∗∗∗ -1.438∗∗∗ -1.530∗∗∗

(0.266) (0.302) (0.260) (0.257) (0.304) (0.153)
Reduced Form
School entry age -0.296∗∗∗ -0.226∗∗ -0.193∗∗ -0.270∗∗∗ -0.066 -0.242∗∗∗

(0.107) (0.097) (0.094) (0.078) (0.089) (0.053)
Second stage
Education 0.209∗∗∗ 0.171∗∗ 0.172∗∗ 0.203∗∗∗ 0.046 0.158∗∗∗

(0.070) (0.067) (0.079) (0.056) (0.060) (0.031)
Covariates ✓ ✓ ✓ ✓ ✓ ✓
Polynomial Order 1 1 1 1 1 1
Optimal Bandwidth (h) 22.229 29.524 33.947 45.208 26.867 18.586
Bandwidth Bias (b) 62.838 72.980 89.571 112.887 66.239 64.321

Panel (b): Fuzzy RD corrected for manipulation (donut RD)

First stage
School entry age -0.817∗∗∗ -0.984∗∗∗ -1.039∗∗∗ -0.771∗∗∗ -1.066∗∗∗ -1.221∗∗∗

(0.267) (0.345) (0.343) (0.285) (0.351) (0.186)
Reduced Form
School entry age -0.246∗∗ -0.105 -0.217∗ -0.156∗ -0.070 -0.225∗∗∗

(0.101) (0.109) (0.126) (0.086) (0.106) (0.064)
Second stage
Education 0.302∗∗ 0.106 0.209∗ 0.203∗ 0.065 0.184∗∗∗

(0.133) (0.102) (0.114) (0.104) (0.098) (0.049)
Covariates ✓ ✓ ✓ ✓ ✓ ✓
Polynomial Order 1 1 1 1 1 1
Optimal Bandwidth (h) 33.679 32.055 27.804 45.264 26.352 18.575
Bandwidth Bias (b) 84.208 85.749 80.704 112.318 66.225 63.253

Note: The dependent variable in the first-stage equation is years of schooling while the dependent variable is the reduced form and second stage
equations is the logarithm of earnings. ***, **, and * indicate significance at the 1, 5, and 10% critical levels. The bandwidth size is measured in
birthdays away from 1 January, on either side of the cut-off point. The optimal bandwidths were estimated via the rdbwselect command in Stata
(Calonico et al., 2014a). Covariates include province of residency, sex and marital status. The symbols ✗ denotes no, and ✓ stands for yes.

years and in the pooled results. In the first-stage equation, the coefficient of SEA in the corrected

model ranges from –0.771 in 2017 to –1.066 in 2018, while the uncorrected estimates range from

–1.121 in 2016 to –1.438 in 2018. This notable difference underscores the impact of birth date

manipulation around the cut-off on estimated treatment effects.

The coefficient of SEA is negative and statistically significant at the 1% level of significance in

the two specifications and throughout the survey years. Therefore, the estimates suggest that

the school entry age reduced the years of completed education by between 9.3 and 12.8 months

between 2014 and 2018. This finding aligns with the literature (Kawaguchi, 2011; Li et al.,

2022; Valdés and Requena, 2024; Marcenaro-Gutierrez and Lopez-Agudo, 2021; Solli, 2017). For

example, the findings of Kawaguchi (2011) in Japan indicate that males who entered primary

school later due to school entry laws accumulated 13.20 years of education while their younger

counterparts only had 13.03 years of education. Moreover, Valdés and Requena (2024) find that

in Spain men who started school later gained 0.2 more years of schooling, on average, than their
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younger peers.

The reason for this advantage among older school entrants is that they benefit from an extra

year of maturation and skill development (Valdés and Requena, 2024). Although younger cohorts

start school earlier the higher repetition rates among them results in reduced years of schooling

(Matta et al., 2016). In South Africa, van der Berg et al. (2025) find that children who start school

at a younger age within the typical entry range tend to experience higher repetition rates. For

example, in the Eastern Cape, the repetition rate among boys who begin school at a younger

age is as high as 31%, compared to 19% for girls in the same age group. These high repetition

rates are often associated with poor academic performance, which may ultimately result in school

dropout or reduced educational attainment.

Females

The impact of the school entry law on women’s years of education is depicted in Figure 4.6 and

Table 4.4. As with the overall sample, the said figure shows that females who started school

early experience reduced years of education throughout the study period. Table 4.4 confirms

this negative impact. Panel (b), which presents estimates based on the donut RD (excluding

observations whose birth date falls on 1 January) indicates that the SEA significantly reduced

the years of completed education by between 9 and 15 months. The estimates are considerably

smaller compared to the uncorrected ones (Panel (a)) except for 2016, again emphasizing the

significance of the manipulation. These results are consistent with the literature as discussed

earlier.

The school entry age strongly and significantly reduces the years of education throughout the

five-year period. The estimates ranges from -0.55 in 2018 to -1.2 years in 2016. These results

indicate that a one-year increase in the age at which an individual started school is associated

with a reduction of between 0.55 and 1.2 years of education. However, the pooled estimate is

-1.1 years, suggesting some biasses in years of education especially when compared to 2014 and

2018. These results suggest that school entry age is a strong instrument for education. Moreover

they align with some of the studies, which find that starting school early reduces educational
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Figure 4.4: Impact of school entry age on years of completed education for women

Note: The graphs are based on the optimal bandwidths estimated in Tables 4.3. Source: Author’s calculations based on data
from the GHS 2014 and 2016.

attainment among women (Kawaguchi, 2011).

Males

The effect of school entry age on men’s years of education is shown in Figure 4.4 and Table 4.5.

The figure shows that men who started school early have lower years of education compared to

those who started late. Table 4.5 confirms the negative effect. Two sets of estimates are shown:

Panel (a) shows the fuzzy RD estimates that are based on all available data, including the cut-off

(0), which may be subject to manipulation as seen before. Panel (b) depicts estimates that exclude

the cut-off, mitigating manipulation concerns.

Panel (b) of the table under the first stage shows a negative coefficient for school entry age, which

is statistically significant throughout the survey years indicating that SEA significantly affects

the probability of receiving more education. The negative sign is an indication that individuals
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Table 4.4: Impact on years of education and the logarithm of monthly earnings for women

(1) (2) (3) (4) (5) (6)
2014 2015 2016 2017 2018 All Years

Panel (a): Fuzzy RD with potential manipulation

First stage
School entry age -0.946∗∗∗ -1.233∗∗∗ -1.092∗∗∗ -1.317∗∗∗ -1.021∗∗ -1.486∗∗∗

(0.327) (0.370) (0.406) (0.425) (0.410) (0.230)
Reduced Form
School entry age -0.192∗ -0.350∗∗∗ -0.222 -0.287∗∗ -0.140 -0.337∗∗∗

(0.114) (0.120) (0.155) (0.131) (0.117) (0.083)
Second stage
Education 0.203∗ 0.284∗∗∗ 0.203 0.218∗∗ 0.137 0.227∗∗∗

(0.113) (0.099) (0.133) (0.091) (0.113) (0.049)
Covariates ✓ ✓ ✓ ✓ ✓ ✓
Polynomial Order 1 1 1 1 1 1
Optimal Bandwidth (h) 34.792 45.770 32.743 30.074 34.895 15.706
Bandwidth Bias (b) 83.917 105.976 77.248 73.470 80.283 52.529

Panel (b): Fuzzy RD corrected for manipulation (donut RD)

First stage
School entry age -0.772∗∗ -0.984∗∗ -1.230∗∗ -1.117∗∗ -0.475 -1.072∗∗∗

(0.393) (0.439) (0.487) (0.494) (0.466) (0.246)
Reduced Form
School entry age -0.276∗ -0.184 -0.273 -0.259 -0.131 0.299∗∗∗

(0.152) (0.143) (0.183) (0.162) (0.147) (0.082)
Second stage
Education 0.357 0.188 0.222 0.232∗ 0.275 0.299∗∗∗

(0.222) (0.133) (0.141) (0.129) (0.374) (0.082)
Covariates ✓ ✓ ✓ ✓ ✓ ✓
Polynomial Order 1 1 1 1 1 1
Optimal Bandwidth (h) 31.989 42.519 32.339 28.945 34.006 22.230
Bandwidth Bias (b) 74.071 105.926 84.851 72.958 81.391 62.191

Note: The dependent variable in the first-stage equations is years of schooling while the dependent variable in the second stage
equation is the logarithm of monthly earnings. Robust standard errors are in parentheses. ***, ** and * indicate statistical
significance at the 1, 5 and 10% critical levels. Bandwidths below 4 were not feasible due to few observations. All specifications are
estimated with the following covariates: metropolitan status, marital status, sex and household size. The optimal bandwidths
were estimated via the rdbwselect command in Stata (Calonico et al., 2014a). Bandwidths below 4 were not feasible due to few
observations.

who started school earlier (younger cohort) have lower educational attainment compared to

those who enrolled later. The corrected coefficients are smaller in magnitude compared to the

uncorrected ones, which indicates the extent of the manipulation effect. However, the coefficients

remain statistically significant throughout the survey years. It is evident that school entry age

had the smallest impact on years of education in 2015 with a coefficient of -0.692. This estimate

shows that starting school one day earlier significantly reduces education years by about 8

months. The impact is larger in the other years, with the largest effect in 2017 in which a one-day

earlier entry into school is associated with a reduction of of 17 months of education. These results

are consistent with the literature, which finds that individuals who start school later end up

benefiting more in terms of educational attainment compared to those who starts school earlier.

In Spain, for example, Valdés and Requena (2024) find that males who started school later (older
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Figure 4.5: Impact of school entry age on years of completed education for men

Note: The graphs are based on the optimal bandwidths estimated in Tables 4.4. Source: Author’s calculations based on data
from the GHS 2014 and 2016.

cohort) accumulate 0.2 more schooling years than males who started school earlier (younger

cohort). In South Africa, as discussed before, van der Berg et al. (2025) find that children who

start school at a younger age tend to experience higher repetition rates. For instance, in the

Eastern Cape, the repetition rate among boys who begin school at a younger age is as high as

31%. These elevated repetition rates are often linked to poor academic performance, which may

ultimately lead to school dropout or reduced educational attainment.

4.4.4 Impact on earnings

Having established that school entry age (SEA) is a strong instrument for education, I examine

the effect of years of education on labour market earnings. Before I do that I discuss the reduced-

form effects. As stated earlier, most of the literature assesses the impact of school entry age on

earnings using reduced-form estimates. The reduced form captures how being just eligible for
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Table 4.5: Impact on years of education and logarithm of monthly earnings for men

(1) (2) (3) (4) (5) (6)
2014 2015 2016 2017 2018 All Years

Panel (a): Fuzzy RD with potential manipulation

First stage
School entry as -1.379∗∗∗ -1.148 ∗∗∗ -1.214 ∗∗∗ -2.211∗∗∗ -1.737 ∗∗∗ -1.538∗∗∗

(0.337) (0.373) (0.381) (0.481) (0.422) (0.182)
Reduced form
School entry age -0.318∗∗ -0.105 -0.125 -0.343∗∗ 0.060 -0.167∗∗∗

(0.145) (0.117) (0.123) (0.137) (0.123) (0.060)
Second stage
Education 0.231∗∗ 0.092 0.103 0.155∗∗∗ -0.035 0.109∗∗∗

(0.101) (0.092) (0.098) (0.057) (0.076) (0.037)

Covariates ✓ ✓ ✓ ✓ ✓ ✓
Polynomial Order 1 1 1 1 1 1
Optimal Bandwidth (h) 29.528 33.837 27.839 26.434 26.228 26.933
Bandwidth Bias (b) 71.478 86.607 72.559 73.731 61.135 80.935

Panel (b): Fuzzy RD corrected for manipulation (donut RD)

First stage
School entry age -1.078∗∗∗ -0.692∗ -0.785∗ -1.427∗∗∗ -1.376∗∗∗ -1.196∗∗∗

(0.394) (0.407) (0.469) (0.529) (0.495) (0.238)
Reduced form
School entry age -0.255∗ 0.008 -0.082 -0.179 0.140 -0.077

(0.154) (0.127) (0.166) (0.140) (0.141) (0.077)
Second stage
Education 0.238 -0.013 0.104 0.125 -0.102 0.064

(0.148) (0.188) (0.207) (0.092) (0.124) (0.063)
Covariates ✓ ✓ ✓ ✓ ✓ ✓
Polynomial Order 1 1 1 1 1 1
Optimal Bandwidth (h) 30.774 38.473 25.270 28.770 24.783 21.542
Bandwidth Bias (b) 74.554 100.141 67.219 70.575 60.768 73.707

Note: The dependent variable in the first-stage equations is years of schooling while the dependent variable in the second stage
equation is the logarithm of monthly earnings. Robust standard errors are in parentheses. ***, ** and * indicate statistical significance
at the 1, 5 and 10% critical levels. All specifications are estimated with the following covariates: metropolitan status, marital status,
sex and household size. The optimal bandwidths were estimated via the rdbwselect command in Stata (Calonico et al., 2014a).

early school entry affects labour market earnings regardless of whether individuals actually

obtained more education. As with education, I include control variables such as marital status,

age group, province and sex. These covariates show evidence of discontinuities at the cut-off (see

Appendix C), and are therefore included as control variables in the analysis. As before, I discuss

the overall sample estimates before I split the discussion by gender.

Overall Sample

The reduced form impact of SEA on earnings for the overall sample is presented in Figure 4.5

and Table 4.3. The vertical axis in the graph represents the logarithm of real monthly earnings,

while the horizontal axis corresponds to the number of birthdays, which is the running variable

centered around January 1. The vertical line at zero divides the sample into two groups: the

control group (to the left of zero) and the treated group (to the right of zero, including zero). The
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solid curves on either side of zero show the regression functions estimated using the ‘rdplot‘

command in Stata. Figure 4.5 shows a clear downward jump in log monthly earnings at the

Figure 4.6: Impact of school entry age on the logarithm of monthly earnings for the overall sample

Note: The graphs are based on the optimal bandwidths estimated in Table 4.3. Source: Author’s calculations based on data
from the GHS 2014 and 2016.

cut-off in all survey years, indicating that individuals who started school earlier (younger cohort)

earn significantly less as adults compared to those who started school later (older cohort). This

discontinuity suggests a causal effect of age at school entry on adult earnings. The downward

jump in log monthly earnings is confirmed by the negative sign of the coefficient on school

entry age in the reduced-form equation in Panel (b) of Table 4.3. However, SEA is statistically

significant only in 2014, 2016 and 2017 while the pooled estimate is also significant. Accordingly,

early school entry is associated with 24.6, 21.7 and 15.6% reduction in monthly earnings in the

respective years. The pooled estimate is 22.5%, on average.

The result aligns with the findings in the literature. Peña (2017) finds that in Mexico, the younger

cohort earn 1.9% (men) and 3.8% (women) less than their older counterparts. In Brazil, the
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impact is even larger. Matta et al. (2016) find that the earnings of the older cohort is between

15% and 22% higher than those of the younger cohort. Pehkonen et al. (2015) and Larsen and

Solli (2017) find similar results for Finland and Norway, respectively. Kawaguchi (2011) finds

that older children take advantage of their maturation at school entry to obtain more education

years than their younger counterparts, which eventually leads to higher earnings.

However, the reduced form effects are limited to the effect of the SEA on earnings, they reflect

the intention to treat regardless of whether actual treatment was received or not. Hence, they do

not tell us whether those who eventually started school early benefited in terms of earnings. To

investigate the effect on education on earnings, I turn to the second-stage estimates and assess

whether the earnings of those who started school early increased or not. We have seen already

that SEA is a strong instrument for education. Panel (b) of Table 4.3 shows the estimates for

the corrected version of the RD model. The coefficient on education is positive and statistically

significant in 2014, 2016 and 2017, but larger in magnitude compared to the uncorrected estimates

(see Panel (a)) of the table. The pooled estimate is also positive, statistically significant and larger.

The effect of education on earnings although positive and statistically significant is heterogeneous

across the years, with 2014 experiencing higher returns of 30.2% compared to 20.9 and 20.3%

in 2016 and 2017, respectively. Therefore, an additional year of education attained among early

school entrants increased their monthly earnings by between 20.3% and 30.2%, on average. Next,

I examine the impact on earnings by gender.

Females

Two effects are examined here. The effect of the instrument on earnings (reduced-form estimates)

and the impact of education on earnings (second stage). Figure 4.7 indicates that the effect of

school entry age on years of education is negative throughout the years. The size of the effect is

heterogeneous across the years with 2015 having the smallest effect and 2014 the largest. Table

4.4 provides the estimates. Panel (a) shows the estimates with potential manipulation of birth

dates while Panel (b) depicts results corrected for manipulation. As seen before, the difference

between the two versions of estimates is evident. The RD version without correction indicates
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that all coefficients are negative, with statistical significance in 2014, 2015, 2017, and the pooled

sample. While the estimates corrected for manipulation are also negative they are statistically

Figure 4.7: Impact of school entry age on the logarithm of monthly earnings for women

Note: The graphs are based on the optimal bandwidths estimated in Tables 4.3. Source: Author’s calculations based on data
from the GHS 2014-2018.

significant only in 2014 and for the pooled sample, which underscores the importance of the

correction. The coefficient of -0.276 for 2014 suggests that early school entry reduces earnings by

about 28% among women, on average. This finding is in line with several studies. For example,

Liu and Marois (2023) find that starting school later significantly increases annual earnings by

59% for non-agricultural jobs in China. In Mexico, however, the size of the effect is relatively

smaller with Peña (2017) finding that the earnings of women who started school early are 3.8%

lower than for late school entrants.

Turning to the impact of education on earnings, it is evident that the corrected estimates differ

from the uncorrected ones. Focusing on the corrected version, one sees that the effect of education

on earnings is positive and heterogeneous across the years. The coefficient on education is
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statistically significant in 2017 with the treatment effect of 0.232, respectively. Therefore, an

additional year of education increased the monthly earnings of early school entrants by 23.2% in

2017.

Males

As with the overall and female samples, I analyse the effect on earnings in two ways. The first

is to look at the reduced-form estimates, which represents the intention to treat effect. This is

the most common way the literature examines the effect of school entry age on labour market

earnings. However, I go beyond that and estimate the causal effect of education on earnings using

school entry age as an instrument for education. Thus, the second way I examine the impact on

earnings is to estimate the returns to education among individuals who actually started school

early due to the school entry rule. In the first analysis, I rely on both figure 4.8 and Table 4.5.

Figure 4.8: Impact of school entry age on the logarithm of monthly earnings for men

Note: The graphs are based on the optimal bandwidths estimated in Tables 4.4. Source: Author’s calculations based on data
from the GHS 2014-2018.
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The figure appears to indicate that school entry age had a negative effect on years of education in

2014, 2016 and 2017. However, on a closer examination, Table 4.5 shows that the effect of SEA

is statistically significant only in 2014. The uncorrected version shows statistical significance

in 2017 as well. Thus, the coefficient of -0.255 in 2014 suggest that starting school earlier was

associated with a reduction of 25.5% in monthly earnings in 2014 compared to starting school

later. As noted before, this result is consistent with findings in other countries. For example, Peña

(2017) find than younger cohorts of men earn 1.9% lower than the older cohort in Mexico.

Moving on to the second analysis, the causal effect of education on earnings is positive in 2014,

2016 and 2017 and negative in the other years, but statistically insignificant in all the years

including the pooled sample. Studies such as Dobkin and Ferreira (2010) and Pehkonen et al.

(2015) find similar results even though their estimates are based on reduced-form effects.

4.4.5 Robustness checks

I conduct a range of robustness checks to ensure that the findings are reliable and not the result

of spurious relationships in the data. The two robustness checks that I consider are (1) estimating

the treatment effect at placebo cut-off points of the running variable, and (2) checking for balance

on pre-determined covariates.

Placebo cut-off points

The analysis of placebo cut-off points is a robustness check used to validate the credibility of

the RD design. Specifically, it involves testing for discontinuities at arbitrary points along the

running variable, points at which no treatment should occur. The absence of discontinuities at

these placebo thresholds provides support for the claim that the observed discontinuity at the

true cut-off is attributable to the treatment. Conversely, if significant discontinuities are detected

at these artificial thresholds, it raises concerns about the internal validity of the RD design,

suggesting that the observed effects may be driven by other unobserved factors correlated with

the running variable. In this analysis, I conduct placebo tests by estimating the RD at eight

alternative cut-off points, four to the left and four to the right of the actual threshold. The results
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are presented in Table 4.6.

Table 4.6: Impact of education on the logarithm of monthly earnings at different placebo cut-offs for the overall sample

(1) (2) (3) (4) (5) (6) (7) (8)
c=-40 c=-30 c=-20 c=-10 c=10 c=20 c=30 c=40

Panel (a): Overall Sample

2014 0.448 -1.079 -0.644 0.435 0.111 -1.410 0.152 -0.101
(0.343) (3.024) (14.290) (0.877) (0.337) (5.273) (0.159) (0.391)

2015 0.108 0.157 0.310 0.860 0.210 -0.442 0.042 -0.113
(0.193) (0.115) (0.485) (1.020) (0.218) (2.468) (0.243) (0.553)

2016 1.099 0.002 -0.349 0.282 1.764 -0.279 0.091 0.804
(1.189) (0.147) (2.004) (0.321) (1.961) (0.320) (0.137) (1.135)

2017 -0.306 0.318 -0.201 0.042 0.138 -0.060 6.158 0.521
(0.969) (0.707) (0.778) (0.254) (0.155) (0.350) (53.454) (0.407)

2018 0.379∗∗ 0.249 -1.118 3.646 0.224 -0.100 0.351∗ -1.640
(0.190) (3.792) (7.105) (31.107) (0.173) (0.285) (0.201) (26.104)

All Years 0.612 0.101 0.473 0.365 0.479∗ 0.077 0.251∗∗ -0.021
(0.636) (0.191) (2.783) (0.322) (0.269) (0.293) (0.109) (0.302)

Panel (b): Female Sample

2014 0.396∗ -0.169 0.560 -1.452 0.072 -1.311 0.143 0.187
(0.224) (0.743) (2.714) (5.788) (0.561) (100.961) (0.136) (0.365)

2015 4.636 0.242∗ 0.247∗ 0.406∗ 0.127 0.131 0.388 0.078
(28.839) (0.131) (0.133) (0.240) (0.455) (0.110) (0.733) (0.229)

2016 0.750 0.209 0.083 0.657 0.656∗∗ 0.481 0.367 0.433∗
(0.561) (0.162) (0.443) (0.535) (0.319) (0.506) (0.274) (0.229)

2017 -2.536 0.546 0.203 -0.233 0.170 -1.817 0.499 -0.629
(9.843) (0.549) (0.337) (0.730) (0.227) (20.595) (0.655) (2.883)

2018 0.274 0.340 -0.168 -0.185 0.784 0.280 -0.015 -0.505
(0.208) (0.878) (1.089) (1.083) (1.496) (0.584) (0.797) (1.302)

All Years 3.475 0.111 0.250 0.777 0.404∗∗ 0.174 0.183 0.141
(41.812) (0.184) (0.378) (0.574) (0.169) (0.214) (0.128) (0.488)

Panel (c): Male Sample

2014 0.414 -1.449 -0.076 -0.215 0.162 -0.723 0.230 -0.394
(0.833) (4.838) (1.372) (0.465) (0.453) (1.647) (0.242) (0.935)

2015 0.038 0.070 0.455 -0.593 0.206 0.091 0.057 0.072
(0.152) (0.256) (0.974) (88.953) (0.378) (0.131) (0.146) (0.243)

2016 1.122 -0.124 0.550 -0.577 -1.634 -0.151 0.039 0.196
(2.062) (0.228) (0.529) (1.852) (338.023) (0.156) (0.250) (0.201)

2017 0.315 0.723 -0.270 -0.118 0.189 0.023 2.979 1.021
(0.651) (15.312) (0.752) (0.598) (0.202) (0.167) (12.919) (1.813)

2018 1.106 -0.081 -0.032 1.169 0.024 -0.356 0.302∗∗ -0.286
(5.801) (0.506) (0.874) (3.412) (0.161) (0.523) (0.149) (1.047)

All Years -0.073 -0.021 0.298 -0.043 0.330 0.352 0.238∗ 0.819
(0.934) (0.324) (0.438) (0.390) (0.238) (0.437) (0.122) (2.030)

Note: The dependent variable in the first-stage equations is years of schooling while the dependent variable in the second stage equation is the logarithm
of monthly earnings. Robust standard errors are in parentheses. ***, ** and * indicate statistical significance at the 1, 5 and 10% critical levels. All
specifications are estimated with the following covariates: metropolitan status, marital status, sex and household size. The optimal bandwidths were
estimated via the rdbwselect command in Stata (Calonico et al., 2014a).

The premise of the placebo test is that if treatment is truly assigned based on the January

1 cut-off, then no significant discontinuities should be observed at any other point along the

running variable. The results confirm this expectation for most cases. For the overall sample, no

statistically significant discontinuities are found in 2014 through 2017. However, two significant

jumps are observed in 2018, one on either side of the true cut-off. In the pooled sample, two

discontinuities appear on the right side of the threshold.

When disaggregated by gender, the female sample shows some evidence of discontinuity: one in

2014, three in 2015, two in 2016, and one in the pooled sample. By contrast, the male sample
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exhibits no statistically significant discontinuities at any placebo cut-off point. Overall, while

a few significant discontinuities emerge, primarily within the female subsample, most placebo

estimates are statistically insignificant. This pattern provides reassurance that the RD estimates

are not driven by arbitrary breaks in the running variable, thereby supporting the internal

validity of the identification strategy.

Covariate balance

Balance on covariates involves examining whether the observable characteristics of units just

below and just above the threshold are similar. If these covariates are balanced, this supports

the idea that units near the threshold are comparable, reinforcing the validity of the RD design.

Tables 4.7, 4.8 and 4.9 show the impact of school entry age on the pre-determined characteristics

of units. Statistically significant differences in units around the threshold would call the RD

design into question.

Table 4.7 depicts the impact of school entry age on language of interview for the overall and female

samples. The respondents were interviewed in eleven languages as shown in the table. If the RD

design is valid, school entry age should not systematically influence the language of interview,

i.e., the coefficients should be small and statistically insignificant. Most of the coefficients are

small in magnitude and statistically insignificant, indicating no systematic relationship between

school entry age and language of interview. This supports the validity of the RD design.

Table 4.8 presents the results of covariate balance tests evaluating whether the school entry age

cut-off affects the language of interview for the male sample across the survey years 2014 to 2018,

as well as for the pooled sample. For the majority of years and language groups, the estimated

coefficients are small in magnitude and statistically insignificant, suggesting that the running

variable is generally balanced with respect to this covariate, a key requirement for the validity of

the RD design.

Nonetheless, a few notable exceptions are observed. In 2014, Afrikaans shows a modest but

statistically significant negative coefficient. In 2015, Sesotho and Siswati exhibit significant dis-

continuities. For 2016, Setswana and Zulu show positive and statistically significant differences.
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Table 4.7: Covariate balance: assessing impact of school entry age on language of interview for the overall and female samples

(1) (2) (3) (4) (5) (6)
2014 2015 2016 2017 2018 All Years

Panel (a): Overall Sample

Afrikaans -0.024∗∗ -0.007 0.008 0.005 0.004 -0.000
(0.012) (0.008) (0.010) (0.011) (0.006) (0.004)

English 0.010 -0.004 -0.004 0.016 -0.009 0.002
(0.012) (0.022) (0.022) (0.024) (0.021) (0.008)

Ndebele -0.007 0.014 0.007 0.026∗∗∗ 0.006 0.007
(0.007) (0.009) (0.009) (0.010) (0.008) (0.004)

Sepedi 0.009 -0.010 0.002 0.063∗∗∗ 0.004 0.014
(0.017) (0.023) (0.020) (0.024) (0.019) (0.010)

Sesotho -0.047∗∗ -0.026 -0.021 -0.032 0.017 -0.022∗∗
(0.020) (0.020) (0.019) (0.020) (0.019) (0.009)

Siswati 0.020∗ -0.004 -0.008 -0.028 -0.017 -0.004
(0.012) (0.011) (0.011) (0.019) (0.016) (0.007)

Tsonga -0.007 0.019 0.007 0.014 0.014 0.007
(0.009) (0.018) (0.016) (0.012) (0.012) (0.006)

Setswana 0.014 0.045∗∗ -0.026 -0.069∗∗∗ -0.014 -0.005
(0.015) (0.020) (0.021) (0.022) (0.021) (0.009)

Tshivenda 0.000 -0.016 -0.005 0.007 -0.001 -0.005
(0.006) (0.012) (0.010) (0.016) (0.013) (0.005)

Xhosa 0.019∗ 0.003 -0.000 -0.013 -0.006 0.004
(0.011) (0.017) (0.014) (0.017) (0.012) (0.007)

Zulu -0.007 0.004 0.048∗∗ -0.011 -0.015 0.005
(0.018) (0.030) (0.022) (0.028) (0.029) (0.009)

Panel (b): Female Sample

Afrikaans -0.011 -0.027∗ 0.009 0.016 0.009 0.001
(0.014) (0.015) (0.016) (0.011) (0.008) (0.006)

English 0.024 -0.075∗∗ 0.001 -0.022 -0.056∗∗ -0.016
(0.020) (0.030) (0.029) (0.030) (0.028) (0.012)

Ndebele -0.014 0.030∗ 0.010 0.020 0.005 0.009
(0.009) (0.016) (0.013) (0.017) (0.013) (0.007)

Sepedi 0.024 -0.006 0.018 0.025 -0.005 0.007
(0.023) (0.037) (0.033) (0.031) (0.027) (0.012)

Sesotho -0.037 0.008 -0.028 0.002 0.053∗ -0.005
(0.025) (0.029) (0.031) (0.027) (0.028) (0.012)

Siswati 0.031∗∗ -0.049∗∗ -0.004 -0.049∗ -0.053∗∗∗ -0.016
(0.015) (0.022) (0.022) (0.028) (0.020) (0.010)

Tsonga -0.003 0.001 0.019 0.010 0.051∗∗ 0.010
(0.014) (0.017) (0.020) (0.019) (0.022) (0.008)

Setswana 0.013 0.107∗∗∗ 0.005 -0.028 -0.018 0.013
(0.021) (0.037) (0.027) (0.027) (0.026) (0.012)

Tshivenda 0.003 -0.021 -0.017 -0.015 -0.004 -0.010
(0.010) (0.016) (0.014) (0.023) (0.018) (0.007)

Xhosa 0.002 0.007 -0.019 -0.023 0.003 -0.004
(0.015) (0.021) (0.022) (0.026) (0.017) (0.009)

Zulu -0.034 0.029 0.014 0.070 0.008 0.008
(0.026) (0.037) (0.041) (0.042) (0.035) (0.014)

Note: The dependent variable is the the respective language while the independent variable is the running variable (birthdays). Robust standard errors
are in parentheses. ***, ** and * indicate statistical significance at the 1, 5 and 10% critical levels. All statistically significant languages were included
in the estimation of the treatment effect as a covariate. All specifications are estimated with the following covariates: age group, marital status, sex and
province of residence. The optimal bandwidths were estimated via the rdbwselect command in Stata (Calonico et al., 2014a).

In 2017, significant imbalances are detected for Ndebele, Sesotho, and Setswana, while Sepedi

shows a significant increase. Finally, in the pooled sample, only Sesotho is associated with a

statistically significant discontinuity.

Overall, although a handful of statistically significant differences are detected in specific years

and languages, the general pattern supports covariate balance on the language of interview for

the male sample, thereby reinforcing the validity of the RD design.

Table 4.9 tests whether school entry age assignment is balanced across different household
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Table 4.8: Covariate balance: assessing impact of school entry age on language of interview for the male sample

(1) (2) (3) (4) (5) (6)
2014 2015 2016 2017 2018 All Years

Afrikaans -0.027∗ 0.010 0.008 -0.010 0.012 -0.008
(0.016) (0.010) (0.012) (0.015) (0.011) (0.007)

English 0.002 0.038 -0.002 0.034 0.031 0.017
(0.019) (0.034) (0.031) (0.032) (0.027) (0.011)

Ndebele -0.001 0.002 -0.003 0.027∗∗∗ 0.002 0.005
(0.009) (0.010) (0.010) (0.010) (0.008) (0.005)

Sepedi -0.004 -0.019 -0.016 0.103∗∗∗ 0.010 0.013
(0.022) (0.036) (0.030) (0.036) (0.025) (0.015)

Sesotho -0.038 -0.069∗∗ -0.021 -0.061∗∗ -0.013 -0.044∗∗∗
(0.024) (0.029) (0.026) (0.028) (0.024) (0.014)

Siswati 0.007 0.026∗ -0.017 -0.011 0.013 0.005
(0.018) (0.015) (0.013) (0.023) (0.022) (0.009)

Tsonga -0.014 0.023 -0.005 0.023 0.003 0.003
(0.014) (0.027) (0.024) (0.017) (0.019) (0.009)

Setswana 0.033 0.006 -0.052∗ -0.095∗∗∗ -0.005 -0.017
(0.022) (0.033) (0.030) (0.032) (0.029) (0.013)

Tshivenda -0.000 -0.013 0.007 0.024 -0.002 0.003
(0.007) (0.016) (0.014) (0.021) (0.017) (0.007)

Xhosa 0.015 -0.005 0.012 -0.004 -0.011 0.011
(0.014) (0.024) (0.022) (0.020) (0.021) (0.010)

Zulu 0.021 0.013 0.081∗∗ -0.067∗ -0.031 0.003
(0.024) (0.044) (0.033) (0.040) (0.039) (0.014)

Note: The dependent variable is the the respective language while the independent variable is the running variable (birthdays). Robust standard errors
are in parentheses. ***, ** and * indicate statistical significance at the 1, 5 and 10% critical levels. All statistically significant languages were included
in the estimation of the treatment effect as a covariate. All specifications are estimated with the following covariates: age group, marital status, sex and
province of residence. The optimal bandwidths were estimated via the rdbwselect command in Stata (Calonico et al., 2014a).

relationships across survey years. The goal is to ensure there are no systematic differences in

household composition that could bias the RD design. Most coefficients are small and statistically

insignificant, suggesting no strong relationship between school entry age and relationship to the

head of household. This supports the validity of the RD design.

In general, I find that the pre-determined covariates are balanced. Where I find imbalance, I

incorporate the the concerned coviates in the estimation of relevant RD models.

4.4.6 Sensitivity analysis

I conduct three sensitivity tests. These include varying the bandwidth size, using donut RD, and

varying the polynomial order.

Bandwidth size

Selecting an optimal bandwidth involves a variance-bias trade-off. A narrower bandwidth yields a

more precise estimate around the cut-off point, yet it risks amplifying noise. Conversely, a broader

bandwidth diminishes noise but may obscure the treatment effect. Hence, careful consideration

of data characteristics and the research question is vital in determining the optimal bandwidth
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Table 4.9: Covariate balance: assessing impact of school entry age on relation to head of household for the overall sample

(1) (2) (3) (4) (5) (6)
2014 2015 2016 2017 2018 All Years

Panel (a): Overall Sample

Head of Household (HHD) -0.060∗ 0.013 -0.017 0.032 0.042 -0.010
(0.032) (0.039) (0.035) (0.035) (0.045) (0.016)

Spouse 0.033 -0.026 0.011 -0.010 -0.004 -0.002
(0.021) (0.025) (0.030) (0.029) (0.026) (0.011)

Child -0.026 0.017 -0.038 -0.038 -0.041 -0.024∗
(0.022) (0.023) (0.031) (0.029) (0.032) (0.014)

Sibling -0.008 0.004 -0.033∗ -0.005 0.003 -0.010
(0.013) (0.016) (0.018) (0.013) (0.018) (0.006)

Parent 0.001 0.003 0.001 0.002 0.000 0.001
(0.002) (0.003) (0.001) (0.002) (0.000) (0.001)

Grandchild 0.015 -0.007 0.024∗∗ 0.009 0.010 0.010∗
(0.011) (0.011) (0.011) (0.008) (0.009) (0.005)

Other relative 0.039∗∗ 0.012 0.020 0.005 0.021 0.021∗∗∗
(0.017) (0.016) (0.014) (0.012) (0.013) (0.007)

Not related 0.002 -0.005 -0.004 -0.006 -0.003 -0.000
(0.006) (0.008) (0.008) (0.008) (0.008) (0.003)

Panel (b): Female Sample

Head of Household -0.042 0.017 -0.001 0.029 0.009 -0.016
(0.035) (0.061) (0.054) (0.057) (0.060) (0.026)

Spouse 0.065∗ -0.061 -0.035 -0.054 -0.054 -0.031∗
(0.034) (0.040) (0.053) (0.051) (0.044) (0.016)

Child -0.028 0.005 0.015 0.020 0.026 -0.000
(0.034) (0.042) (0.043) (0.044) (0.042) (0.020)

Sibling -0.000 -0.011 -0.036 -0.006 -0.011 -0.016
(0.014) (0.021) (0.025) (0.017) (0.019) (0.010)

Parent 0.003 0.007 0.002 0.003 0.000 0.002
(0.003) (0.008) (0.003) (0.004) (0.002) (0.002)

Grandchild 0.029∗ -0.013 0.011 0.018 0.016 0.016∗∗
(0.015) (0.017) (0.015) (0.015) (0.015) (0.007)

Other relative 0.052∗∗ 0.026 0.016 0.012 0.019 0.026∗∗
(0.026) (0.023) (0.024) (0.020) (0.023) (0.012)

Not related -0.005 -0.007 -0.003 -0.008 0.002 -0.003
(0.007) (0.005) (0.011) (0.011) (0.007) (0.005)

Panel (b): Male Sample

Head of Household -0.002 -0.007 0.021 0.075∗ 0.089∗ 0.016
(0.040) (0.045) (0.045) (0.043) (0.052) (0.019)

Spouse -0.019 -0.007 -0.008 -0.011 -0.008 -0.008
(0.016) (0.017) (0.015) (0.016) (0.016) (0.006)

Child -0.000 0.017 -0.034 -0.082∗∗ -0.109∗∗ -0.025
(0.032) (0.031) (0.034) (0.040) (0.044) (0.017)

Sibling -0.018 0.010 -0.030 0.008 0.014 -0.005
(0.021) (0.021) (0.021) (0.019) (0.027) (0.010)

Parent N/A N/A N/A N/A N/A N/A
Grandchild 0.000 -0.002 0.037∗∗∗ 0.004 0.006 0.007

(0.015) (0.013) (0.012) (0.009) (0.011) (0.007)
Other relative 0.023 -0.007 0.025 0.007 0.019 0.015∗

(0.018) (0.018) (0.020) (0.014) (0.017) (0.008)
Not related 0.023 -0.007 0.025 0.007 0.019 0.015∗

(0.018) (0.018) (0.020) (0.014) (0.017) (0.008)

Note: The dependent variable is the the respective relationship to the head of the household while the independent variable is the running variable
(birthdays). Robust standard errors are shown in parentheses. ***, ** and * indicate statistical significance at the 1, 5 and 10% critical levels. All
statistically significant variables were included in the estimation of the treatment effect as a covariate. All specifications are estimated with the
following covariates: age group, marital status, sex and province of residence. The optimal bandwidths were estimated via the rdbwselect command in
Stata (Calonico et al., 2014a).

method (Cattaneo, Idrobo and Titiunik, 2020). Therefore, the first sensitivity test that I applied

involves examining how changes in bandwidth size affect the main results estimated in Tables

4.3, 4.4 and 4.5. I re-estimate the equations for all individuals, women and men for the period

2014-2018 (including the pooled sample) using bandwidth sizes of 10 - 90 birthdays. I use a

data-driven bandwidth selection method as proposed by Calonico et al. (2017). The results are
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presented in Table 4.10. The optimal bandwidth for 2014 is approximately 34 days, yielding a

Table 4.10: Impact of years of education on the logarithm of monthly earnings at different bandwidths

(1) (2) (3) (4) (5) (6) (7) (8) (9)
h=10 h=20 h=30 h=40 h=50 h=60 h=70 h=80 h=90

Panel (b): Overall Sample

2014 0.319∗∗∗ 0.275∗∗ 0.287∗∗ 0.354∗∗ 0.390∗ 0.389 0.382 0.394 0.413
(0.112) (0.114) (0.126) (0.166) (0.225) (0.253) (0.281) (0.306) (0.316)

2015 0.398 0.121 0.102 0.100 0.125 0.127 0.116 0.115 0.115
(0.279) (0.145) (0.105) (0.108) (0.111) (0.104) (0.112) (0.124) (0.124)

2016 0.225∗∗ 0.288∗∗ 0.189∗ 0.138 0.127 0.139 0.143 0.154 0.158
(0.106) (0.123) (0.112) (0.141) (0.169) (0.168) (0.205) (0.248) (0.269)

2017 0.100 0.121∗ 0.157∗∗ 0.184∗ 0.213∗ 0.231∗ 0.244 0.235 0.223
(0.069) (0.072) (0.073) (0.095) (0.115) (0.127) (0.154) (0.160) (0.151)

2018 0.072 0.068 0.074 0.071 0.081 0.061 -0.029 -0.192 -0.377
(0.086) (0.083) (0.106) (0.174) (0.268) (0.260) (0.317) (0.448) (0.559)

All Years 0.204∗∗∗ 0.178∗∗∗ 0.173∗∗∗ 0.185∗∗∗ 0.197∗∗ 0.191∗∗ 0.177∗ 0.164 0.148
(0.048) (0.049) (0.051) (0.066) (0.082) (0.085) (0.103) (0.127) (0.146)

Panel (b): Female Sample

2014 0.533∗∗∗ 0.333∗∗ 0.351 0.493 0.551 0.530 0.427 0.276 0.135
(0.195) (0.152) (0.215) (0.404) (0.635) (0.783) (1.040) (1.186) (1.300)

2015 0.293∗ 0.109 0.156 0.175 0.214 0.219∗ 0.209 0.212 0.205
(0.158) (0.148) (0.120) (0.130) (0.136) (0.132) (0.150) (0.172) (0.168)

2016 0.334∗∗∗ 0.352∗∗ 0.234∗ 0.178 0.183 0.201 0.214 0.234 0.262
(0.109) (0.157) (0.138) (0.176) (0.202) (0.187) (0.220) (0.273) (0.321)

2017 0.289∗∗ 0.295∗∗ 0.230∗ 0.232 0.301 0.314 0.309 0.332 0.414
(0.138) (0.144) (0.132) (0.163) (0.218) (0.241) (0.303) (0.343) (0.359)

2018 0.138 0.248 0.270 0.290 0.329 0.302 0.268 0.113 -0.175
(0.190) (0.241) (0.320) (0.475) (0.658) (0.495) (0.632) (1.091) (1.501)

All Years 0.365∗∗∗ 0.309∗∗∗ 0.270∗∗∗ 0.280∗∗ 0.300∗∗ 0.286∗ 0.257 0.208 0.161
(0.076) (0.082) (0.087) (0.115) (0.147) (0.148) (0.191) (0.256) (0.297)

Panel (c): Male Sample

2014 0.155 0.212 0.238 0.275∗ 0.308 0.333 0.400 0.528∗ 0.671∗∗
(0.134) (0.156) (0.149) (0.166) (0.209) (0.231) (0.265) (0.307) (0.339)

2015 -0.566 0.162 0.022 -0.016 -0.006 0.003 -0.009 -0.022 -0.027
(2.629) (0.389) (0.188) (0.190) (0.184) (0.150) (0.147) (0.152) (0.152)

2016 -0.243 0.148 0.074 0.042 0.029 0.047 0.100 0.182 0.183
(0.679) (0.217) (0.200) (0.248) (0.315) (0.334) (0.439) (0.527) (0.521)

2017 0.005 0.062 0.136 0.148 0.096 0.075 0.047 0.008 -0.038
(0.098) (0.090) (0.095) (0.141) (0.157) (0.179) (0.219) (0.239) (0.258)

2018 -0.102 -0.091 -0.090 -0.175 -0.211 -0.264 -0.419 -0.793 -1.199∗
(0.133) (0.108) (0.141) (0.318) (0.635) (0.534) (0.552) (0.597) (0.690)

All Years 0.028 0.058 0.078 0.083 0.082 0.084 0.088 0.102 0.108
(0.076) (0.065) (0.063) (0.082) (0.101) (0.105) (0.120) (0.132) (0.139)

Note: The dependent variable in the first-stage equations is years of schooling while the dependent variable in the second stage equation is the logarithm
of monthly earnings. Robust standard errors are in parentheses. ***, ** and * indicate statistical significance at the 1, 5 and 10% critical levels. All
specifications are estimated with the following covariates: metropolitan status, marital status, sex and household size. The optimal bandwidths were
estimated via the rdbwselect command in Stata (Calonico et al., 2014a).

statistically significant treatment effect of 30.2%. At a 30-day bandwidth, the estimate is 28.7%,

and it rises to 35.4% at 40 days. Although the estimates are similar across bandwidths, statistical

significance weakens as the bandwidth increases, suggesting the true effect is likely captured

near the optimal range.

For 2015, the optimal bandwidth is around 33 days, producing a treatment effect of 10.6%, which

is statistically insignificant. Comparable results, both in magnitude and lack of significance,

are observed across other bandwidth sizes. 2016 shows an optimal bandwidth of 28 days with

a statistically significant effect of 20.9%. At 30 days, the estimate is 18.9%, and it increases to
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28.8% at 20 days. While the estimates remain fairly stable, both the size and significance of the

effect decline as the bandwidth widens.

In 2017, the optimal bandwidth is approximately 45 days, associated with a significant treatment

effect of 20.3%. The estimates remain consistent at 40 days (18.4%) and 50 days (21.3%), though

significance disappears once the bandwidth exceeds 70 days. The bandwidth for 2018 is optimally

set at 26 days, producing an effect of 6.5%, which is not statistically significant. Estimates across

other bandwidths remain similar in both size and significance. Lastly, the pooled sample (All

Years) yields an optimal bandwidth of 19 days, with a statistically significant treatment effect of

18.4%. This estimate remains stable across a range of bandwidth choices, both in magnitude and

significance.

For the female sample, in 2014, the optimal bandwidth is approximately 32 days with a treatment

estimate of 35.10%. The estimate increases slightly to 35.70% at a bandwidth of 30 days but

remains statistically insignificant. While the point estimates vary across bandwidths, they are

statistically insignificant for most bandwidth sizes. For 2015 and 2016, the estimates remain

stable and statistically insignificant across bandwidths, indicating robustness to bandwidth

choice.

In contrast, the 2017 estimate is statistically significant and stable at both the 29-day optimal

bandwidth (23.2%) and the 30-day alternative (23.0%). Notably, the effect also remains signifi-

cant at 10-day and 20-day bandwidths, underscoring its robustness. In 2018, the estimates are

consistent across bandwidths (27.5% at optimal and 27.0% at alternative), suggesting similar ro-

bustness. The pooled estimate is both stable and statistically significant across bandwidths (29.9%

at 22-day optimal and 30.9% at 20-day alternative), highlighting a robust average treatment

effect for the female sample.

For the male sample, the estimates at most alternative bandwidth sizes are statistically insignifi-

cant across the years, consistent with the main results reported in Table 4.5.
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Donut RD

Donut RD involves re-estimating the fuzzy RD model while excluding observations that are

very close to the cut-off date, effectively creating a "donut hole" around the threshold. The main

objective is to test whether the estimated treatment effects are sensitive to observations near

the cut-off (Barreca et al., 2011; Fan et al., 2018). In this study, I have already implemented this

approach by excluding individuals whose date of birth falls on 1 January. The corresponding

results are presented in Tables 4.3, 4.4, and 4.5 for the overall, female, and male samples,

respectively. In this sub-section, I extend the robustness check by excluding observations born

within one and two days of 1 January. The results are reported for the first- and second-stage

equations in Tables 4.11 and 4.12. For brevity, I do not present reduced-form estimates. However,

for convenience, I replicate the ±0 donut RD estimates.

Table 4.11: Impact of school entry age on years of education at different donut holes for overall, female and male samples

(1) (2) (3) (4) (5) (6)
2014 2015 2016 2017 2018 All Years

Panel (a): Overall Sample

±0-day donut -0.817∗∗∗ -0.984∗∗∗ -1.039∗∗∗ -0.771∗∗∗ -1.066∗∗∗ -1.221∗∗∗
(0.267) (0.345) (0.343) (0.285) (0.351) (0.186)

±1-day donut -0.357 -1.060∗∗∗ -1.008∗∗ -0.640∗∗ -1.147∗∗∗ -1.029∗∗∗
(0.252) (0.354) (0.394) (0.304) (0.382) (0.181)

±2-day donut -0.716∗∗ -0.963∗∗ -0.959∗∗ -0.434 -1.002∗∗ -1.0399∗∗∗
(0.343) (0.438) (0.392) (0.316) (0.425) (0.218)

Panel (b): Female Sample

±0-day donut -0.772∗∗ -0.984∗∗ -1.230∗∗ -1.117∗∗ -0.475 -1.072∗∗∗
(0.393) (0.439) (0.487) (0.494) (0.466) (0.246)

±1-day donut -0.642 -0.754∗ -0.490 -1.068∗∗ -0.412 -0.723∗∗∗
(0.458) (0.452) (0.494) (0.532) (0.451) (0.255)

±2-day donut -0.871 -0.670 -0.517 -0.945 -0.282 -0.710
(0.565) (0.528) (0.536) (0.618) (0.478) (0.282)

Panel (c): Male Sample

±0-day donut -1.078∗∗∗ -0.692∗ -0.785∗ -1.427∗∗∗ -1.376∗∗∗ -1.196∗∗∗
(0.394) (0.407) (0.469) (0.529) (0.495) (0.238)

±1-day donut -0.586 -1.132∗∗ -1.353∗∗∗ -1.219∗∗ -1.503∗∗∗ -1.336∗∗∗
(0.468) (0.527) (0.519) (0.527) (0.529) (0.269)

±2-day donut -0.741 -1.219∗∗ -1.481∗∗ -0.915∗ -1.437∗∗ -1.253∗∗∗
(0.536) (0.565) (0.580) (0.536) (0.589) (0.278)

The dependent variable in the first-stage equations is years of schooling while the dependent variable in the second stage equations is the logarithm of
monthly earnings. Robust standard errors are in parentheses. ***, ** and * indicate statistical significance at the 1, 5 and 10% critical levels. Covariates
include metropolitan, sex, marital status and household size. The symbol ✓ denotes yes.

The first-stage estimates are presented in Table 4.11. As previously noted, for the overall sample,

the coefficient on school entry age is negative and statistically significant across all survey years,

including the pooled sample. These results are reported as ±0-day donut estimates in the table. I

further compare them with the ±1-day and ±2-day donut estimates. As shown in the table, both

the ±1-day and ±2-day estimates suggest a negative and statistically significant effect of school

146

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



CHAPTER 4. TOO EARLY TO BENEFIT? SCHOOL ENTRY LAWS AND RETURNS TO
EDUCATION

entry age on education in all survey years, except for 2014 and 2017, respectively.

For the female sample, the ±0-day donut estimates indicate that school entry age has a negative

and statistically significant effect on education in all years except 2018, where the estimate

is insignificant. The ±1-day and ±2-day donut estimates are negative throughout the years,

including in the pooled sample, but are statistically significant only in 2015, 2017, and the pooled

results. Despite these differences in statistical significance, the magnitude of the coefficients

remains broadly consistent across specifications. The estimates for males closely mirror those of

the overall sample.

I now turn to the second-stage estimates, presenting the effect of education on earnings using

the ±0-day, ±1-day and ±2-day donut samples (see Table 4.12). As previously observed, for the

overall sample, the ±0 donut RD specification shows that education has a statistically significant

positive effect on earnings in 2014, 2016, and 2017, with no significant effects in 2015 and 2018.

The pooled estimate is also positive and statistically significant. Increasing the “donut hole”

by one day yields similar results: the effect remains statistically significant in 2016 and 2017,

though the significance in 2014 disappears. The pooled estimate continues to be positive and

statistically significant, and its magnitude is similar to the ±0 estimate.

The estimated effects are also comparable across most years, except in 2015, where the sign

reverses and the estimate becomes notably smaller. When the “donut hole” is expanded to two

days, the statistical significance disappears for all individual years, except for the pooled estimate,

which remains significant but with a reduced effect size. Nonetheless, the magnitude of the

estimates remains relatively stable across years, suggesting that the preferred model is robust to

moderate changes in bandwidth around the cut-off.

For the female sample, the ±0 donut RD estimates indicate that education has a statistically

significant effect on monthly log earnings in 2017, with the pooled estimate also being positive

and statistically significant. Increasing the “donut hole” by one day yields similar results: the

effect remains significant in 2017, and the pooled estimate continues to be positive and significant.

However, when the “donut hole” is expanded to two days, statistical significance disappears,
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Table 4.12: Impact of education on the logarithm of monthly earnings at different donut holes for overall, female and male samples

(1) (2) (3) (4) (5) (6)
2014 2015 2016 2017 2018 All Years

Panel (a): Overall Sample

±0-day donut 0.302∗∗ 0.106 0.209∗ 0.203∗ 0.065 0.184∗∗∗
(0.133) (0.102) (0.114) (0.104) (0.098) (0.049)

±1-day donut 0.497 -0.033 0.277∗ 0.294∗ 0.113 0.178∗∗∗
(0.394) (0.115) (0.165) (0.156) (0.117) (0.062)

±2-day donut 0.135 -0.041 0.144 0.390 0.063 0.115∗
(0.155) (0.152) (0.173) (0.270) (0.147) (0.070)

Panel (b): Female Sample

±0-day donut 0.357 0.188 0.222 0.232∗ 0.275 0.299∗∗∗
(0.222) (0.133) (0.141) (0.129) (0.374) (0.082)

±1-day donut 0.270 0.127 0.171 0.285∗ 0.880 0.317∗∗
(0.301) (0.181) (0.404) (0.164) (3.130) (0.149)

±2-day donut -0.133 0.109 -0.009 0.218 -0.306 0.129
(0.288) (0.241) (0.495) (0.197) (65.824) (0.148)

Panel (c): Male Sample

±0-day donut 0.238 -0.013 0.104 0.125 -0.102 0.064
(0.148) (0.188) (0.207) (0.092) (0.124) (0.063)

±1-day donut 0.523 -0.114 0.167 0.220 -0.093 0.077
(0.415) (0.165) (0.156) (0.137) (0.131) (0.067)

±2-day donut 0.469 -0.072 0.126 0.311 -0.101 0.086
(0.334) (0.158) (0.171) (0.215) (0.143) (0.074)

The dependent variable in the first-stage equations is years of schooling while the dependent variable in the second stage equations is the logarithm of
monthly earnings. Robust standard errors are in parentheses. ***, ** and * indicate statistical significance at the 1, 5 and 10% critical levels. Covariates
include metropolitan, sex, marital status and household size. The symbol ✓ denotes yes.

although the magnitude of the effect remains broadly similar. Overall, these results suggest that

the estimated effect of education on female earnings is relatively stable across small changes in

the exclusion window around the cut-off.

For the male sample, the ±0 donut RD estimates indicate no statistically significant effect of

education on monthly log earnings in any year or in the pooled sample. The ±1-day and ±2-day

donut RD specifications yield similar findings. These results suggest that the estimated effect of

education on male earnings is consistently insignificant and relatively insensitive to changes in

the number of observations excluded around the threshold.

Polynomial order

Gelman and Imbens (2019) suggests that higher-order polynomials should not be used in re-

gression discontinuity. The main results presented in Tables 4.3 – 4.5 were estimated using

a first-order polynomial. In Table 4.13, I increase the polynomial order to two and compare

the results from both specifications. For convenience, the first-order polynomial estimates are

replicated in Table 4.13. As previously observed, for the overall sample, the first-order polynomial

results show a statistically significant positive effect of education on log monthly earnings in
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2014, 2016, and 2017, with no significant effects in 2015 and 2018. The pooled estimate is also

positive and statistically significant.

Table 4.13: Impact of education on logarithm of monthly earnings at different polynomial orders for the overall, female and male
samples

(1) (2) (3) (4) (5) (6)
2014 2015 2016 2017 2018 All Years

Panel (a): Overall Sample (±0 Donut RD)

Polynomial Order 1 0.302∗∗ 0.106 0.209∗ 0.203∗ 0.065 0.184∗∗∗
(0.133) (0.102) (0.114) (0.104) (0.098) (0.049)

Polynomial Order 2 0.272∗∗ 0.111 0.231∗∗ 0.087 0.056 0.193∗∗∗
(0.110) (0.121) (0.105) (0.081) (0.097) (0.051)

Panel (b): Female Sample (±0 Donut RD)

Polynomial Order 1 0.357 0.188 0.222 0.232∗ 0.275 0.299∗∗∗
(0.222) (0.133) (0.141) (0.129) (0.374) (0.082)

Polynomial Order 2 0.428∗ 0.131 0.230 0.303∗∗ 0.266 0.364∗∗∗
(0.244) (0.137) (0.151) (0.147) (0.303) (0.088)

Panel (c): Male Sample (±0 Donut RD)

Polynomial Order 1 0.238 -0.013 0.104 0.125 -0.102 0.064
(0.148) (0.188) (0.207) (0.092) (0.124) (0.063)

Polynomial Order 2 0.203 0.032 0.093 0.124 -0.061 0.024
(0.148) (0.218) (0.227) (0.099) (0.105) (0.084)

The dependent variable in the first-stage equations is years of schooling while the dependent variable in the second stage equations is
the logarithm of monthly earnings. Robust standard errors are in parentheses. ***, ** and * indicate statistical significance at the 1, 5
and 10% critical levels. Covariates include metropolitan, sex, marital status and household size. The symbol ✓ denotes yes.

Increasing the polynomial order to two yields broadly similar results: education has a statistically

significant effect in 2014 and 2016, and the pooled estimate remains positive and significant. The

magnitude of the estimated effects under both specifications is comparable across most years:

2014, 2015, 2016, 2018, and in the pooled sample. However, in 2017, the second-order polynomial

estimate is smaller and statistically insignificant, contrasting with the significant first-order

result. Overall, the findings suggest that the estimated treatment effect of education on earnings

is largely robust to the choice of polynomial order across survey years.

The first-order polynomial results indicate that education has a statistically significant positive

effect on monthly log earnings for females in 2017, as well as in the pooled sample. When the

polynomial order is increased to two, the estimates remain statistically significant in 2017 and the

pooled sample, and additionally become significant in 2014. The estimated effect sizes are broadly

similar across the two specifications. These results suggest that the impact of education on female

earnings is both positive and relatively stable across different model specifications. The first-order

polynomial results for males indicate that education has no statistically significant effect on

monthly log earnings in any year or in the pooled sample. The second-order polynomial yields
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similar findings. These results suggest that education does not have a statistically significant

impact on male earnings, regardless of the polynomial specification or survey year.

4.5 Conclusion

The admission policy for first time school entry into South African schools requires that children

turn seven years of age by 30 June for enrollment in Grade 1, otherwise they should start shool

the following year in which they turn eight years of age. The study exploits exogenous variation

in educational attainment arising from the school entry policy to address the endogeneity of

education and estimate the causal returns to schooling. The analysis uses data from the General

Household Survey for the years 2014–2018, which includes exact information on individuals’

dates of birth.

The evidence presented in this chapter indicates that there is a relatively high concentration of

births around 1 January. This fact puts the RD design into question. The uneven distribution

of date of birth around 1 January suggests that parents act strategically to take advantage of

school entry rules. In this case parents assume that there advantages of having their children

start school early. To address the problem of manipulation, I employ a donut fuzzy regression

discontinuity. While numerous studies globally have investigated the impact of school starting

age on labour market earnings, similar analyses remain scarce in Sub-Saharan Africa. As a

result, the effects of early school entry in these contexts are largely unknown.

This study seeks to address this gap by focusing on Black South Africans, a population whose

socioeconomic and institutional experiences were profoundly shaped by apartheid. The legacy

of racial discrimination permeated all areas of life, including education and labour markets,

relegating the Black majority to the economic margins. Although the democratic transition in

1994 abolished openly discriminatory laws, many Black South Africans continue to experience

adverse socioeconomic outcomes, including poor-quality education and pervasive poverty. Most

Black students still attend formerly disadvantaged schools, which often fail to deliver adequate

cognitive skills. Furthermore, Black people continue to experience particularly poor labour market

150

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



CHAPTER 4. TOO EARLY TO BENEFIT? SCHOOL ENTRY LAWS AND RETURNS TO
EDUCATION

outcomes, such as elevated unemployment rates and disproportionately low-paying jobs among

women, reflecting both historical and ongoing gender and racial inequality.

The results reveal that early school entry reduced the total number of years of education and

monthly earnings, on average. However, the findings also show that among individuals who

started school earlier, education significantly increased monthly earnings. These findings raise

important questions about the optimal age for school entry. Early school entry could lead to higher

repetition rates and poor academic performance among children who are not developmentally

ready for school. Conversely, delaying school entry may improve school readiness and long-term

outcomes, but it may delay entry into the labour market. Therefore, finding the right balance

is critical to ensuring that children begin formal education at an age that maximizes both

educational success and long-term economic outcomes.
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APPENDIX C

Figure C1: McCrarry manipulation test for women: 2014-2018

Source: Author’s calculations based on data from the GHS 2014-2018.
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Figure C2: McCrarry manipulation test for men: 2014-2018

Source: Author’s calculations based on data from the GHS 2014-2018.
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Figure C3: Covariate balance tests: gender, marital status and age group

Source: Author’s calculations based on data from the GHS 2014-2018.
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Figure C4: Covariate balance tests: province of residence at the time of the survey

Source: Author’s calculations based on data from the GHS 2014-2018.
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CONCLUSION

The apartheid regime in South Africa affected all spheres of life including the education system

and the labour market (Mtapuri and Tinarwo, 2021). Through the racial discriminatory policies

and practices of the apartheid era Black people were subjected to a separate and poor-quality

education system that was meant to impart only basic skills needed for the manual labour

and menial jobs that the government deemed suitable for those of their race (Thobejane, 2013;

Mtapuri and Tinarwo, 2021). For the majority Black population, this meant limited career

development and confinement to low-paying jobs. These policies and practices increased the

income inequality between Blacks and Whites. Black women were worse off than their fellow

Black men as unfavourable patriarchal beliefs and practices of the past limited their career

development as they were confined to rural areas or worked in low-paying jobs such as domestic

work in urban centres (Espi et al., 2019; Mosomi, 2019b).

The democratic transition of 1994 marked a turning point in South Africa’s history, as the new

government sought to dismantle apartheid-era structures and create a more inclusive society.

Central to these efforts were reforms in education and the labour market. The 1996 Constitution,

which enshrined equality and human rights, provided the legal foundation for these changes

(Republic of South Africa, 1996a). One of the first major reforms was the introduction of the
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Schools Act in 1996, which established a new national curriculum aimed at promoting equity in

education. This act also introduced a compulsory schooling policy, ensuring that children of all

races had access to basic education (Republic of South Africa, 1996b).

In tandem with the education reforms, the government also implemented significant legislative

changes to transform the labour market. Key among these were the Labour Relations Act (LRA) of

1995 (Republic of South Africa, 1995), the Basic Conditions of Employment Act (BCEA) (Republic

of South Africa, 1997), the Employment Equity Act (EEA) of 1998 (Republic of South Africa,

1998), and the Broad-Based Black Economic Empowerment (B-BBEE) Act of 2003 (Republic of

South Africa, 2004). The LRA expanded workers’ rights by institutionalizing collective bargaining,

enabling union membership, and protecting the right to strike.

The BCEA aimed to create fairer employment conditions by mandating minimum standards, such

as annual leave, sick leave, severance pay, and other basic entitlements. Importantly, the BCEA

also introduced sector-specific minimum wages for vulnerable workers in industries with low

union representation or low average earnings. These industries included domestic work, contract

cleaning, private security, wholesale and retail, farming, forestry, taxis, learnerships, hospitality,

civil engineering, and children’s roles in advertising, creative arts, and cultural endeavors (Millea

et al., 2017; Nattrass, 2016). However, it was not until 2019 that a comprehensive national

minimum wage law was enacted, signaling the slow yet progressive journey towards addressing

economic inequalities.

The impact of these sector-specific minimum wage laws on employment and wages remains

an area of extensive study and debate, with findings offering a mixed picture. Some studies

report no statistically significant effects on employment rates following the implementation

of minimum wage laws. For instance, research by Bhorat et al. (2013); Conradie (2003, 2005);

Murray and Van Walbeek (2007) found limited evidence of employment changes across various

sectors. Conversely, other studies, such as Bhorat, Kanbur and Stanwix (2014), suggest that

minimum wage laws reduced the likelihood of employment, particularly in certain vulnerable

industries.
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The effect of minimum wage policies on wages is similarly inconclusive. Bhorat et al. (2013)

found that minimum wage laws successfully raised real hourly wages in sectors like private

security, retail, and domestic work. However, the same study noted wage decreases in the taxi

sector and statistically insignificant impacts in forestry. In the agricultural sector, minimum

wage regulations introduced notable wage increases for farm workers, as evidenced by Bhorat,

Kanbur and Stanwix (2014). These findings highlight the sector-specific nature of minimum wage

policies and their varying implications for workers and employers, underscoring the need for

nuanced approaches to labour market interventions.

Unemployment levels in South Africa are high with over 40% of the labour force without jobs

(see Figure 1.1). High levels of unemployment have significantly impacted the socioeconomic

landscape of the country by contributing to elevated levels of income inequality and poverty

(Anand et al., 2016). This issue affects not only individuals but also has a widespread effect on

communities, leading to a cycle of deprivation that is hard to break (The World Bank, 2018).

Although access to educational opportunities for the formerly disadvantaged non-White pop-

ulation has improved with the introduction of a non-racial education system and compulsory

schooling (UNESCO, 2020), educational outcomes remain poor, particularly within the Black

African and Coloured communities. These groups often face numerous challenges, including

under-resourced schools, inadequate facilities, and a lack of qualified teachers, which hinder

academic progress and limit students’ future job prospects (Spaull, 2013).

Therefore, South Africa provides a unique context to study the impact of education on the labour

market. This thesis addresses three specific objectives. The first objective is to investigate whether

education offers a channel for improving employment outcomes among men and women within

the Black African, Coloured, and White communities (the Indian/Asian race was excluded due

to small sample size). The second is to assess whether exposure to the compulsory schooling

reform increases returns to education at different locations of the wage distribution for Black

South Africans. The analysis is performed for both men and women. And the third objective is to

estimate the impact of education on wages of Black men and women South Africans.
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In Chapter 2 I took advantage of the compulsory schooling policy of 1997 and used it as a source

of exogenous variation to identify the causal effect of education on employment outcomes. The

instrumental variable is measured as the number of years of compulsory schooling an individual

was exposed to. Using a two-stage least squares method to estimate the causal effect of education

on employment with data from the General Household Surveys for the years 2014-2018, I showed

that the instrument is plausible since it has a strong correlation with the variable years of

education.

Also, the IV is exogenous since the compulsory education policy was merely intended to raise the

educational levels of the underserved population groups, and not designed to improve employment

outcomes directly. Thus, as an IV, it affects the years of education, but is unrelated to ability,

which is omitted in the analyses due to lack of data. The analysis of employment outcomes

provides evidence that education is endogenous, indicating that earlier South African research

probably have endogeneity bias.

The findings indicate that an additional year of education raises the likelihood of employment

by 7.3 to 28.4 percentage points, varying across survey years. The estimates point to notable

differences by gender and race — both in the effect of compulsory schooling on educational

attainment and in the impact of education on employment prospects. Disaggregating by gender,

the employment gains linked to an additional year of education range from 3.0 to 18.0 percentage

points for women and 3.0 to 13.9 percentage points for men. These results underscore the

importance of education in enhancing employment prospects in South Africa. Strengthening

access to quality education, especially at higher levels, can be an effective policy lever for

improving labour market outcomes. By promoting educational attainment, particularly among

disadvantaged groups, policymakers can help increase individuals’ chances of employment and

contribute to addressing South Africa’s persistently high unemployment rates.

The analysis of returns to education along the wage distribution in Chapter 3 involved estimating

the impact of compulsory schooling on returns to education along the distribution of earnings.

I applied the quantile regression and the quantile selection model to control for selection into

employment to find the rate of return to education at different locations of the earnings distribu-
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tion for both Black men and women who were exposed and those who were not exposed to the

compulsory schooling reform.

The findings indicate that returns to education vary based on exposure to compulsory schooling,

educational level, gender, and across the wage distribution. Returns are higher for women than

for men. In addition, women exposed to the compulsory schooling reform tend to earn more than

those who were not. A similar pattern is observed among men, but only at certain quantiles of

the wage distribution.

As expected, I find that female returns suffer from sample selection bias, and correcting for the

selection lowers their returns, depending on the location on the wage distribution. Moreover, the

results suggest a skills-biased labour market that increases wage inequality. This is supported

by the analysis that is based on levels of education, rather than years of education. I find

increasing returns along educational levels, rising from the lower to the higher end of the wage

distribution both for females and males. This increasing pattern of returns to education suggests

a skills-biased structure to the labour market, which increases wage inequality.

Chapter 4 explores the impact of education on labour market earnings among Black South

Africans. Under South Africa’s compulsory schooling law, children are required to begin Grade R

or Grade 1 in the calendar year they turn six or seven, provided their birthday falls on or before

June 30 of that admission year. Leveraging the natural variation in educational attainment

induced by this school entry cutoff, I estimate the returns to education using a regression

discontinuity design based on data from the General Household Survey (GHS) spanning 2014 to

2018. This study contributes to the limited body of research on the effects of school entry policies

within Sub-Saharan Africa.

The analysis detects indications of birth date manipulation around January 1st, likely intended

to circumvent school admission regulations. To mitigate bias arising from this manipulation,

individuals born on January 1st are excluded from the estimation sample. This exclusion helps

to reduce potential distortions in the estimated treatment effects. The findings suggest that

starting school at a younger age is associated with fewer completed years of schooling and lower
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earnings in the labour market. Nevertheless, for those who do enter school early, education exerts

a statistically significant positive influence on earnings. These results raise important policy

questions regarding the optimal age for school entry and underscore the need for targeted support

to younger entrants who may experience academic disadvantages.
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