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Abstract: The attainment of financial independence by women holds significant importance for
women’s empowerment and has implications for the increasing prevalence of female-headed
households in the country. Previous estimates of the gender wage gap in South Africa have relied
on self-reported surveys, which may not accurately represent the income distribution due to
underrepresentation of the upper tail and potential misreporting. To address these limitations, we
use administrative tax data to estimate the income differential by gender within the formal
economy from 2008 to 2021. Our findings reveal a widening gender wage gap over time. In 2008,
women earned approximately 89 cents for every ZAR1 earned by men, whereas by 2021, this ratio
decreased to 78 cents. Notably, the highest degree of inequality by gender is observed in the lower
tail of the income distribution. However, when examining the high-skill sector exclusively, the
income differential is largest at the 90" percentile of the conditional income distribution.
Furthermore, within this high-skill industry, women are more likely to occupy lower-paid
positions. Our findings suggest that efforts focusing on low-income categories and improving the
representation of women in senior management might reduce the income disparity by gender.
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1 Introduction

Female autonomy is necessary to overcome entrenched social norms that restrict female labour to domes-
tic tasks (Engels 1972). Financial independence enhances the agency of women (Anderson and Eswaran
2009) and is correlated with better child survival rates (Eswaran 2002). Reducing the gender wage gap
is particularly important for female-headed households, which account for 42.1% of homes in South
Africa (StatsSA 2022). As long as gender-based income disparities persist, individuals living in female-
headed households are more likely to experience poverty compared to those in male-headed households
(Mosomi 2019), influencing the welfare of the next generation. Reducing the gender wage differen-
tial enhances female welfare and empowerment as well as the welfare of the female-headed household
(Danquah et al. 2021). We estimate the gender wage differential in the formal economy.

Previous studies have estimated the gender wage gap in South Africa using self-reported surveys. How-
ever, self-reported measures can be flawed in accurately capturing income (Pedace 2000; Bargain et
al. 2018), and these measures may not represent the upper tail of the income distribution (Fortin et al.
2017). By utilizing administrative tax data, we include all employees working in the formal economy
to estimate the gender wage gap. Developed countries have calculated the wage differential by gender
using administrative data (Bayard et al. 2004; Hospido and Moral-Benito 2016; Fortin et al. 2017). A
search retrieves only one case of administrative data being used to estimate the gender pay gap in the
developing country context—that being Uruguay (Burdin et al. 2022).

Descriptive statistics show that the proportion of females in formal employment in South Africa has
consistently increased since 2008. Figure 1 shows that an employment gap still remains; it decreased
by 5.96 percentage points as of 2021. However, it is concerning that the income disparity at the median
level has widened over the same period. In 2008, women earned 89 cents for every ZAR1 of men’s
income, but by 2021, this figure dropped to 78 cents. This is due in part to the faster growth of male
median income relative to female median income. Additionally, we note a decline in the proportion of
women in the top-income-earning category within the high-skill sector from 2015 to 2021.

Using linear regression analysis, we note that males earn significantly more income than females at the
mean of the income distribution. Further, we find that the ‘poorest 10%’ income category is the most
unequal by gender. Of note, the administrative data do not capture informal activities, meaning that we
cannot accurately capture the gender pay gap at the lowest end of the income distribution. When limiting
the sample to the high-skill sector, the gender wage differential is smaller in the high-skill sector than
in the other industries. Also, with the use of quantile regression analysis, we note that the gender wage
differential is greatest in the ‘richest 10%’ income category, possibly due to the low number of women
in management positions (StatsSA 2022).

Section 2 provides a review of the related literature, followed by Section 3 which outlines the method-
ology. In Section 4, descriptive results are presented, while Section 5 explains the empirical strategy.
Section 6 presents the regression results, and Section 7 concludes.

2 Related literature

2.1  Women’s financial freedom in developing countries

Zawaira et al. (2022) find that female labour force participation is lower in patriarchal societies than in
matriarchal societies. Further, the authors find that gender attitudes can reduce female labour force par-
ticipation, as the traditional gender roles of males being the income earners and females being caregivers
persist across generations. In South Africa, Casale and Posel (2002) note that more women entered the
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formal and informal labour market during 1995-99 as women received less income support from men.
This shows the dual responsibilities of women consisting of caregiving and earning income to support
their families. Post-1999, the female labour force participation in South Africa continued to increase
(ILO 2022), alluding to the importance of females earning their own income and being more financially
independent.

Hanmer and Klugman (2016) find that in developing countries, four of five women experience at least
one constraint to their freedom. Constraints include encountering intimate partner violence, restricted
movement, lack of control over household resources, no control over contraception, and child marriage.
The authors note that financial freedom plays an integral part in improving the agency of women.

Reducing the wage differential by gender is a significant step in empowering women to be financially
independent, which is in turn related to improved well-being measures such as child nutrition and im-
proved family health care (Donald et al. 2020). Therefore, it is important to determine the progress that
women have made in South Africa’s formal economy.

2.2 The income differential by gender in South Africa

The gender wage gap has been estimated using survey data (e.g., Ntuli 2014; Bhorat and Goga 2012;
Mosomi 2019). A significant wage differential is found using the Labour Force Survey (LFS), October
Household Survey (OHS), and Post-Apartheid Labour Market Series (PALMS). The surveys obtain
income information by asking individuals whether they earn weekly/monthly/annual income between
different bounds; therefore, a specific income amount is not disclosed in the surveys.

Investigating the Black South African population specifically, Ntuli (2014) conducts a longitudinal study
(1995-2004), finding that the gender wage gap is the largest in the lowest-earning-income groups. This
result is confirmed when including all race categories (Bhorat and Goga 2013) and over a longer period
(1993-2019) (Mosomi 2019). Ntuli (2014) finds that the gender wage differential decreased from 1995
to 2004 in the 10" and 25" percentile groups using the LFS and OHS, which might be due to the
implementation of the national minimum wage policy (Mosomi 2019). While the gender wage gap has
improved at the lower tail, the overall trend of the median income gap remained unchanged from 1993
to 2019 (Mosomi 2019).

Other research has split the wage differential into explained and unexplained components. Griin (2004)
implements the Oaxaca-Blinder (OB) decomposition to estimate the gender wage differential and finds
that gender discrimination plays a role in the income gap.'

2.3 Explanations for the wage differential by gender

A strand of literature investigates the relationship between the income differential by gender and gender
segregation within sectors. Roberts and Schoer (2021) find that females earn more in male-dominated
industries relative to female peers in female-dominated occupations.> Landman and O’Clery (2020)
attribute this to increasing female wages in order to retain female workers in male-dominated sectors so
that these sectors comply with the South African Employment Equity Act.

! This decomposition estimates the difference in the mean wages by gender to the difference in mean values of the independent
variables, which can be observable (education, age, occupation title) and unobservable (discrimination) variables.

2 Roberts and Schéer (2021: 2) define a male-dominated industry as an industry that employs 66% males. This definition is
against the usual industry dominance definition used in the literature, as the authors state, 'In the crossover literature, this
cut-off for male-dominated ranges from 70 to 75% for the sectors that business-owners work in’.
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Existing research has offered some reasons for why women earn less than men. Travis (2015) argues
that the gap is due to the type of occupation that females enter and that females do not negotiate their
salary to a level comparable with their male peers.

Fransen et al. (2012) claim that women do not have the required education or work experience to earn the
same wages as men. In Europe, Kunze (2017) finds that the wage differential remains unchanged even
as women increase their human capital to match a man’s education level. Blau and Kahn (2017) analyse
the trends of the wage differential and find that, after 2010, investment in human capital (education and
experience) explains a small portion of the wage gap relative to the difference in occupations.

Occupational segregation contributes to the gender pay gap. Gradin (2021) finds that although women
have access to higher-paying positions due to improved educational attainment, men continue to dom-
inate managerial positions. Employers may prefer hiring males over equally performing females and
might therefore be willing to pay an income premium for male workers rather than hiring a female
(Bhorat and Goga 2012). Moss-Racusin et al. (2012) showed that hiring committees have a preference
for male candidates even when an identical CV is used for female candidates. Further, there is a prefer-
ence for male applicants to be appointed instead of female applicants until females are described with
traditionally male adjectives such as assertive and competent (Rice and Barth 2016).

Lastly, in Africa, obstacles such as gender norms, patriarchal societies, and lack of opportunities can hin-
der females from obtaining tertiary education in male-dominated fields (Mukhwana et al. 2020).

2.4  Administrative data to observe a wage differential

Administrative data are beneficial over self-reported survey data. These data are nationally representative
of the formal economy where survey data can undersample top income earners (Fortin et al. 2017),
limiting the conclusions drawn using survey data (Bayard et al. 2004). Individuals in the low tail of
the income distribution often over-report their income in surveys, while those in the upper tail of the
distribution tend to self-report lower wages than their actual income (Pedace 2000).

Using administrative tax data, Fortin et al. (2017) explore the gender wage differential in the top 10%
income distribution across Canada, Sweden, and the United Kingdom. The authors found that the gender
wage differential improved between 1983 and 2015 for most women except those in the richest 0.1% of
the income distribution. In France, Bargain et al. (2018) uses administrative tax records to identify the
wage differential between public and private sector workers. The gender wage differential is highest at
the top end of the income distribution in the private sector.’

Burdin et al. (2022) finds that inequality reduces significantly in Uruguay between 2009 and 2016 using
self-reported income from household survey data. However, when using actual income from admin-
istrative data to analyse inequality over the same time period, inequality in Uruguay increases. This
highlights the misreporting issue of self-report data when considering income.

In this paper, we use administrative tax data to obtain a recent estimate of the gender wage differential
in the formal economy over time.

3 The authors have access to age, gender, and type of occupation. They argue that fixed effects can account for other charac-
teristics of the worker that are broadly time invariant, such as education levels, which are not present in administrative data.
Therefore, we also use individual fixed effects to account for these differences in the population.
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3 Data source and descriptive statistics

3.1 Data

Our study uses the South African Revenue Service administrative tax data for 2008-21 (National Trea-
sury and UNU-WIDER 2022). The data set is constructed from anonymized individual tax records
relating to income.

Labour income tax certificates

The IRPS and IT3(a) are two tax certificates related to labour income that companies can issue to their
employees. Companies must register as pay-as-you-earn entities unless none of their employees earn
enough income to be liable for income tax. Only registered companies issue tax certificates (IRP5 or
IT3(a)) to their employees. Individuals earning labour income may be subject to three types of tax: i) Pay
As You Earn (PAYE) income tax, with a minimum tax threshold of ZAR83,100 in 2021. This means that
individuals earning less than ZAR6,925 per month will not be required to pay income tax. ii) the Skills
Development Levy (SDL) is a levy aimed at promoting learning and development of the workforce.
Individuals contribute to this levy if they work 24 hours or more in a month. iii) The Unemployment
Insurance Fund (UIF) provides short-term relief to individuals who become unemployed. Individuals
contribute to this fund if they work 24 hours or more in a month.

Employers issue an IT3(a) certificate on behalf of workers who earn more than ZAR2,000 per month
but are not liable for tax (including income tax, UIF, and SDL), likely because the employee works less
than 24 hours per month.

IRPS certificates are issued when workers earn more than ZAR2,000 per month but less than the mini-
mum tax threshold and work more than 24 hours per month. In this case, individuals need to contribute
to UIF and SDL. IRPS certificates are also issued when individuals earn more than the tax threshold. In
such cases, individuals contribute to income tax, UIF, and SDL.

Tax certificates list all income source codes that an employee earned during the tax year, as well as
the number of periods that the individual worked for a registered firm in the formal economy. Each
registered employer files a tax record for each employee who receives compensation. If a person works
for multiple firms in one tax year, they will receive multiple tax certificates. As the firm issues these tax
certificates to their workers, the data consist of a matched panel between firms and employees. This data
set is known as the ‘IRP5/IT3(a) data set.

In summary, we have labour income data that are disclosed on an anonymized tax certificate for em-
ployees earning more than ZAR2,000 per month from registered entities in the formal economy. These
data do not account for any informal activities, and personal characteristics of an individual (except gen-
der, age, and the province that the individual lives in) are not disclosed on a tax certificate, such as the
education of an individual.

Personal income tax certificate

A personal income tax certificate is known as the Income Tax Return (ITR12), where individuals disclose
all income received from each income source code and report any deductions claimed for a specific tax
year. Since individuals submit only one ITR12 tax certificate per year, income by source codes is not
disaggregated by different employers. This data set is referred to as the ‘ITR12 data set’.

An individual is not required to submit an ITR12 tax certificate unless three conditions are met: i) The
individual earned labour income from a single employer, with a gross income of less than ZAR500,001
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for the 2021 tax year, and did not have any additional sources of income during this period. ii) The
individual did not receive any allowances from their employer, such as car or travel allowances. iii) The
individual did not claim any tax-related deductions or rebates.

It is possible for individuals to have an IRP5/IT3(a) tax certificate and be exempt from submitting an
ITR12 tax certificate due to the above exclusion criteria. Similarly, it is possible that individuals submit
an ITR12 tax certificate, but they do not have an IRP5/IT3(a) certificate. For example, entrepreneurs
who operate their own businesses do not submit an IRPS certificate since they are not employees of
the business. Instead, they submit an ITR12 tax certificate and disclose all income obtained from their
business.

In summary, we can identify aggregate labour income earned by an individual in a tax year from a
personal tax certificate. These data do not include any personal characteristics of the individual other
than gender, age, and the province where the individual lives.

3.2 Data creation

To observe the gender wage gap in the formal economy, we consider labour income only. Kerr (2020)
created a variable within the IRP5/IT3(a) data set to identify all labour income earned by individuals.
The labour income variable includes salaries/wages, commission, allowances,* medical contributions,
bursaries, and scholarships.®> The labour income variable aligns well with the ‘compensation to employ-
ees’ estimate calculated in the National Income and Product Accounts by the South African Reserve
Bank, illustrating that this variable is a good estimate for national income (Kerr 2020). Therefore, we
use the labour income variable derived by Kerr (2020) as our income estimate. This labour income
is deflated by the consumer price index to create a real income variable used in our analysis.® The
IRP5/1T3(a) and ITR12 data sets have a South African rand amount that is associated with an income
source code. Therefore, we are able to isolate labour income source codes as identified by Kerr (2020)
to obtain the total labour income earned from different source codes by an individual in a year.

In the IRP5/IT3(a) data set, individuals can work for multiple firms where they would have multiple
IRPS certificates. As we do not include firm-level analysis, we sum all labour income earned by an
individual for each year to obtain a total labour income estimate. In our data, an individual appears once
a year with a corresponding total labour income.

The ITR12 data set captures personal wealth; therefore, individuals submit one ITR12 form annually.
The ITR12 data disclose the income earned from all income source codes for each individual. We add
all income from source codes identified as labour income by Kerr (2020). In other words, we have the
total labour income disclosed on the ITR12 tax certificate for every individual.

We merge the IRP5/IT3(a) and ITR12 data sets together using an individual’s anonymized identification
number. We keep individuals that have labour income disclosed from the IRP5/IT3(a) tax certificates
and individuals that have labour income disclosed on the ITR12 tax certificate if this individual does not
have an IRP5/IT3(a) tax certificate. Therefore, in our final data set, we have labour-income earners from

4 This includes allowances for travel, uniforms, tools, computer, phones, meals, and accommodation.

5 The FeesMustFall movement started in 2015, a student-led protest to increase government funding to public universities. We
investigated whether there was an increase in the number of scholarships awarded to students, which would increase the value
of the labour income variable estimated by Kerr (2020). In the Appendix, Table C5 shows the number of scholarships awarded
every year. We do not see a sharp increase in the number of scholarships made available to students directly after 2015 from
the FeesMustFall movement.

6 The base year for the consumer price index is 2021, as obtained from StatsSA.
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the IRPS, IT3(a), and ITR12 tax certificates while ensuring that labour income for one individual is not
counted twice.

A more detailed explanation regarding the data cleaning and variable creation is available in the Ap-
pendix.

3.3 Descriptive statistics for the formal economy

Employment gap by gender

The gender employment gap from 2008 to 2021 has been reduced, as seen in Figure 1. Even though
males continue to dominate the formal labour market, there has been a consistent increase in the employ-
ment of females in the formal sector. During this time, the number of females employed in the formal
sector increased by 5.96 percentage points from 41.43% in 2008 to 47.39% in 2021.

The demand side of the labour market shows that formal employment numbers are equalizing over time
(Figure 1). To determine whether the gender gaps are equalizing on the supply side of the labour market,
we consider the labour force participation and unemployment rates by gender.

We note that the number of women participating in the labour force has had a positive trend since 2008,
as seen in Table C6 (ILO 2022). We hypothesize that females might be more active in the labour force
due to households requiring more than one income to meet expenses, women divorcees needing income
to support their families after being separated from a spouse, and a change in social norms, i.e. societal
norms frowning upon women who work are slowly diminishing (World Economic Forum 2022).

Figure 1: Per cent of employed people by gender (2008-21)
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Source: authors’ computation using the SARS tax data (National Treasury and UNU-WIDER 2022).



The labour force participation rate’ for males was 69.97% in 2008, and the female labour force partici-
pation in 2008 was 56.03% (ILO 2022).% In 2021, the labour force participation for males was 65.25%,
11.21 percentage points higher than the female labour force participation (54.04%). Further, the labour
force participation gender gap between males and females with basic education was 13.31 percentage
points in 2021 and is larger relative to those with higher education (7.29 percentage points). This edu-
cation gap by gender may be one driver of women having a smaller presence in the labour force relative
to men.

The unemployment rates for both men and women had an increasing trend from 2008 to 2021. However,
the unemployment gap by gender decreased over this period. The female unemployment rate was 4.36
percentage points higher than the male unemployment rate in 2008, but this gap dropped to 3.06% in
2021 (Table C6).

Taking these findings together, women face more challenges to enter formal employment relative to men.
Women do not enter the labour force at the same rate as men and are less likely to find employment once
actively searching for employment.

Median income differential by gender

Figure 2 shows that, during the 2008-20 period, the median labour income had an upward trend, indicat-
ing that employees’ real incomes increased in the formal economy until 2020, whereafter real incomes
(prices adjusted to 2021) decreased due to the COVID-19 pandemic. In 2008, the male median income
was ZAR44,121.12, and the female median income was ZAR39,268.32 (women earned 89 cents for ev-
ery ZAR1 that men earned). Over the period shown, men continued to earn more income than women,
and the median income difference by gender increased over this period. In 2021, the male median in-
come was ZAR88,989.12, and the female median income was ZAR69,480.77 (women received 78 cents
relative to the ZARI1 that a man earned).

The diverging median income by gender is due to the median income growth rates: in 8 of 13 years,
men had higher median income growth rates. This, together with the higher base value of male median
income relative to female median income in 2008, increases the gender pay gap.

From Figure 1 and Figure 2, we note that the number of women in formal employment increases, and
over the same period, the gender wage differential increases.

7 The labour force participation rate is the proportion of individuals between the ages of 15 and 64 that is active in the labour
force, by gender.

8 These figures are available in the Appendix in Table C6.



Figure 2: Median labour income earned by gender (2008-21)
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Note: the values above the bars indicate the year-on-year growth rate of median income for every year by gender.
Source: authors’ computation using the SARS tax data (National Treasury and UNU-WIDER 2022).

Gender pay gap by income categories

Figure 3 displays the distribution of formally employed individuals by gender and income category,
highlighting the areas within the income distribution where the largest wage differential occurs. The
figure is organized into six income categories: ‘poorest 10%’, ‘10-25%’, 25-50%’, ‘50-75%’, ‘75—
90%’, and ‘richest 10%’. For the years 2008, 2014, and 2021, we calculate the cents that women earn
on average for every ZAR1 of male income earned in each income category.

Based on Figure 3, it is evident that the gender pay gap persists across all income categories in 2021.
Furthermore, the trends in these income categories vary, showing the importance of observing the wage
differential across the distribution.

On average, the tails (i.e. ‘poorest 10%’, ‘10-25%’, and ‘richest 10%’) of the income distribution are
the most unequal relative to the middle of the distribution. The progress towards income parity varies
across different income categories. Specifically, the ‘75-90%’ and ‘richest 10%’ income categories
consistently showed movement towards equalizing the gender pay gap from 2008 to 2021.



Figure 3: Female cents earned per ZAR1 male income by gender and income category (2008-21)
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Note: we organize the population into male and female subset populations. Then, we divide males and females into six income
categories to determine where male and female workers are placed in the income distribution. We divide the female median
income by the male median income for every income category to obtain the ratio of female income to ZAR1 of male labour
income earned.

Source: authors’ computation using the SARS tax data (National Treasury and UNU-WIDER 2022).

In the ‘poorest 10%’ income category, females experienced a notable increase in earnings relative to
male labour income from 2014 to 2021. Specifically, they earned an additional 9 cents per ZAR1 of
male labour income during this period. This increase may be attributed to the implementation of the
National Minimum Wage Act, which came into effect on 1 January 2019 and may have contributed to
reducing income inequality within this income category (Republic of South Africa 2018).

It is worth noting that the increase in earnings for females in the ‘poorest 10%’ category from 2014 to
2021 represents the highest increase among all income categories during that period.’

High-skill population

In the formal economy, we note that the tails of the income distribution have a high wage discrepancy
by gender relative to the middle of the distribution. It is likely that we cannot account for all income in
the lower tail of the income distribution as we do not have access to the informal sector. Therefore, we
focus our further investigation on the upper tail of the distribution by looking at the high-skill population
specifically. Mattos and Ogura (2009) show that the majority of income earned in the high-skill sector
is accounted for in the Brazilian formal economy.

In the IRP5/IT3(a) data set, individuals have a four-digit Standard Industrial Classification (SIC) code
corresponding to the primary economic activity of the employing firm. The data set spans from 2008

9 In the Appendix, Table C8 contains the median income and growth rates for all income categories.

9



until 2021; however, the industry code variable is sparsely populated before 2015.'° Therefore, we can
reliably determine the industry for which a labourer works from 2015 onwards to identify high-skill
workers. We use the definition by Chen et al. (2022) to recognize which industries predominantly repre-
sent high skills. The authors determine high-skill industries in the American economy where sectors are
categorized with the North American Industry Classification System (NAICS) codes. The categories of
the SIC codes correspond well with the NAICS codes.

If individuals submit one tax certificate, then we can identify whether the tax certificate belongs to a
high-skill industry. When an individual has multiple tax certificates, we check whether each certificate
belongs to the same industry. Individuals with multiple certificates that relate to the same industry can
be classified as working in a high-skill industry or not. However, individuals with multiple certificates
that have industry codes aligning with both the high-skill industry and other industries are removed from
this analysis.!!

High-skill definition. Chen et al. (2022) identify 10 industries that require the highest labour skills in
the United States. These industries are: 1) ‘Legal Services’; 2) ‘Research, Development, and Testing
Services’; 3) ‘Engineering, Architectural, and Surveying’; 4) ‘Educational Services’; 5) ‘Offices and
Clinics of Doctors of Medicine’; 6) ‘Accounting, Auditing, and Bookkeeping Services’; 7) ‘Management
and Public Relation Services’; 8) Health Services’; 9) ‘Mailing, Reproduction, Commercial Art and
Photography, and Stenographic Services’; and 10) ‘Advertising’. We use these industries to identify
whether individuals work in a high-skilled sector.

An individual is coded as working in a high-skill industry in South Africa if their tax certificate belongs
to one of the following SIC codes: 1) ‘Legal Activities’ (691); 2) ‘Scientific Research and Development’
(72); 3) ‘Architectural and Engineering activities, Technical Testing and Analysis’ (71); 4) ‘Education
Services’ (85); 5) ‘Human Health Activities’ (86); 6) ‘Accounting, Bookkeeping, Auditing Activities,
and Tax Consultancy’ (692); 7) ‘Activities of Head Offices and Management Consultancy Activities’
(70); 8) ‘Commercial Art and Photography’ (74); or 9) ‘Advertising and Market Research’ (73).12 The
SIC code associated with each tax certificate indicates the industry that the firm operates in.

Table 1 presents the number of workers for each sector in 2015 and 2021. The table also displays the
median income of each industry. The education industry is the largest employer of high skills, followed
by the health care industry over this period. The ‘Architectural and Engineering activities’ sector and
the ‘Scientific Research and Development’ industry have the highest median incomes for 2015 and
2021.

As South Africa is a developing country, we had concerns about the status of the ‘Commercial Art and
Photography’ sector relative to other industries categorized as high-skill sectors. In 2015, the ‘Com-
mercial Art and Photography’ sector had the smallest number of skilled workers and accounted for only
2.87% of all workers in the high-skill industry. Furthermore, the median income of high-skill individ-
uals in this sector converged with the median income of other high-skill industries in 2021. Therefore,
considering the small number of individuals within this sector and the converging median income, we
continue to include the ‘Commercial Art and Photography’ industry in our high-skill analysis.

10 Table A2 displays the per cent of entries that have a missing SIC code in the IRP5/IT3(a) data set.
11 This is described in more detail in the Appendix section ‘Data cleaning process’.

12 We only incorporate nine industries in our high-skilled sector: Chen et al. (2022) include the ‘Offices and Clinics of Doctors
of Medicine’ and ‘Health Services’, where the South African SIC codes have one sector (‘Human Health Activities’) that
incorporates both of those industries. The values in the brackets indicate the SIC codes.
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Table 1: Number of workers and median income by a high-skill sector

2015 2021

Industry N Income N Income

Legal activities 31,365 144,262.3 44,084 178,711.0
Scientific research and development 20,337  202,220.3 19,197  368,752.5
Architectural and engineering activities 45,406 204,528.5 50,109  236,673.1
Education service 196,819 218,478.7 280,348 233,245.4
Human health activities 100,696 141,109.4 144,350 182,671.0
Accounting, bookkeeping, auditing activites 39,345  162,609.8 52,680 210,214.4
Management consultancy activities 20,835 203,885.3 27,407 208,340.3
Advertising and market research 19,101 144,901.2 21,888 216,748.8
Commercial art and photography 14,009 140,640.9 20,771 183,707.0

Note: this table displays the number of people in the industry (N) and the median income (Income) for every high-skill industry.
The industry codes to identify high-skill sectors are poorly populated before 2015; therefore, we exclude years prior to 2015.

Source: authors’ compilation using the SARS tax data (National Treasury and UNU-WIDER 2022).

High-skilled industry: employment gap by gender. Figure 4 shows that more women than men are
employed in five out of the six income categories for the high-skill sector. Chen et al. (2022) include the
‘Legal and Accounting Activities’, ‘Human Health Activities’, and ‘Education’ sectors in the high-skill
industry definition. In 2015, we find that five of the high-skill industries have a higher share of females
(displayed in parentheses): 1) ‘Human Health Activities’ (78%), 2) ‘Legal and Accounting Activities’
(68%), 3) ‘Education’ (66%), 4) ‘Advertising and Market Research’ (58%), and 5) ‘Scientific Research
and Development’ (56%).

Despite these sectors being female-dominated, the majority of females occupy lower-paying positions,
as a larger share of women relative to men is evident in the low-income-earning categories. It seems
that the top end of the income distribution is more variable, as women have a larger share in the ‘richest
10%’ income category for 2015, while in 2021, men occupy more positions in the ‘richest 10%’ income
category.

11



Figure 4: Per cent of high-skill people by gender and income category for 2015 and 2021
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Note: the high-skill population is organized into six income categories to determine where male and female workers are placed
in the income distribution. The base sums the male and female share for each income category, which totals 100.
Source: authors’ computation using the SARS tax data (National Treasury and UNU-WIDER 2022).

The organization of men and women into the income categories can be attributed to occupational segre-
gation. For instance, according to the World Health Organization’s Global Health Workforce Statistics
(2022), South Africa has 1.3 nurses per 1,000 individuals, with 89.44% of nurses being female (South
African Nursing Council 2021). On the other hand, there are 0.8 physicians per 1,000 people, and physi-
cians are primarily male. In 2019, there were 0.47 male doctors per 1,000 individuals compared to 0.32
female doctors (Tiwari et al. 2021). This occupational segregation has wage implications, as doctors
tend to earn more income compared to nurses.

Similarly, 79% of primary school teachers are female (UNESCO 2023), while only 24.5% of professors
in tertiary education are female (van Wyk 2018). On average, university professors earn more than pri-
mary school teachers. These figures support the idea that men tend to sort themselves disproportionately
into higher income categories.

4 Empirical strategy

4.1  Linear regression: gender differential at the mean

Using a linear regression accounting for fixed effects, we estimate the relationship between gender and
real income:

In(real income);; = oo + Bimale; + Bahigh skill; , + Bafull time; ,

1
+ Bamale; - high skill; , +vXi ¢+ o
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The dependent variable refers to the natural logarithm of real income. Male individuals are coded one
in the male variable and zero otherwise. If an individual works in a high-skill industry,'? then high skill
returns one and zero otherwise. The full-time variable returns one when an individual works full time
in one company or in one industry and zero otherwise. The individual control variables (Xj¢) include
the age of the individual, quadratic function of age, province that the individual lives in, industry that an
individual works in, and year.

We use an estimator for linear models proposed by Correia (2016), which accounts for multi-way fixed
effects. This technique incorporates fixed effects at multiple levels, including the year, industry in which
an individual works, and province in which an individual lives, to address unobserved heterogeneity. We
use fixed effects for the year, industry, and province to control for the role of these factors in the gender
wage gap. We expect that real incomes will differ by year, province, and industry. For example, in 2021,
we expect that real incomes are lower relative to the previous year’s income due to COVID-19; we expect
high-skill industries to have higher incomes relative to low-skill industries; and provinces that contain
economic hubs should experience higher incomes relative to provinces that have high proportions of
agricultural land.

4.2 Quantile regression: pay gap along the conditional income distribution

Given the variation in gender inequality across the income distribution, we use a quantile regression to
better understand this variation. We estimate the relationship between gender and the natural logarithm
of real income across the conditional income distribution using a quantile regression that accounts for
individual effects.

q-(In(real income); ;) = or: + 1 -male; + B - high skill; , + B3 full time, ,

2
+ B4 male; - high skill; , +v-Xi¢+is~

The natural logarithm of real income is the dependent variable for individual i at year ¢ in quantile 7.
The male variable is coded one when the individual is male and zero elsewhere. The high-skill variable
returns one when an individual works in a high-skill industry and zero otherwise, which varies over
time. Individuals can change jobs across years, where individuals can work in a high-skill industry in
year ¢ but move out of the high-skill sector in year 7+/. The control variables (Xj) include the age of
the individual, quadratic function of age, year, industry in which an individual works, and province of
residence.

We estimate conditional quantiles using the method of moments proposed by Machado and Silva (2019).
Due to the large size of this panel data set, other approaches have difficulty estimating the quantile
regression, while the method of moments is able to obtain these quantile coefficients. Further, this
method is useful as it estimates the relationship of the independent variables over the entire conditional
distribution.

13 1) ‘Legal Activities’; 2) ‘Scientific Research and Development’; 3) ‘Architectural and Engineering Activities, Technical Test-
ing and Analysis’; 4) ‘Education Services’; 5) ‘Human Health Activities’; 6) ‘Accounting, Bookkeeping, Auditing Activities,
and Tax Consultancy’; 7) ‘Activities of Head Offices and Management Consultancy Activities’; 8) ‘Commercial Art and Pho-
tography’; 9) ‘Advertising and Market Research’.
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5 Regression results

5.1  Gender wage differential at the mean

In Table 2, we use a linear regression to estimate the relationship between gender and the natural loga-
rithm of real income for the entire sample of individuals from 2015 to 2021.'#

Column 1 reveals the disparity in earnings between men and women in the formal economy, with men
earning 35.66% more than women at the mean of the real income distribution. This coefficient retains its
significance and robustness even after including control variables. We expect this relationship, as Figure
3 shows the sustained disparity between income by gender. This finding is in line with prior research,
showing a gender wage gap in South Africa (Bhorat and Goga 2012; Mosomi 2019; Ntuli 2014).

Individuals employed in high-skill industries unsurprisingly exhibit higher levels of real income com-
pared to those working in other sectors, as shown in column 2. Generally, high-skill sectors require
tertiary education to obtain specialized knowledge to perform industry-specific tasks. Moreover, the
limited availability of individuals with industry-specific skills required in high-skill sectors increases the
income premium of individuals.

Column 3 takes into account an individual’s age. We observe that as individuals grow older, their
real income is likely to increase due to accumulated experience and greater prospects for promotion,
resulting in a positive income return. The quadratic function of age demonstrates that real income growth
accelerates until a certain age threshold; after this age threshold is reached, income growth declines until
retirement. These findings are in line with the literature (Becker 1965).

Full-time workers earn a higher real income relative to part-time workers, as column 3 illustrates. Full-
time workers receive more income instalments throughout the year compared to their part-time peers
working seasonally. In South Africa, part-time workers are predominantly individuals with low levels
of education working in low-skilled sectors (Leibbrandt et al. 2010) where these individuals are already
at the lower end of the income distribution.

14 The data prior to 2015 lack adequate representation of industry codes; therefore, we confine our analysis to 2015 onwards.
Table A2 in the Appendix shows the number of missing SIC codes by year.
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Table 2: Linear regression estimates: the impact of gender on real wage earned

Dependent variable: natural log of real income

1 @) @) (4) (%) (6) @) (8)

Male 0.305*** 0.329*** 0.293*** 0.298*** 0.248*** 0.301*** 0.305*** 0.257***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
High skill 0.434*** 0.415*** 0.410*** 0.451*** 0.447**
(0.00) (0.00) (0.00) (0.00) (0.00)
Age 0.181** 0.179** 0.134*** 0.180*** 0.179*** 0.134***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Age? -0.002*** -0.002*** -0.001*** -0.002*** -0.002*** -0.001***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Full time 1.781*** 1.781*** 1.577** 1.781%** 1.781*** 1.577***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Male - High skill -0.093*** -0.094*** -0.117*
(0.00) (0.00) (0.00)
Predictive margins: real wage difference by gender and skill level
Male 0.292*** 0.296***
(0.00) (0.00)
Male - Other skill 0.301*** 0.305***
(0.00) (0.00)
Male - High skill 0.208*** 0.210***
(0.00) (0.00)
Province included Yes Yes Yes Yes Yes Yes Yes Yes
Year included No No No Yes Yes No Yes Yes
Industry included No No No No Yes No No Yes
Obs 60,776,758 60,776,758 60,776,758 60,776,758 60,776,681 60,776,758 60,776,758 60,776,681
Adj. R? 0.034 0.039 0.403 0.408 0.503 0.403 0.408 0.503

Note: standard errors clustered at the individual level are in parentheses. Male is coded one for male individuals and zero otherwise. High
skill refers to the industries that are considered to require a high-skill level to work in. As defined by Chen et al. (2022), these industries
are: 1) ‘Legal Activities’; 2) ‘Scientific Research and Development’; 3) ‘Architectural and Engineering Activities, Technical Testing and
Analysis’; 4) ‘Education Services’; 5) ‘Human Health Activities’; 6) ‘Accounting, Bookkeeping, Auditing Activities, and Tax Consultancy’; 7)
‘Activities of Head Offices and Management Consultancy Activities’; 8) ‘Commercial Art and Photography’; and 9) ‘Advertising and Market
Research’. Age indicates the age of the individual, and Age2 is the quadratic function of the variable age. Full time returns one when the
individual is a full-time employee and zero otherwise. Province indicates where the individual lives. Year controls for the year. Industry
controls for the industry that an individual works in using a five-digit SIC code. * p<0.10, ** p<0.05, *** p<0.01

Source: authors’ computation using the SARS tax data (National Treasury and UNU-WIDER 2022).
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Columns 4 and 5 control for the year and industry, respectively, while maintaining the robustness of all
previous relationships. Recall that the high-skill variable returns one for industries identified as high-
skilled from the industry codes and zero elsewhere. When including the industry as a control variable,
the high-skill variable is omitted since it is linearly related to the industry variable.

The interaction between gender and working in a high-skill sector is introduced in column 6. The income
premium for being male and working in a high-skill sector is 0.208, indicating that men earn 23.12%
more compared to women in high-skill sectors. This finding likely reflects an occupational segregation
gap, where women may choose occupations in high-skill sectors that offer lower incomes relative to
careers preferred by men, which are typically higher paying. This relates to Figure 4, where the majority
of women occupy the lower-income categories and men tend to organize themselves into the higher-
earning-income categories. For instance, in South Africa, the share of workers in the medical industry
are split so that the majority of women work as nurses, while men are predominantly doctors (Tiwari
et al. 2021). Bhorat and Goga (2013) find that the gender wage differential was smaller at the 70™,
80™, and 90" quantiles relative to the lower tail of the income distribution due to higher education and
professional work. This is in line with our findings.

In contrast, men working in the ‘other-skill’ sector earn 35.12% more than women in the ‘other-skill’
sector, as seen in column 6. Therefore, the gender pay gap is smaller in the high-skill sector compared
to the other-skill industry. We hypothesize that the requirement for higher education in the high-skill
sector may contribute to the smaller gender pay differential. The gender income differential may speak
to the gender difference in managerial positions. The percentage of women in managerial positions was
31.6% in 2021, which increased by 2 percentage points from 2008 (StatsSA 2022). As men had more
executive positions relative to women over this period, this may be a contributing factor to the persistent

gender pay gap.

Columns 7 and 8 include the year and industry control variables, respectively, while preserving the
robustness of all relationships.

5.2 Gender pay gap along the conditional income distribution

As gender inequality varies over the income distribution, we use a quantile regression to explore this
variation. Figure 5 displays the coefficient estimates of each explanatory variable for the conditional
quantiles of the natural logarithm of real income. !

The male coefficient is positive and statistically significant for every conditional quantile when control-
ling for the individual’s age, quadratic function of age, full-time employment status, year, industry, and
province. That is, men earn higher incomes compared to women across the conditional real income
distribution. This is expected, as women only earn a portion of men’s income in every income category,
as seen in Figure 3.

The wage discrepancy is highest at the first quantile (0—10) of the conditional income distribution. We
expect this result because females predominantly submit IT3(a) tax certificates over IRP5 certificates,
while males are more likely to submit IRPS certificates over IT3(a) tax certificates.'® The IT3(a) cer-
tificate is associated with lower incomes. In line with our findings, studies found that the left tail of
the conditional income distribution has the largest wage discrepancy (Bhorat and Goga 2013; Mosomi
2019). The first quantile of the conditional wage distribution shows a gender wage gap of 28.15%. We
hypothesize that this may be a lower-bound estimate, as these data do not capture the informal economy.
In the informal economy, it is estimated that males earn 33% more income than females (StatsSA 2019).

15 The corresponding quantile regression table is available in the Appendix in Table C9.

16 Table B4 displays these figures.
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Furthermore, men constitute the majority of individuals working in the informal sector, accounting for
56.24% (StatsSA 2019). In this sector, men are more likely to start a business (73.9%), while women
are more willing to help in the family business without pay (63.0%) (StatsSA 2019).

Furthermore, females may choose to work in industries that pay wages comparable to the minimum
wage, whereas males are more likely to work in sectors that offer slightly higher wages than the min-
imum wage (ZAR23.19 in 2022) (South African Government 2022). For instance, the retail sector
(industry code 47) is dominated by female workers, with 59% of all workers in the retail industry being
female in 2018. The average pay for a low-earning worker in the retail sector, such as a cashier, was
ZAR23.45 per hour in 2022 (Payscale 2023b). On the other hand, the construction industry (industry
code 41) has 83% male workers, and the average hourly income for a bricklayer was ZAR31.73 in 2022
(Payscale 2023a).

From 2008 to 2021, the wage differential by gender consistently decreased in the “75-90%’ and ‘richest
10%’ income categories, as observed in Figure 3. This reduction can be a contributing factor to the
smaller male coefficient across the right tail of the conditional income distribution.

The relationship of age with the conditional real income distribution follows a common result from the
literature for the conditional income distribution to the left of the 90" percentile. Age has a positive
relationship with real income across the conditional income distribution except for the ‘richest 10%’
income category. As individuals age, they are likely to increase their earnings due to experience (Becker
1965). The quadratic age function has a negative relationship with real income, illustrating that income
growth will slow down at some point in the working life, and eventually the income growth will be
negative close to retirement age for the conditional real income distribution to the left of the ‘richest
10%’ income category.

Specific to the ‘90-100%" (richest 10%) conditional quantile, the quadratic function of age is positive,
showing that real income continues to grow as an individual ages. We hypothesize that, as individuals
age, they become more experienced and are more likely to occupy C-suite positions that are correlated
with higher income and where high annual bonuses are paid out.

In the ‘0-10%’ conditional quantile of the distribution, an individual with a full-time job has a higher
real income relative to a part-time worker. In agriculture, seasonal workers may not find employment
during the offseason, limiting their income to the harvesting season, while full-time workers earn an
income throughout the year. In contrast, the ‘900-100%’ conditional quantile shows a minor premium
for full-time work on real income. This conditional quantile may include individuals who work as
industry experts on a part-time basis for multiple companies (such as directors), where the income can
be similar to the real income earned from full-time employment.
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Figure 5: Quantile regressions: influence of factors over the conditional income distribution
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Source: authors’ computation using the SARS tax data (National Treasury and UNU-WIDER 2022).

5.3  High-skill population: income differential along the conditional income distribution

Figure 6 replicates the analysis in Section 4.2 for the high-skill sector specifically. This figure shows the
coefficient estimates of each independent variable for the conditional quantiles of the natural logarithm
of real income in the high-skill sector only.!”

The high-skill sector is identified from the industry codes that the firm operates in. However, the firm can
hire employees that perform general activities that are not specific skills for the industry. For example,
firms employ cleaning staff, but these skills are not specific to the industry.

17 The corresponding quantile regression table is available in the Appendix in Table C10. Recall that the high-skill sector
includes: 1) ‘Legal Activities’; 2) ‘Scientific Research and Development’; 3) ‘Architectural and Engineering Activities, Tech-
nical Testing and Analysis’; 4) ‘Education Services’; 5) ‘Human Health Activities’; 6) ‘Accounting, Bookkeeping, Auditing
Activities, and Tax Consultancy’; 7) ‘Activities of Head Offices and Management Consultancy Activities’; 8) ‘Commercial Art
and Photography’; and 9) ‘Advertising and Market Research’.
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Figure 6: Quantile regressions: influence of factors over the conditional income distribution for the high-skill population
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Source: authors’ computation using the SARS tax data (National Treasury and UNU-WIDER 2022).

The male coefficient shows the premium that men earn across the conditional real income distribution.
The range of the male coefficient in the first (0—10%) conditional quantile contains negative and positive
values, showing the variability of this conditional quantile. At the left tail of the conditional income
distribution, the salaries for support staff, trainees, and junior staff are more equal by gender relative to
the right tail of the conditional income distribution.

By observing the male coefficient when the conditional real income distribution is above the median,
we improve the likelihood of removing general workers from the sample and focusing on individuals
involved in industry-specific tasks where these individuals would require tertiary education. The condi-
tional real income distribution at the median displays that men earn 17.11% more real income relative to
women. '8 This pay disparity becomes larger, moving towards the right tail (90—~100%) of the conditional
real income distribution, where men earn 26.11% more than women.'® We note that men fill the majority
of management positions (Labour Force Survey 2021), and in a recent study, females in top executive
positions earn 72 cents for every ZAR1 of male income (Price Waterhouse Coopers 2020).

The coefficients for age, age?, and full time exhibit similar patterns when compared to the quantile
regressions for the full sample (Figure 5). Therefore, the same interpretations as those from Figure 5
apply to these variables in the high-skill sample, too.

18 The male coefficient from the quantile regression at the 50™ conditional quantile is 0.158.

19 The male coefficient from the quantile regression in Table 6 is 0.232 for the 90t conditional quantile.
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6 Conclusion

Our paper has examined the gender wage gap in the South African formal economy and explored
whether women are making progress towards financial independence over time. In contrast to previ-
ous studies that have relied on survey data, we have used administrative data, which provide a compre-
hensive representation of workers in the formal sector. It is worth noting that this type of analysis is
relatively scarce in developing countries. A search retrieves only one other paper using administrative
data to observe the level of inequality in Uruguay.

Our findings indicate that, although the number of women in the labour force has increased, there is
still work to be done to achieve gender parity. The share of women in the labour force has grown over
the years, but the wage disparity has also widened. Men continue to earn higher median incomes and
experience faster income growth compared to women. In 2008, women earned approximately 89% of
men’s wages, but by 2021, this ratio had dropped to 78%. Additionally, our analysis of the high-skill
sector reveals that women are underrepresented in the top income category of the income distribution in
2021.

At the mean of the income distribution, men consistently earn notably higher incomes than women.
However, we find that the gender pay gap is smaller in the high-skill sector compared to other sectors
of the economy. We hypothesize that individuals need tertiary education to enter this high-skill sector,
where it is likely that education levels are more similar by gender relative to other industries in the
formal economy.

Analysing the conditional quantiles across the income distribution, we observe that the income disparity
is most pronounced at the 10™ percentile, suggesting that women may be more prevalent in industries
with wages closer to the minimum wage, while men tend to self-select into sectors with higher wage
rates.

Furthermore, when focusing specifically on the high-skill sector, we find that the largest income differ-
ence by gender occurs at the top end of the conditional income distribution, potentially reflecting the
low representation of women in managerial positions within this sector.

While administrative data provide valuable insights by including all formal sector workers in estimating
the gender wage differential, it does have limitations. Notably, it lacks information on factors such as
education and experience, restricting us from assessing the impact of these human capital variables on
the gender wage gap. To gain a more comprehensive understanding of the wage differential in South
Africa, future research should also include the informal economy, where women’s progress in achieving
financial independence may differ from that in the formal sector.
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Appendix

A Data cleaning process

The IRP5/IT3(a) data set contains all tax certificates that are submitted to SARS by an employer on
behalf of an individual. Individuals can submit more than one tax certificate. For example, if an individ-
ual works for more than one entity in a given tax year, then this individual has multiple tax certificates
for the one tax year. To create a panel data set of the IRP5 and IT3(a) tax certificates, we append all
available years (2008-21) by the unique tax certificate number and tax year. This panel contains all tax
certificates for an individual over the tax year. In this case, the same individual may appear more than
once in a tax year due to multiple tax certificates.

Table A1: Number of individuals in the IRP5/IT3(a) data set by year

Year  Population Sample % remains
2008 14820719 11638425 78.53
2009 15322791 12257583 80.00
2010 15061818 13605000 90.33
2011 15891909 14 291 302 89.93
2012 16770838 14989 278 89.38
2013 16926058 13643 529 80.61
2014 17531152 13896 427 79.27
2015 20068940 15815900 78.81
2016 19339741 14870370 76.89
2017 20357287 15185694 74.60
2018 19632250 14679 094 74.77
2019 19581308 14957 269 76.39
2020 19362854 14971559 77.32
2021 17617738 13687 809 77.69

Note: population refers to the number of people appearing in the IRP5 data set when individuals have an identification number
associated with their tax certificate. Sample shows the number of individuals that submitted a tax certificate disclosing labour
income and this individual does not have a missing gender variable.

Source: authors’ computation using the SARS tax data (National Treasury and UNU-WIDER 2022).

Using the IRP5/IT3(a) data set, we remove all individuals that do not have an identification number or
passport number as we would not be able to identify which tax certificate belongs to which individual.
Also, since IRP5 and IT3(a) certificates can be revised, we only consider the last revision per tax certifi-
cate and remove all other versions. After deleting these observations, we count the number of individuals
in every year to yield the ‘Population’ numbers in the IRP5/IT3(a) data set as seen in Table A1. We fur-
ther refine this population by excluding all individuals not earning labour income and delete individuals
with a missing gender variable which produces the ‘Sample’ numbers in Table Al.

A1l Creation of variables

Kerr (2020) identified all income source codes that are linked to earning labour income. The full clas-
sification of which source codes are included in the labour income variable is explained in Kerr (2020).
This is our labour income estimate for all individuals.
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Table A2: The % of missing SIC codes in the IRP5/IT3(a) data set

Year % of missing SIC codes

2008 100
2009 100
2010 100
2011 100
2012 100
2013 100
2014 100
2015 10.06
2016 8.52
2017 2.18
2018 2.39
2019 7.55
2020 2.19
2021 2.35

Note: SIC codes are Standardized Industry Classification codes are 5-digit codes which highlight the the primary activity that
firms are engaged in.
Source: authors’ computation using the SARS tax data (National Treasury and UNU-WIDER 2022).

We are interested in determining which individuals are associated with the high-skill sector as we evalu-
ate the pay gap specific to this sector. To determine whether an individual belongs to a high-skill sector,
we use industry codes (SIC codes). In cases where industry codes are missing in the data set, we perform
imputation. If an individual works for the same firm throughout the entire period, they should have the
same industry code for that period. Additionally, if all employees in one year report the same industry
code for their employer, individuals with missing industry codes working for the same employer should
have the same industry code as the other employees of the firm for the given year. After this imputation
process, we identify the number of missing SIC codes in the data set, as shown in Table A2. We also
check whether all submitted tax certificates linked to one individual have the same industry code. Prior
to 2015, the data set does not have industry codes, therefore all industry analysis is completed from 2015
to 2021.

We assign individuals to the high-skill sector using the high skill definition proposed by Chen et al.
(2022). As individuals can have different tax certificates for different firms, we determine whether
the tax certificates are for the same industry. If individuals have many tax certificates filled for the same
industry, then the total labour income will correspond to the one industry for which all the tax certificates
belong. If an individual has tax certificates which belong to different industries, then the total labour
income earned by this individual will have a missing industry code.

Every tax certificate contains variables related to the period of work, which we use to determine whether
an individual is a full-time or part-time worker. Each certificate contains two variables. The first variable,
“Total periods in the year of assessment’, identifies the total time that an individual can work in the
year. Companies can define their own total period, with some certificates indicating the number of
days, weeks, or months that an individual can work for their entity. The second variable, ‘Total periods
worked in the year of assessment’, identifies the period that an individual worked in this entity for one
year.
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Table A3: Division of individuals into full-time and part-time workers

Classification of full-time variable
Year 1 2 3 4

2015 5356530 2257320 341270 456882
2016 5499700 2324193 214062 391116
2017 5594431 2322793 194692 386533
2018 5737236 2336355 206899 351133
2019 5847508 2347433 164533 365828
2020 5917818 2475263 119348 343257
2021 6102195 2390223 38485 312339

Note: classification of full-time equals one when an individual works full-time for one company.

Classification of full-time equals two when an individual works part-time for one company.

Classification of full-time equals three when an individual works full-time for multiple companies in the same industry.
Classification of full-time equals four when an individual works part-time for multiple companies in the same industry.
Source: authors’ computation using the SARS tax data (National Treasury and UNU-WIDER 2022).

Table A3 displays the classification of individuals into full-time or part-time workers. Full-time workers
can be defined as individuals with one tax certificate in a given year where the “Total periods in the year
of assessment’ equals ‘Total periods worked in the year of assessment’ (indicating that the individual
works full time for one company and returns a value of 1 in Table A3). Alternatively, full-time workers
are defined as individuals who have multiple tax certificates, all belonging to the same industry, and
where the total periods in the year of assessment equal the total periods worked in the year of assessment
(indicating that the individual works full time for multiple companies in the same industry and returns a
value of 3 in Table A3). Part-time workers are defined as individuals with one tax certificate in the year
of assessment where the total periods in the year of assessment do not equal the total periods worked
in the year of assessment (indicating that the individual works part time for one company and returns
a value of 2 in Table A3). Alternatively, an individual is also classified as a part-time worker when
they have multiple tax certificates belonging to the same industry and where the total periods worked
in the year of assessment do not sum up to the total periods in the year of assessment (indicating that
the individual works part time for multiple companies in the same industry and returns a value of 4 in
Table A3).

Our final classification of a full-time worker returns a value of 1 to the full-time variable if they are
classified in category 1 or 3 in Table A3. The full-time variable returns O otherwise.

For every individual in a given year, we have a full-time variable and imputed industry codes. Next, we
sum all labour income across different tax certificates for each tax year.

After this, we keep one observation for each individual, which reports the total labour income earned
from all tax certificates, the industry code in which the individual works, and whether the individual
works on a full-time or part-time basis.

The date of last access to the data was 29 June 2023.
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B Type of certificates by gender

Table B4: Number of IRP5 and IT3(a) certificates issued by gender (2010-21)

Male Female
Year IRP5 % IRP5 IT3(a) % IT3(a) IRP5 % IRP5 IT3(a) % IT3(a)
2010 4401955 29.71 3 961 408 26.74 3094 313 20.89 3 357 668 22.66
2011 4576 585 29.48 4 207 027 27.10 3183 962 20.51 3559 124 22.92
2012 4 857 337 29.68 4 313 656 26.36 3511694 21.46 3 682 756 22.50
2013 4768 543 28.92 4 496 905 27.27 3276 363 19.87 3946 051 23.93
2014 4938 377 28.94 4 571 560 26.79 3 484 352 20.42 4071124 23.86
2015 5460 747 27.94 51583 605 26.37 4 259 073 21.79 4 669 955 23.90
2016 5369 592 28.53 4921774 26.15 3904 567 20.74 4626 194 24.58
2017 5618980 28.35 4 862 442 24.53 4 429 536 22.35 4 907 940 24.76
2018 5533952 29.02 4 754 358 24.93 4 092 409 21.46 4 688 578 24.59
2019 5586 790 29.40 4 591 696 2417 4 260 269 22.42 4 561 827 24.01
2020 5538794 29.50 4 463 262 23.77 4 155 287 22.13 4619 367 24.60
2021 4713567 27.55 4 292 757 25.09 3607 141 21.08 4 494 988 26.27

Note: IRP5 refers to the number of IRP5 certificates submitted by males or females. % IRP5 shows the per cent of IRP5
certificates submitted by males or females in a given year when the base is all certificates submitted in one year. IT3(a) states
the number of IT3(a) certificates submitted by gender and year when the base is all certificates submitted in one year. % IT3(a)
shows the per cent of IT3(a) certificates submitted by gender in a year when the base is all certificates submitted in one year.
The % shares are calculated for every year. The base for every year is the sum of Male IRP5 %, Male IT3(a) %, Female IRP5
%, and Female 1T3(a) % certificates which equal 100.

2008 and 2009 are removed from the table due to the variable indicating the type of certificate being poorly populated.

Source: authors’ computation using the SARS tax data (National Treasury and UNU-WIDER 2022).

Table B4 shows the number of tax certificates issued by gender. The table excludes 2008 and 2009
as the variable indicating the type of certificate submitted was poorly populated, yielding low counts.
Interestingly, over time IRPS certificates are the most common certificate type submitted by males; in
contrast, females submit more IT3(a) certificates rather than IRP5 forms. Recall, IRP5 records are filed
when employees earn more than ZAR2000 and pay tax. From the certificate type that individuals file,
women are more likely to make more than ZAR2000 monthly but remain under the tax threshold and
work less than 24 hours monthly, whereas men are more likely to have a wage in the tax threshold
bounds.
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C Additional tables

Table C5: The number of scholarships declared to SARS

Year  Scholarships declared

2008 13 629
2009 13718
2010 753

2011 781

2012 930

2013 19 364
2014 17 641
2015 17 954
2016 16 827
2017 14 592
2018 20 547
2019 41 327
2020 61 385
2021 22 859

Note: an individual has declared a scholarship or a bursary when the tax certificate has a value corresponding to the following
income source codes: 3809, 3859, 3860, or 3815.
Source: authors’ computation using the SARS tax data (National Treasury and UNU-WIDER 2022).
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Table C6: Labour force participation and unemployment rate by gender

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

Overall
LFP % (F) 56.03 54.69 5058 53.35 53.07 53.72 5350 5515 5556 56.90 56.46 56.92 5294 54.04
LFP % (M) 69.97 68.08 64.70 65.78 6594 6589 6596 67.69 6828 68.81 6824 6830 64.00 65.25
(F) 21.83 2159 2493 23.09 23.35 2341 2425 2484 26.01 2569 2588 27.07 2558 30.27
UE% (M) 1747 1956 21.69 19.95 2043 20.84 2119 21.18 2232 2250 2277 2420 2326 27.46
Basic education

LFP % (F) 4466 43.26 38.98 41.53 41.88 41.67 43.26 43.61 4446 4413 4443 4093 41.69
LFP % (M) 59.36 57.64 54.11 55.30 5473 5492 5731 58.36 5826 57.62 5754 5417 55.00
UE % (F) 27.70 26.77 30.38 29.08 29.37 3119 31.06 3220 31.37 31.09 32.70 29.93 3448
UE % (M) 2194 2428 26.99 24.67 26.25 26.05 2586 26.68 27.45 27.15 29.04 27.09 31.42
Advanced education
LFP % (F) 83.71 83.20 81.51 80.97 80.88 80.91 81.29 80.73 81.21 80.11 79.93 76.73 77.53
LFP % (M) 90.33 89.45 88.29 88.72 89.55 88.39 87.15 86.63 88.24 87.43 86.12 8250 84.82
UE % (F) 6.59 6.52 7.47 6.65 8.33 9.41 9.22 10.80 13.83 12.68 1444 1458 17.17
UE % (M) 4.83 4.92 6.06 6.08 6.20 6.72 7.87 9.87 10.54 1024 1162 1228 14.89

Note: LFP% (F) is the labour force participation rate, female (% of female population ages 15-64). LFP% (M) is the labour force participation rate, male (% of male population ages 15-64). UE% (F)
Unemployment, female (% of female labour force). UE% (M) Unemployment, male (% of male labour force).

Source: authors’ compilation based on ILO (2022).

28



Table C7: Proportional of women in managerial positions (2008—-21)

Year % Women in managerial positions

2008 29.6
2009 30

2010 29.6
2011 31

2012 31.1
2013 30

2014 31.1
2015 30.8
2016 31.6
2017 32.1
2018 30.5
2019 30.2
2020 31.4
2021 31.6

Note: the share of women in any managerial position according to the Quarterly Labour Force Survey.
Source: authors’ compilation based on StatsSA (2022).
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Table C8: Median labour income earned by gender

Income Male Male Male Female Female Female
category N income growth N income growth  Cents
2008
Poorest 10% 540841 1619.99 382603 1130.04 70
10-25% 811119 10253.99 573809 6897.13 67
25-50% 1351934 28376.94 956391 22337.45 79
50-75% 1351924 63370.51 956406 61208.41 97
75-90% 811159 137741.2 573835 118962.9 86
Richest 10% 540771 312822.3 382558 215436.4 69
Total 5407748 44121.12 3825602 39268.32 89
2014
Poorest 10% 638601 2785.074  71.92 503590 1878 66.19 67
10-25% 957890 16039.06 56.42 755280 10246.37 48.56 64
25-50% 1596404 42829.67 50.93 1258841 31649.93 41.69 74
50-75% 1596428 105688.2 66.78 1258855 98077.61 60.24 93
75-90% 957866 240750.2 74.78 755306 216039.5 81.6 90
Richest 10% 638575 527287 68.56 503538 377873.3 75.4 72
Total 6385764 66959.15 51.76 5035410 52881.66 34.67 79
2021
Poorest 10% 617545  5303.286  90.42 557923  4042.098 115.23 76
10-25% 926330 24308.88 51.56 832896  15999.53 56.15 66
25-50% 1543852 59792.9 39.61 1390783 44751.19 41.39 75
50-75% 1543860 153157.1 44.91 1390804 133258.5 35.87 87
75-90% 926312  355704.6 47.75 834477  325552.5 50.69 92
Richest 10% 617539 773306.7 46.66 556320 578488.9 53.09 75
Total 6175438 88989.12 32.9 5563203 69480.77 31.39 78

Note: the sample is split by gender, where each gender is organized into six income categories where a corresponding median
income is reported. For the year 2008, there is no corresponding growth rate as 2008 is the first year in the data set. Category
refers to the percentiles related to the income distribution. N (Male) refers to the number of males in each category. Income
(Male) refers to male median income earned by category. Growth (Male) refers to male median income growth from 2008 to
2014 or from 2014 to 2021. N (Female) refers to the number of females in each category. Income (Female) refers to female
median income earned by category. Growth (Female) refers to female median income growth from 2008 to 2014 or from 2014
to 2021. Cents is the number of cents that a female earns relative to ZAR1 of male labour income.

Source: authors’ computation using the SARS tax data (National Treasury and UNU-WIDER 2022).

30



Table C9: Quantile estimates: the relationship between gender and the natural logarithm of real wages

Q1 Q10 Q20 Q30 Q40 Q50 Q60 Q70 Q80 Q90 Q99
location
Male 0.248*** 0.248** 0.248*** 0.248** 0.248*** 0.248*** 0.248*** 0.248*** 0.248*** 0.248*** 0.248***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Age 0.134*** 0.134** 0.134*** 0.1347* 0.134*** 0.134%** 0.134*** 0.134*** 0.134* 0.134*** 0.134*
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Age2 -0.001**  -0.001***  -0.001**  -0.001***  -0.001***  -0.001***  -0.001***  -0.001***  -0.001***  -0.001***  -0.001***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Full time 1.577* 1.577 1.577 1.577% 1.577 1.577% 1.577 1.577 1.577 1.577 1.577
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
scale
Male -0.022%** -0.022%** -0.022%** -0.022%** -0.022%** -0.022%%* -0.022%** -0.022*%* -0.022%** -0.022%** -0.022%**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Age -0.017***  -0.017**  -0.017***  -0.017***  -0.017***  -0.017***  -0.017***  -0.017°*  -0.017"*  -0.017°*  -0.017***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Age2 0.000™** 0.000*** 0.000™** 0.000*** 0.000™** 0.000%** 0.000™** 0.000*** 0.000™** 0.000*** 0.000™**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Full time -0.501**  -0.501***  -0.501**  -0.501***  -0.501***  -0.501***  -0.501***  -0.501***  -0.501***  -0.501***  -0.501"**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
qgtile
Male 0.334™** 0.281*** 0.269™** 0.260*** 0.253™** 0.246™* 0.239™** 0.233*** 0.225*** 0.215%** 0.184***
(0.001) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001)
Age 0.200*** 0.160*** 0.150*** 0.144%* 0.138*** 0.133*** 0.128*** 0.123*** 0.117%* 0.110%** 0.086™**
(0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Age2 -0.002***  -0.002***  -0.002***  -0.001***  -0.001***  -0.001***  -0.001***  -0.001***  -0.001***  -0.001***  -0.001"**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Full time 3.562%** 2.348"** 2.066™* 1.871%%* 1.700*** 1.541%* 1.388"** 1.240*** 1.068*** 0.830%** 0.102%**
(0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001)
Province included Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Industry included Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year included Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Obs 60776758 60776758 60776758 60776758 60776758 60776758 60776758 60776758 60776758 60776758 60776758

Note: standard errors clustered at the individual level are in parentheses. Male is coded one for male individuals and zero otherwise. High skill refers to the industries
that are considered to require a high-skill level to work in as defined by Chen et al. (2022). These industries are: 1) ‘Legal Activities’, 2) ‘Scientific Research and
Development’, 3) ‘Architectural and Engineering activities, Technical testing and Analysis’, 4) ‘Education Services’, 5) ‘Human Health Activities’, 6) ‘Accounting,
Bookkeeping, Auditing activities and Tax consultancy’, 7) ‘Activities of head offices and Management Consultancy Activities’, 8) ‘Commercial Art and Photography’. Age
indicates the age of the individual, and Age2 is the quadratic function of the variable age. Full time returns one when the individual is a full-time employee and 0
otherwise. Province indicates where the individual lives. Year controls for the year. Industry controls for the industry that an individual works in using a 5-digit SIC code.
* p<0.10, ** p<0.05, *** p<0.01

Source: authors’ computation using the SARS tax data (National Treasury and UNU-WIDER 2022).
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Table C10: Quantile estimates: the relationship between gender and the natural logarithm of real wages for high skill sector

Q1 Q10 Q20 Q30 Q40 Q50 Q60 Q70 Q80 Q90 Q99
location
Male 0.114% 0.114** 0.114%** 0.114%* 0.114*** 0.114*** 0.114*** 0.114%** 0.114%** 0.114*** 0.114***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Age 0.139*** 0.139*** 0.139*** 0.139™** 0.139*** 0.139*** 0.139*** 0.139*** 0.139%** 0.139*** 0.139***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Age? -0.001***  -0.001***  -0.001*** -0.001***  -0.001*** -0.001™* -0.001*** -0.001™** -0.001*** -0.001*** -0.001***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Full time 1.168*** 1.168*** 1.168*** 1.168*** 1.168*** 1.168*** 1.168*** 1.168*** 1.168*** 1.168*** 1.168***
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
scale
Male 0.108*** 0.108*** 0.108™** 0.108™** 0.108*** 0.108*** 0.108*** 0.108*** 0.108™** 0.108*** 0.108***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Age -0.005**  -0.005"**  -0.005***  -0.005***  -0.005***  -0.005***  -0.005** -0.005"**  -0.005"** -0.005"** -0.005***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Age? 0.000*** 0.000*** 0.000*** 0.000*** 0.000™** 0.000*** 0.000*** 0.000*** 0.000*** 0.000™** 0.000***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Full time -0.531***  -0.531***  -0.531*** -0.531*** -0.531** -0.531*** -0.531*** -0.531*** -0.531*** -0.531*** -0.531***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
qgtile
Male -0.298***  -0.0563"*  0.007*** 0.053*** 0.093*** 0.128*** 0.161*** 0.194*** 0.228*** 0.272%** 0.395***
(0.005) (0.002) (0.002) (0.002) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.002)
Age 0.156™** 0.146™* 0.143*** 0.141%* 0.140™** 0.138™** 0.137*** 0.135"** 0.134*** 0.132*** 0.127%
(0.002) (0.001) (0.001) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001)
Age2 -0.002***  -0.002***  -0.002***  -0.001***  -0.001*** -0.001*** -0.001*** -0.001*** -0.001*** -0.001*** -0.001***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Full time 3.190™** 1.987*** 1.691*** 1.465*** 1.271%%* 1.097*** 0.933*** 0.772%%* 0.606™** 0.389***  -0.216™**
(0.007) (0.003) (0.003) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.003)
Province included Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Industry included Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year included Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Obs 3420275 3420275 3420275 3420275 3420275 3420275 3420275 3420275 3420275 3420275 3420275

Note: standard errors clustered at the individual level are in parentheses. Male is coded one for male individuals and zero otherwise. High skill refers to the industries that are considered to require

a high skill level to work in as defined by Chen et al. (2022). These industries are: 1) ‘Legal Activities’, 2) ‘Scientific Research and Development’, 3) ‘Architectural and Engineering activities,
Technical testing and Analysis’, 4) ‘Education Services’, 5) ‘Human Health Activities’, 6) ‘Accounting, Bookkeeping, Auditing activities and Tax consultancy’, 7) ‘Activities of head offices and
Management Consultancy Activities’, 8) ‘Commercial Art and Photography’. Age indicates the age of the individual, and Age2 is the quadratic function of the variable age. Full time returns one
when the individual is a full-time employee and 0 otherwise. Province indicates where the individual lives. Year controls for the year. Industry controls for the industry that an individual works in
using a 5-digit SIC code. * p<0.10, ** p<0.05, *** p<0.01. Source: authors’ computation using the SARS tax data (National Treasury and UNU-WIDER 2022).
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Table C11: Linear regression estimates: the impact of gender on real wage earned (excluding 1T3(a) tax certificates)

Dependent variable: Natural log of real income

M @) ©) (4) (%) (6) (7) (8)

Male 0.065*** 0.079*** 0.086*** 0.090*** 0.114*** 0.076*** 0.079*** 0.115***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
High skill 0.166*** 0.225*** 0.223*** 0.182*** 0.179***
(0.00) (0.00) (0.00) (0.00) (0.00)
Age 0.148*** 0.146™* 0.091*** 0.148*** 0.146*** 0.091***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Age? -0.002*** -0.002*** -0.001** -0.002*** -0.002*** -0.001***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Full time 1.387*** 1.385*** 1.240*** 1.386"** 1.384*** 1.240***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Male - High skill 0.110*** 0.108*** -0.006**
(0.00) (0.00) (0.00)
Predictive margins: earnings difference by gender and skill level
Male 0.086*** 0.090***
(0.00) (0.00)
Male - Other skill 0.076*** 0.079***
(0.00) (0.00)
Male - High skill 0.186*** 0.187***
(0.00) (0.00)
Province included Yes Yes Yes Yes Yes Yes Yes Yes
Year included No No No Yes Yes No Yes Yes
Industry included No No No No Yes No No Yes
Obs 36156363 36156363 36156363 36156363 36156313 36156363 36156363 36156313
Adj. R2 0.006 0.007 0.298 0.304 0.408 0.298 0.304 0.408

Note: all IT3(a) tax certificates have been excluded from this table. Standard errors clustered at the individual level are in parentheses. Male is coded one for male individuals and zero otherwise.
High skill refers to the industries that are considered to require a high skill level to work in as defined by Chen et al. (2022). These industries are: 1) ‘Legal Activities’, 2) ‘Scientific Research and
Development’, 3) ‘Architectural and Engineering activities, Technical testing and Analysis’, 4) ‘Education Services’, 5) ‘Human Health Activities’, 6) ‘Accounting, Bookkeeping, Auditing activities and
Tax consultancy’, 7) ‘Activities of head offices and Management Consultancy Activities’, 8) ‘Commercial Art and Photography’. Age indicates the age of the individual, and Age2 is the quadratic
function of the variable age. Full time returns one when the individual is a full-time employee and 0 otherwise. Province indicates where the individual lives. Year controls for the year. Industry
controls for the industry that an individual works in using a 5-digit SIC code. * p<0.10, ** p<0.05, *** p<0.01

Source: authors’ computation using the SARS tax data (National Treasury and UNU-WIDER 2022).
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