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Abstract
Earnings inequality is usually
calculated from a distribution
which is measured at a point
in time. However, because we
typically observe a positive age-
earnings profile, a part of cross-
sectional inequality is explained
by age-related differences in
earnings across age cohorts.
When inequality is computed
using earnings measured over
the lifetime, these age-specific
differences are averaged out.
However, there are also factors
that may drive up inequality
in earnings measured over
time relative to cross-sectional
inequality – for instance, low
cross-sectional earnings are
likely to be correlated with
low wage growth and longer
spells of unemployment, thereby
compounding inequality. Using
South African data, we investigate
how these dynamic processes
act simultaneously but over
different time scales to both
moderate and exacerbate
inequality over time. Because
the available panel data in South
Africa spans only nine years,
straightforwardly constructing
a measure of lifetime earnings is
not possible. We circumnavigate
this challenge by constructing
a synthetic lifetime panel by
stitching together relevantly
similar individuals across
successive age cohorts. We use
this synthetic panel to compute
inequality of lifetime earnings
and compare this to inequality
of earnings measured over the
medium-term (2-9 years), and

to inequality measured at a point
in time. We find that inequality of
lifetime earnings, which reflects
the effect of the age/earning
relationship, is lower than
inequality of contemporaneous
earnings. However, inequality of
earnings measured over two
to nine years, which is more
sensitive to inequalities in short-
term employment dynamics, is
substantially higher than point-
in-time estimates.
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Résumé
L’inégalité des revenus est
généralement calculée à partir
d’une distribution qui estmesurée
à un moment donné. Toute-
fois, comme nous observons
généralement un profil âge-gains
positif, une partie de l’inégalité
transversale s’explique par les
différences de revenus liées à
l’âge entre les cohortes d’âge.
Lorsque l’inégalité est calculée
à partir des revenus mesurés
sur toute la durée de la vie, la
moyenne de ces différences
spécifiques à l’âge est lisée.
Toutefois, il existe également des
facteurs susceptibles d’accroître
l’inégalité des revenus mesurés
dans le temps par rapport à l’iné-
galité transversale - par exemple,
de faibles revenus transversaux
sont susceptibles d’être corrélés
avec une faible croissance des

salaires et des périodes de
chômage plus longues, ce qui
aggrave l’inégalité. À l’aide
de données sud-africaines,
nous étudions comment ces
processus dynamiques agissent
simultanément mais sur des
échelles de temps différentes
pour à la fois modérer et
exacerber les inégalités dans
le temps. Les données de
panel disponibles en Afrique
du Sud ne s’étendant que sur
neuf ans, il n’est pas possible
de construire directement une
mesure des revenus de la vie
entière. Nous contournons ce
problème en construisant un
panel synthétique sur toute la
durée de la vie en assemblant des
individus similaires de manière
pertinente à travers des cohortes
d’âge successives. Nous utilisons
ce panel synthétique pour

calculer l’inégalité des revenus
sur la vie entière et la comparer
à l’inégalité des revenus mesurée
sur le moyen terme (2-9 ans)
et à l’inégalité mesurée à un
moment donné. Nous constatons
que l’inégalité des gains de la
vie entière, qui reflète l’effet
de la relation âge-gains, est
inférieure à l’inégalité des gains
contemporains. Toutefois,
l’inégalité des revenus mesurée
sur deux à neuf ans, qui est plus
sensible aux inégalités dans la
dynamique de l’emploi à court
terme, est sensiblement plus
élevée que les estimations à un
moment donné.

Mots-clés
Inégalités; mobilité salariale;
dynamiques de cycle de vie;
panels synthétiques; Afrique du
Sud.
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Introduction

A well-documented issue in the measure-
ment of inequality relates to the time span
over which inequality is being measured.
Lifetime earnings inequality is arguably a
more relevant welfare concept than in-
equality of earnings measured at a point in
time. In evaluating the disparities in welfare
between individuals, we ought to account
for both the dis-equalising and equalising
forces which play out over time.

This issue becomes pertinent in the labour
market, where we typically observe a pos-
itive age-earnings profile. Since the work-
force is comprised of people of various
ages, some component of the inequality in
earnings at any particular moment in time
simply reflects the difference in the ages of
the members of the workforce.

At the same time, however, there are factors
that determine inequality other than differ-
ences in age at measurement. Inequality
of opportunity – determined by location,
education, discrimination and many other
factors – means not only that different
individuals at the same age will have di-
vergent earnings, but also that employ-
ment stability and opportunities for earn-
ings growth are distributed unequally. For
instance, labourmarket volatility affects dis-
advantaged workers more negatively than
it does relatively advantaged workers: The
least-skilled and lowest-paid workers are
more likely to experiencemore frequent and
longer spells of unemployment than their
more-skilled and higher-paid counterparts.
Even making the unrealistic assumption of
stable employment for all workers across
the life-course, an additional issue is that
earnings growth may differ systematically
for those in low wage versus those in high
wage occupations.Thus, part of the inequal-
ity which is measured cross-sectionally will

be compounded over the life-course as the
divergence increases over time between
workers in low-wage versus high-wage oc-
cupations.

These two potentially simultaneous pro-
cesses exert opposing forces on the differ-
ence between lifetime earnings inequality
and cross-sectional earnings inequality. On
the one hand, when there is mobility in indi-
vidual earnings over time, cross-sectional
inequality includes inequality attributable to
age-related differences in earnings. When
inequality is computed using earningsmea-
sured over the lifetime, these age-specific
differences are averaged out. On the other
hand, inequality in earnings measured over
a longer period captures the effects of in-
equalities in employment stability or earn-
ings growth. Unlike cross-sectional earn-
ings inequality measures, inequality in life-
time earnings reflects how inequality is
compounded over time by these dynamic
processes.

The primary objective of this paper is to
compare cross-sectional and lifetime mea-
sures of inequality in South Africa. In an
ideal case, we would have panel data over
individuals’ lifetimes, in which we observe
people as they leave school and enter the
labour market, until they permanently exit
due to retirement or death. We could
then sum earnings over the lifetime and
compute inequality based on this lifetime
earnings figure. While such long-panel data
does not exist in the South African case,
the existence of longitudinal data from the
nationally representative National Income
Dynamics Study (NIDS), which spans a pe-
riod of approximately nine years, does allow
us to estimate a measure of lifetime earn-
ings by constructing a synthetic lifetime
panel, subject to a set of stability assump-
tions.
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To do so, we link the experiences of suc-
cessive cohorts of individuals, such that
this forms a “chain” of observations across
all age groups, which enables us to gen-
erate a proxy for the time-path of earn-
ings across the life-cycle. Using nearest-
neighbor matching with replacement, we
are able to link the cohort of workers aged
between 17 and 22 in 2008 (i.e. who had
just entered the labour market in the first
wave of NIDS) to a successive cohort aged
between 23 and 28 in 2008. This process
is then repeated with successively older
cohorts until a full synthetic lifetime panel is
created. Because with NIDS we have five
waves of data for each individual in the
balanced panel, we are able to exploit an
age overlap between successive cohorts to
allow us to match on both time invariant
and time-varying characteristics. Thus, by
linking relevantly similar individuals across
age cohorts we create synthetic individual
observations which contain valid responses
from approximately ages 18 to 60.

While we are able to construct a synthetic
lifetime panel, this by necessity acts as a
single birth cohort. This means that, unlike
studies using much richer historical data
from the US (Bosworth et al., 2001; Haider
and Solon, 2006; Kim et al., 2015; Kopczuk
et al., 2010; Bowlus and Robin, 2004), we
are unable to compare trends in lifetime
earnings inequality across age cohorts. In
our data, differences between the earnings
distributions between birth cohorts – which
we would expect, for instance, due to edu-
cational reform or macroeconomic events
– is collapsed through the construction of
the synthetic panel. This is a necessary but
unfortunate consequence of the synthetic
panel strategy that we propose.

The findings of this paper draw on an anal-
ysis of the earnings distributions from three
versions of NIDS data. First, estimates are

provided of earnings inequality using cross-
sectional NIDS data. Second, we estimate
inequality of earnings summed over mul-
tiple periods (between 2 and 9 years) for
the same individuals using the genuine 9-
year NIDS panel. Finally, we provide the first
estimates of inequality of lifetime earnings
in South Africa using our purpose-built syn-
thetic lifetime panel.

We find that inequality of lifetime earnings is
lower than earnings inequality measured at
a cross-section, suggesting that a substan-
tial part of inequality measured at a mo-
ment in time reflects age-related inequali-
ties. At the same time, we also find evidence
that employment stability is positively cor-
related with earnings and that employment
vulnerability is negatively correlated with
earnings. In otherwords, thosewhoearn low
wages when they are employed are more
likely to lose their jobs and when they do,
tend to experience longer spells of unem-
ployment. Measuring inequality over the
shorter age-intervals from the genuine NIDS
panel, we find that inequality is higher than
measured at the cross-section. Since mea-
suring inequality over these shorter time-
periods is less sensitive to aging effects but
more sensitive to employment and earn-
ings dynamics, we interpret this as evidence
that employment dynamics exert a strong
inequality compounding effect.

These findings are generally consistent with
studies of lifetime earnings and income in-
equality in the developed world. Bönke et al.
(2015) find that, because of earnings mobil-
ity over the life-cycle, inequality in lifetime
earnings in Germany is about two thirds
that computed using annual earnings dis-
tributions. Bowlus and Robin (2004) use a
shorter-than-lifetime panel and extend this
to cover the life-cycle bymodelling employ-
ment andearningsdynamics for individuals.
They find that lifetime inequality in the US
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is 40 percent lower than cross-sectional
earnings inequality. Kopczuk et al. (2010),
using US Social Security Administrative data,
find that inequality in long-term earnings,
while expectedly lower than inequality in
cross-sectional earnings, closely mirrors
trends in inequality in cross-sectional earn-
ings. Bowlus and Robin (2012) find that
the difference between inequality in lifetime
earnings and inequality measured at a
point in time is greatest in countries with
relatively higher earnings mobility (such
as the US), compared to countries with
lower earnings mobility (such as much of
Western Europe). Flinn (2002) trace the
explanation for these differences back to
the labour regulatory environment. Where
labour regulation is weak (as in the US), em-
ployment transitions are frequent, with the
consequence that cross-sectional inequal-
ity is high but lifetime inequality is relatively
equitable. The opposite applies to relatively
more regulated labour regimes, such as
in Western Europe (Flinn, 2002; Bowlus and
Robin, 2004). Tejada (2016) provides a rare
and potentially unique set of estimates of
lifetime earnings inequality for a developing
country: Using Chilean data, he estimates
that lifetime earnings inequality in Chile is
lower than point-in-time estimates, though
remains high.

A key contribution of this paper is to propose
a method to construct a synthetic lifetime
panel of earnings which incorporates both
earnings and employment dynamics, allow-
ing researchers to take both into account in
the estimation of lifetime earnings inequal-
ity. The method developed in this paper al-
lows for the direct comparison of inequality
measured at a point-in-time, over a period
of 2-9 years (using the genuine NIDS panel),
and over the lifetime (using the synthetic
NIDS lifetime panel). This is the first paper
to estimate inequality in earnings over the
life-cycle in South Africa and one of very
few to provide estimates in a developing
country context (Tejada, 2016). Our paper
thus contributes to a literature which has re-
mained, because of the scarcity of suitable
data, dominated by studies focusing on the
US and Western Europe.

The paper is structured as follows: The fol-
lowing section elaborates on themotivation
for this research and proposes a schematic
theoretical framework. The third section dis-
cusses data. The fourth section describes
the construction of the synthetic lifetime
panel. The fifth section presents results.
Robustness checks are reported in Section 6
alongside a discussion of several other limi-
tations which are not addressed. The final
section offers concluding remarks.
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1. Motivation

Inequality has been the subject of much attention in South Africa, which is often considered
to be the most unequal country in the world. While the established literature on the topic is
expansive, almost all of this work has studied inequality of earnings, income or consumption
distributions measured at a moment in time (Leibbrandt et al., 2010, 2018; Tregenna, 2011;
Bassier and Woolard, 2018; Leibbrandt et al., 1996; Tregenna and Tsela, 2012; Leibbrandt et al.,
2012; Seekings and Nattrass, 2008; Özler, 2007; Sulla and Zikhali, 2018).

While contemporaneous inequality is undoubtedly informative, it is also acknowledged that
individual welfare is more meaningfully captured by the expected and realised evolution of
earnings or income(Sahota, 1978). Because lifetime inequality also depends on the amount
and nature of social mobility, annual or cross-sectional inequality is a distorted and limited
indicator of lifetime inequality (Friesen and Miller, 1983; Paglin, 1975; Flinn, 2002).

Schumpeter (1955) famously proposed the metaphor of a hotel in which a few people occupy
the luxury rooms on the top floors, and many people occupy the more numerous cramped
rooms on the lower floors. Inequality measured at a cross-section measures the differences
in the quality of rooms on any particular night (Fields, 2006). However, Schumpeter argues
that this point-in-time perspective does not account for the potentially equalising role of
social mobility - amechanism through which those guests occupying the top-floor rooms will
over time swap rooms with those occupying the rooms in the bottom floors, and vice versa.
In the presence of social mobility, cross-sectional inequality is not the only relevant welfare
concept in understating social inequities. Lifetime earnings inequality overcomes this issue
by incorporating mobility into the measurement of inequality. Using the hotel metaphor, this
would be equivalent to measuring the differences between guests in the number of nights
spent in rooms of differing quality, over their entire stay.

In the South African literature, some recent attempts have been made to incorporate a
dynamic element into the analysis of inequality. Schotte et al. (2018) have, for instance, used
differences in the likelihood of falling into poverty to propose a schema of social stratification
which is sensitive to the stability or vulnerability of changes in welfare over time. Finn and
Ranchhod (2017), using Quarterly Labour Force Survey data, find amodest difference between
cross-sectional earnings inequality and a one-year average earnings inequality measure,
citing the stability of top earners to be responsible for the small difference. However, given
the availability of rich household panel data in South Africa in the form of the NIDS data, there
remains scope for more work to be done on inter-temporal inequality.

Before proceeding to our empirical investigation, however, it is instructive to reflect on some
stylised scenarios which help to strengthen our grasp of the issues at hand. Consider the
following scenarios, represented in the table below:

Case 1 is an economy of two agents (Jack and Jill) spanning two time periods (t and t+1).
In t, both Jack and Jill earn $1, and in t+1, both earn $2. Earnings in the economy are equally
distributed at t and t+1. In addition, the sum of earnings over both periods are equal for Jack
and for Jill.
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Case 2 is also an economy of two agents (Jack and Jill), though this time the economy spans
three time periods (t, t+1, and t+2). Jack is younger than Jill, and only exists in t+1 and t+2,
while Jill exists in t and t+1 but not t+2. The economy therefore only consists of two agents at
t+1, at which point in time Jill earns $2 while Jack earns $1. Measured at the t+1 cross-section,
there is inequality in earnings between the two agents. However, how to interpret the welfare
implications of this cross-sectional inequality is not clear since the total earnings of Jack and
Jill over their lifetimes is identical.1

With these two cases we can see how cross-sectional earnings inequality may be blind to a
dynamic issue which has real implications for an inequality assessment. The portion of total
inequality attributable to the (arguably more benign) age-dependent inequality affects how
we interpret the welfare implications of inequality.

Case 1
t t+1 Total

Jack $1 $2 $3
Jill $1 $2 $3

Case 2
t t+1 t+2 Total

Jack - $1 $2 $3
Jill $1 $2 - $3

The following two cases illustrate an additional issue - how taking earnings and employment
patterns into account whenmeasuring inequality overmultiple periodsmay either compound
or mitigate inequality observed at a cross-section, depending on the correlation of earnings
with earnings mobility/employment transitions.

Case 3 is an economy with three agents (Jack, Jill and Jim) spanning two time periods (t
and t+1). In t Jack earns $10, Jill earns $5 and Jim is unemployed and earns $0. In t+1 Jack
and Jim swap places with Jim now earning $10 and Jack being unemployed. Jill still earns $5.
From this example we see that there is inequality in both time periods, but that the pattern of
employment dynamics is equalising over time. More precisely, a positive correlation between
earnings and the likelihood of becoming unemployed means that high wage earners (Jack
and Jim) are likely to experience spells of unemployment, while low wage earners (Jill) are
more likely to enjoy greater employment stability. While Case 3 presents this scenario in terms
of employment transitions, the same would apply for earnings volatility. Case 3 describes the
benign version of social mobility imagined in the Schumpeter hotel metaphor.

Case 4 is also an economy with three agents (Jack, Jill and Jim) spanning two time periods
(t and t+1). In t Jack earns $5, Jill earns $10 and Jim is unemployed and earns $0. In t+1 Jack
and Jim swap places with Jim now earning $5 and Jack being unemployed. Jill still earns
$10. As in Case 3, we see that there is inequality in both time periods. This time, however, the
pattern of employment dynamics is dis-equalising over time because, unlike Case 3, there is
now a negative correlation between earnings and the likelihood of becoming unemployed.

1An additional consideration, not addressed in this paper, is the welfare smoothing effects of credit markets
(Kopczuk et al., 2010): if we assume that credit markets are functioning in the economy, it is possible that both Jack
and Jill will have been able to smooth consumption over the two periods, meaning that (insofar as consumption
rather than earnings is the appropriate proxy for welfare) the inequality in earnings at t+1 will not proxy well for the
distribution of welfare.
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Low wage earners (Jack and Jim) are likely to experience spells of unemployment, while high
wage earners (Jill) are likely to enjoy greater employment stability. Unlike Case 3, we can
see that, intertemporally, the negative correlation between earnings and the likelihood of
becoming unemployed compounds the inequality observed at either cross-section.

Case 3
t t+1 Total

Jack $10 $0 $10
Jill $5 $5 $10
Jim $0 $10 $10

Case 4
t t+1 Total

Jack $5 $0 $5
Jill $10 $10 $20
Jim $0 $5 $5

In practice, however, the processes observed in Cases 1 and 2, and Cases 3 and 4, occur
simultaneously. Our prior is that, inmost contexts, South Africa included, a positive association
between age and earnings in an economy in which individuals’ ages differ (as in Case 2)
co-occurs with employment and earnings dynamics which are dis-equalising over time (as
in Case 4). In the following sections we bring data to bear on this hypothesis.
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2. Data

This paper uses Waves 1 through 5 of the National Income Dynamics Study (NIDS). NIDS is
South Africa’s only nationally representative household panel study, which began in 2008
with a sample of over 28,000 individuals in 7,300 households. There are currently five waves
of data available spanning the nine years from 2008 to 2017, where each wave of data is
spaced approximately two years apart.

Inmost of the analysis we use the balanced panel of respondents to exploit the full longitudinal
range of the data, restricting our sample to observations which appear in all five waves. In
Section 5, however, we pool data from pairs of consecutive waves (t-1 and t), such that the
analysis of changes over time represent changes between 2008 to 2010/11, 2010/11 to 2012,
2012 to 2014/15 and 2014/15 to 2017 respectively.

As with any longitudinal study, one is generally concerned with how much attrition there is
over time. Starting with Wave 1 in 2008, and including respondents from just the Adult sample,
we have amaximum possible sample of 15,597. This number decreases to 13,670 if we exclude
adults younger than 25 years or older than 50 years in 2008. Of these, we are able to track
only 8,323 in all five waves, giving a net attrition rate of 39.1 percent for this sample. Since it is
relevant for the study of inequality, it is worth noting that attrition disproportionately affected
high-income earners (Brophy et al., 2018). We use the panel weights released with the NIDS
data to correct for the presence of this substantial differential attrition.
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3. Creating a synthetic lifetime panel

NIDS is South Africa’s only nationally representative household survey panel data set. It spans
nine years, from 2008 to 2017. While this makes for richer longitudinal data than is available in
most other developing countries, it nevertheless falls short of being usable as a plug-and-play
tool for analysing the inequality of lifetime earnings.

However, exploiting the fact that NIDS does have longitudinal data on individuals of different
age cohorts spanning nine years, we have developed amethod for linking successive cohorts
in order to create a single “chain” of individuals. Once linked in the manner that we propose,
this “chain” of individuals functions as a synthetic lifetime panel with valid observations from
the age of 21 up to the age of 60.

As a first step, we define a set of age variables based on three-year intervals - i.e. ages 20-22,
23-25, etc. The choice of a three year interval was made to maximise the sample size, though
a consequence of this choice is that for individuals in the balanced panel – who are observed
in five periods – only four age variables are defined. For example, those aged 17 to 19 in 2008
will have variables defined for the following age intervals: 17-19; 20-22; 23-25; 26-28.

The intuition that underlies our strategy for constructing a synthetic panel is to link younger
individuals with relevantly similar older individuals, and repeating this process so as to form
a “chain” of observations across the life-course. Our method of “linking” younger to older
individuals uses nearest-neighbor propensity score matching. This requires us to define
variables on which individuals in younger and older cohorts can be matched. To do so,
we redefine variables used for matching according to the age-interval variables described
above.

Assuminganeducation variable is oneof the variables used in the computation of apropensity
score, those aged 17 to 19 in Wave 1 of the NIDS balanced panel will have education variables
defined at 17-19; 20-22; 23-25 and 26-28. The same holds true for those aged 20-22 in 2008,
except that everything will be shifted across by one age interval: they will have education
variables defined at 17-19; 20-22; 23-25 and 26-28. And so on, for those aged 23-25, 26-28, et
cetera, in Wave 1.

As one can see in the diagram below, age cohorts defined in this way overlap with successive
cohorts by between one and three age intervals. For instance, Cohort 1, aged 17-19, overlaps
with Cohort 2 for the age intervals 20-22, 23-25 and 26-28, and with Cohort 3 for the age
intervals 23-25 and 26-28. Exploiting this structure, the objective is tomatch individuals based
on shared age intervals, and then append observations from the matched individuals in the
successive cohort to those in the original cohort.

Age

C
oh

or
t

1) 17-19 20-22 23-25 26-28 - - -
2) - 20-22 23-25 26-28 29-31 - -
3) - - 23-25 26-28 29-31 32-34 -
4) - - - 26-28 29-31 32-34 35-37

et cetera...
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Once the initial match is made on these two cohorts, the exercise is repeated for successive
cohorts, until we have a continuous “chain” of observations from age of entry into the labour
market to age of likely exit. This feature of the data allows us two choices, which involve a
trade-off.

First, this overlap of age intervals allows us tomatch successive cohorts on both time-invariant
characteristics (such as gender and race) as well as time-varying characteristics (such as
location and employment status). The more periods on which individuals are matched, the
greater the probable quality of the match.

Second, just as successive cohorts can be matched on between one and three common
time intervals, so can what will become the first iteration of a progressively extended chain of
synthetic observations be extended by between one and three non-shared time intervals.
The fewer periods on which a match is made, the more periods by which the synthetic panel
is extended.

An example will help clarify this: Suppose we match individuals in Cohort 1 to individuals in
Cohort 2. By doing so, we are able to exploit the three age intervals for which individuals
in these cohorts overlap, and to extend the values of observations for Cohort 1 by one age
interval by appending the values of individuals from Cohort 2. Once values assigned to
individuals in the original Cohort 1 have been extended by appending values of observations
fromCohort 2, the emerging synthetic panel now contains observations for 17-19, 20-22, 23-25,
26-28 and 26-28. This exercise is then repeated by matching the existing synthetic panel
with Cohort 3, thus extending the dataset by one time period. This process can continue until
the synthetic panel has observations from age of entry into the labour market (17-19) until
age of exit (approximately age 60).

A choice needs to be made between the following options:

1. Match-on-1, extend-by-3: In this approach, we would match on variables shared in
one period, and build the emerging synthetic panel by extending observations by three
periods. In the diagram above, this would entail matching Cohort 1 with Cohort 4.

2. Match-on-2, extend-by-2: In this approach, we would match on variables shared in
two periods, and build the emerging synthetic panel by extending observations by two
periods. In the diagram above, this would entail matching Cohort 1 with Cohort 3.

3. Match-on-3, extend-by-1: In this approach, we would match on variables shared in
three periods, and build the emerging synthetic panel by extending observations by one
period. In the diagram above, this would entail matching Cohort 1 with Cohort 2.

Each choice involves a trade-off. One consideration is match quality: the greater the number
of periods on which two cohorts are matched, the greater the quality of the match on time
varying characteristics. However, this comes at the cost of constraining the sample size to
fewer initial cohorts. For instance, if, as given in the example above, a choice is made to
match on three time intervals, then the “base” of the synthetic panel is restricted to Cohort 1.
If, however, a choice is made to match on only one time interval, then Cohort 1 is matched
with Cohort 4, thereby freeing Cohort 2 to be matched with Cohort 5, and Cohort 3 to be
matched with Cohort 6. By then merging these three separate synthetic cohorts together
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(and restricting the lifetime panel to the minimum age of Cohort 3, in this case 23-25), this
effectively triples the sample size relative to the “Match-on-3, extend-by-1” strategy.

To balance these two considerations we have elected to use a “Match-on-2, extend-by-2”
strategy.2 This is shown in the stylised figure below, where odd numbered cohorts arematched
(in blue), and even numbered cohorts are matched (in green). Nearest-neighbor matching
is undertaken on time-invariant variables (gender and race) and time-varying variables
(education, location, occupation, employment status, per capita household income andmain
source of household income). Nearest neighbor matching is undertaken with replacement,
allowing the algorithm to match a single individual in an older cohort to multiple individuals
in a younger cohort. Because of South Africa’s youth-heavy age pyramid, younger cohorts
in NIDS are substantially larger than older cohorts, making matching with replacement the
pragmatic choice.

Age

C
oh

or
t

1) 17-19 20-22 23-25 26-28 29-31 32-34 ...
3) - - 23-25 26-28 29-31 32-34 -
2) - 20-22 23-25 26-28 29-31 32-34 35-37
4) - - - 26-28 29-31 32-34 35-37

et cetera...

Table 1 reports descriptive statistics for the lifetime synthetic panel (constructed using the
”match-on-2, extend-by-2” strategy), and compares these to the NIDS balanced panel. Time-
varying characteristics (employment, location, education, household per capita income and
main source of household income ) are reported in addition to time-invariant characteristics
(race and gender). While the balanced panel consists of 8,669 individuals between the ages
of 18 and 60, the synthetic panel is built on 1,728 synthetic observations.

The synthetic panel is slightly less urban, less female and more black/African than the
balanced panel. It is also substantially poorer - with mean per capita household income
being almost half that reported in the balanced panel. The synthetic panel is also on average
less reliant on income from the labour market as the primary source of income.

A particular feature of the synthetic panel data is revealed in comparisons in the employment
rates and educational attainment in the synthetic panel compared to the balanced panel.
While in the balanced panel educational attainment is highest for younger individuals and
lower for older individuals (as expected, given the rapid expansion of education amongst the
black population in the post-apartheid period), the samepattern is not evident in the synthetic
panel, in which the proportion with completed secondary school education increases slightly
for older individuals. The explanation for this disjuncture can be traced back to the matching
algorithm used in the construction of the synthetic panel. Because matches between cohorts
are made on a set of variables which include education, secular trends of a population in
educational attainment are obscured by the matching procedure which matches highly
educated individuals with other highly educated individuals. Since matching is implemented
with replacement, highly educated older individuals are matched several times, leading
to a “funneling” effect. The same dynamic is evident in employment rates by age – while
in the balanced panel employment is highest at age 39 and lowest at ages 27 and 54, in

2Sensitivity checks using the other two potential strategies are explored in Section 6.
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the synthetic panel, employment rates remain high at age 54. This again reflects the fact
that matches between cohorts are made on a set of variables which include employment
status.

This feature of the data has implications for how we interpret what population is represented
by the synthetic panel. The synthetic panel is a composite of multiple age cohorts observed
at a cross-section. However, since thematching strategymatches older cohorts to an original
cohort (aged approximately 18-21), our strategy in effect simulates the earnings trajectory for
this youngest cohort. Since this younger cohort is more educated, it is appropriate that the
individuals in the synthetic panel retain this level of education.

Table 1: Sample summary statistics, NIDS balanced panel vs synthetic life-time panels
Balanced panel

Mean SD
Female 0.56 0.496
Black 0.85 0.362
Completed secondary education
Age 27 0.50 0.500
Age 39 0.42 0.494
Age 54 0.23 0.419

Urban 0.60 0.491
Employed
Age 27 0.50 0.500
Age 39 0.63 0.483
Age 54 0.51 0.500

Household income per capita (R) 2918 6873
Main source h’hold income: Labour 0.54 0.498
Observations 8669

Synthetic lifetime panel
Mean SD

Female 0.49 0.500
Black/African 0.91 0.293
Completed secondary education

Age 27 0.53 0.343
Age 39 0.69 0.500
Age 54 0.67 0.464

Urban 0.52 0.470
Employed

Age 27 0.54 0.498
Age 39 0.63 0.482
Age 54 0.67 0.472

Household income per capita (R) 1735 4700
Main source h’hold income: Labour 0.40 0.490
Observations 1728

Notes: The table gives the mean and standard deviation for selected variables from the NIDS balanced panel and
NIDS synthetic lifetime panel samples for adults aged 18-60. Summary statistics for the synthetic lifetime panel
include observations which are imputed through the matching algorithm which is used in constructing the synthetic
panel. These imputations are based on matches (using observable characteristics) between individuals of different
ages. Since education is used in this matching strategy, younger individuals are matched with older individuals with
similar education levels, which leads to an over-representation of highly educated older individuals in the synthetic
panel compared to the balanced panel. ”Black” identifies ethnic Africans, which is a dummy variable where other
racial categories include White, Indian/Asian and Coloured (mixed-race). ”Main source of h’hold income: Labour” is
a dummy variable equal to 1 if an individual reports that labour earnings constitute the primary source of household
income, and zero if any other income source is listed. Statistics are weighted using the survey design weights, which
are corrected for differential panel attrition. The sample is limited to the NIDS balanced panel and to those aged
between 18 and 60 years at the time of their interview. To facilitate comparisons across time, all monetary figures
are deflated using the Stats SA consumer price indices and are calibrated to March 2017.
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4. Results

4.1. Cross-sectional inequality

In Table 2 we report cross-sectional earnings inequality measured using NIDS data. These
results are not restricted to the balanced panel but report cross-sectional inequality for
each of the five waves of NIDS. Gini, Theil T and Atkinson inequality indices, and 90/10, 90/50
and 50/10 earning percentile ratios are reported. Atkinson and Theil T indices and all ratio
measures are computed using positive earnings values only, in other words, these measures
exclude those who report zero earnings. Gini coefficients are reported both conditioning
on positive earnings, as well as where the earnings of the unemployed and economically
inactive are coded as zero and these zeros are included in the Gini coefficient. The latter
reflects inequality of earnings for the entire working-age population, including those who are
not employed at a given time.

For most indicators, we observe a slight drop from the initially high coefficient in 2008, after
which inequality remains stable for the following periods. The 90/10, 90/50 and 50/10 ratios
indicate the highest levels of inequality for 2008 and 2010/11, after which there is a decline in
inequality and a stabilisation. The Gini including zero earnings reflects similar trends. Apart
from the high levels of inequality illustrated across all measures, the most salient take-away
from Table 2 is the difference between the Gini of positive earnings and the Gini inclusive of
zero earnings. While wage inequality is clearly high, when taking into account the contribution
that unemployment makes to earnings inequality, the Gini increases dramatically. How these
zero-earners are taken into account in the measurement of dynamic inequality will clearly
have important implications for the analysis of earnings inequality.

4.2. Employment volatility and inter-temporal inequality

As discussed in Section 2, it is worthwhile in the analysis of inequality over time to investigate
whether employment and earnings mobility may compound inequality. We showed how
this would be the case if there is a negative correlation between wages and the likelihood of
transitioning into unemployment. Table 3 uses the NIDS balanced panel data to show that
this is the case in South Africa: Earning low average wages when employed is associated
with experiences of long spells out of employment, while those experiencing more stable
employment also earn higher wages when employed. The average earnings of those who
were employed in all five waves is more than double that of those who were only employed
in one of five waves.

Recalling the two stylised cases from Section 2, this shows that South Africa fits the mold
of Case 4, in which, all else held constant, employment dynamics exacerbate inequality
measured over time relative to inequality measured at a moment in time.
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Table 2: Inequality in NIDS cross-sections using various measures
2008 2010/11 2012 2014/15 2017 Average

Gini coefficient
conditional on earnings >0 0.57 0.53 0.52 0.52 0.53 0.53
unconditional on earnings >0 0.84 0.84 0.83 0.81 0.81 0.83

Theil T index 0.76 0.55 0.48 0.54 0.41 0.55
Atkinson index (ε=1) 0.49 0.43 0.38 0.40 0.35 0.41
90/10 ratio 13.46 14.66 10.20 12.10 12.00 12.61
90/50 ratio 4.39 4.15 3.52 3.74 4.09 3.95
50/10 ratio 3.06 3.53 2.90 3.23 2.93 3.18

Notes: The table reports Gini, Theil T and Atkinson inequality indices, and 90/10, 90/50 and 50/10 earnings ratios
for all five waves of NIDS data. All valid adult observations (ages 18-60) for each wave are used rather than the
balanced panel. The Theil T and Atkinson indices and all ratio measures are computed using only positive earnings -
i.e. are limited to those respondents in active employment and reporting a positive wage. Gini coefficients are
reported both conditional on reporting a positive wage - i.e. limited to those in employment - and unconditional on
reporting a positive wage - i.e. inclusive of those not in employment and reporting zero earnings. The Atkinson index
is computed setting the inequality aversion parameter (ε) to 1. The 90/10 ratio is the ratio of earnings of workers
at the 90th percentile of the earnings distribution to the earnings of workers at the 10th percentile of the earnings
distribution. The 90/50 ratio is the equivalent concept measuring ”upper-tail” inequality, while the 50/10 ratio is
the equivalent concept measuring ”lower-tail” inequality. The final column reports the average of each inequality
measure over all five waves. It should be noted that NIDS is arguably poorly suited for measuring cross-sectional
inequality: NIDS was launched in 2008 with a nationally representative sample of the South African population at the
time. Later waves used the same sampling frame, with the result that the sample remained representative of South
Africa’s population in 2008. In addition, differential panel attrition and the under-sampling of top earners may also
have compromised NIDS representativeness over time. To facilitate comparisons across time, all monetary figures
are deflated using the Stats SA consumer price indices and are calibrated to March 2017. Statistics are weighted
using the survey design weights.

Table 3: Association between monthly earnings and employment duration in the NIDS
balanced panel

Periods employed Mean earnings (R) SD n

1/5 3 175 3 533 533
2/5 3 352 3 040 791
3/5 4 835 6 145 874
4/5 6 499 7 194 855
5/5 9 357 9 785 937

all observations 6 004 7 392 3 990
Notes: Data is limited to adult observations (ages 18-60) present in the NIDS balanced panel (Waves 1-5) who report
being employed in at least 1 out of the 5 periods in which they were surveyed. The table compares mean monthly
wages during a period of employment for workers who reported being employed in 1, 2, 3, 4, or 5 periods, out of a
possible total of 5 periods. For instance, the first row shows that mean monthly earnings were R3,175 during the

period of employment for individuals who reported only being employed in 1/5 NIDS waves. Likewise, the penultimate
row shows that the mean monthly earnings over all periods of employment for those who were employed in 5/5
Waves was R9,357. The last row reports the mean monthly earnings for all those reporting at least one period of
employment in the full balanced panel. To facilitate comparisons across time, all monetary figures are deflated

using the Stats SA consumer price indices and are calibrated to March 2017. Statistics are weighted using the survey
design weights, which are corrected for differential panel attrition.
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4.3. The age-earnings relationship

Employment dynamics may exacerbate inter-temporal inequality. However, in Section 2
we showed how this may occur simultaneously with the inequality reducing effects of a
positive age-earnings profile. If earnings trend upward over the life-course and inequality at
a given point in time is measured across individuals of different ages, then when measuring
inequality of lifetime earnings (thereby netting out age-specific differences), inter-personal
inequality will be observed to be smaller than that measured at a point in time, all else held
constant.

Figure 1 plots the age-earnings profile for South Africa using NIDS, differentiating between
those without a secondary qualification, those with a secondary school qualification, and
those with a tertiary qualification. These results are estimated by pooling all of the NIDS
cross-sections.

Panel (a) depicts the relationship between age and earnings for those with positive earnings
values, i.e. restricted to those in employment. Panel (b) represents the relationship between
age and earnings for those with positive or zero earnings values. In other words, while Panel
(a) plots earnings growth conditioning on positive earnings, Panel (b) additionally accounts
for changes in employment rates across the life-course. Note the differences in the vertical
axes of the two Panels.

As expected, we observe a positive age-earnings profile for positive earnings throughout
the life-cycle. The absolute level of earnings is by definition lower when including the non-
employedmasevidencedbydifference in the scales of the vertical axes. Until age40both lines
follow the same trend, at which point the two lines diverge, with a downward slope for earnings
inclusive of non-employment. This suggests that from age 50 onward there is a decline in
the employment rate rather than in earnings. This graph emphasises the importance of
taking both life-cycle dynamics and employment transitions into account when measuring
inter-temporal inequality. Figure 1 shows that life-cycle dynamics will introduce age-related
inequality into cross-sectional estimates.

Figure 1 further distinguishes the age/earnings profile by educational attainment. Tertiary-
and secondary-educated individuals display a stronger growth trend in positive earnings than
those without completed secondary education, for whom there is barely any earnings growth
across the life-course. While Panel (b), which takes employment dynamics into account,
shows that employment rates decline fairly dramatically for tertiary educated (and to a lesser
extent secondary-educated) individuals after age 50, across all education categories there
is still an aggregate positive age-earnings gradient over the life-course.

4.4. Inequality of lifetime earnings using the synthetic panel

The main results of this paper are presented in Table 4. In this table we compare inequality
measures computed using NIDS cross-sectional data, to inequality of earnings summed over
several waves in the genuine NIDS panel, to inequality of lifetime earnings in the synthetic
NIDS panel (the construction of which is described in Section 4).

17



Figure 1: The evolution of earnings over the life-course in NIDS cross-sectional data, by
educational attainment

(a) Conditioning on positive earnings

(b) Not conditioning on positive earnings

Notes: Data is pooled from all five cross-sectional waves of NIDS. Both Panels (a) and (b) report mean
monthly earnings across 3-year age intervals, from 18 years to 60 years. Panel (a) computes mean
earnings at each age conditional on positive earnings - i.e. is limited to those in employment. Panel (b)
computes mean earnings at each age without conditioning on reporting a positive wage - i.e. is inclusive
of those not in employment and reporting zero earnings at any given age. Panel (a) therefore reports
the evolution of positive earnings over the life-course, while Panel (b) reports the combined evolution
of earnings and employment dynamics over the life-course. Statistics are weighted using the survey
design weights. The sample is limited to those aged between 18 and 60 years at the time of their interview.
To facilitate comparisons across time, all monetary figures are deflated using the Stats SA consumer
price indices and are calibrated to March 2017.
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Inequalitymeasures are the sameas those reported in Table 2: Table 4 reports estimates of the
Theil T and Atkinson indices, the Gini coefficient reported both conditional and unconditional
on positive earnings3, and 90/10, 90/50 and 50/10 ratios.

In the leftmost column, inequality estimates using cross-sectional data are reported. These
are the average values across the five waves (2008-2017). As noted before, the large
difference between the Gini conditional on positive earnings and the Gini unconditional
on positive earnings illustrates clearly the centrality of unemployment as a driver of inequality
in the labour market.

The middle supercolumn contains inequality measures for medium-term earnings, summed
over between two and nine years. For most inequality measures, there is a sharp increase
in inequality for medium-term earnings compared to cross-sectional earnings, and this
relatively higher inequality continues to rise over two to nine years. For example, the Theil T
index increases from 0.55 when measured at a point in time, to between 0.60 and 0.72 when
measured between 2 and 9 years.

With the exception of the unconditional Gini, all of the other inequality measures do not
include the effect of unemployment on cross-sectional labour market inequality. However,
unemployment does enter into the inter-temporal earnings inequality measures, since zeros
from periods of non-employment are included when earnings are summed over time. Thus,
some of the higher inequality in the inter-temporal measures in supercolumn 2 relative
to the cross-sectional estimates is driven by lower-wage workers experiencing spells of
unemployment over time.

We might expect that fluctuations in earnings and employment transitions are likely to be
important determinants of labour market inequality in the short- and medium-term, while
aging dynamics may become more relevant over a longer time horizon. While the former
is inequality increasing in South Africa (Table 3), the latter is inequality decreasing (Figure
1).

Measuring inequality over a longer time horizon, however, we might expect that age-related
inequalities are averaged out. The final column in Table 4 supports this view: across most
inequality measures, inequality measured over the lifetime using the synthetic NIDS panel
are lower than both the panel and the cross-sectional estimates. Notable exceptions are the
50/10 ratio and the Atkinson index, where the inequality in lifetime earnings is estimated to be
higher than the inequality in cross-sectional earnings.

Our ability to compare earnings inequality over the life-cycle to earnings inequality over
the medium-term provides some evidence of how dynamic processes act simultaneously
but over different time frames to moderate and exacerbate inequality over time. Because
medium-term earnings are subject to employment and earnings volatility but are much

3It is important to note that, for Gini coefficients unconditional on positive earnings, when inter-temporal means
are computed, zeros at any moment in time will be included in calculating an inter-temporal average. An example
is helpful: When computing the 2 Wave Gini (column 2), if an individual is employed in Wave 1 and unemployed in
Wave 2, the average is simply earnings in Wave 1 divided by two. This inter-temporal average will be included in the
calculation of the Gini conditional on positive earnings (Row 1) and in the calculation of the Gini unconditional on
positive earnings (Row 2). However, if an individual has zero earnings in both Wave 1 and Wave 2, their inter-temporal
average is zero, and so this inter-temporal average will not be included in the calculation of the Gini conditional on
positive earnings (Row 1) but will be included in the calculation of the Gini unconditional on positive earnings (Row 2).
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Table 4: Estimates of lifetime inequality in South Africa: Comparing cross-sectional, panel
and the synthetic lifetime inequality measures

Cross-section NIDS Panel Synth. panel
2008-2017 2 Waves 3 Waves 4 Waves 5 Waves Lifetime earnings

Gini coefficient
conditional on earnings >0 0.53 0.57 0.59 0.61 0.62 0.42
unconditional on earnings >0 0.80 0.80 0.78 0.77 0.76 0.42

Theil T index 0.55 0.60 0.64 0.69 0.72 0.29
Atkinson index (ε=1) 0.41 0.46 0.50 0.53 0.55 0.44
90/10 ratio 12.03 17.68 22.99 26.69 30.28 11.62
90/50 ratio 3.99 4.52 5.07 5.24 5.56 2.38
50/10 ratio 3.01 3.93 4.54 5.09 5.45 4.89
Notes: The table reports Gini, Theil T and Atkinson inequality indices, and 90/10, 90/50 and 50/10 earnings ratios for a)
the NIDS cross-section, in which point-in-time inequality measures are averaged over all five waves, b) individual
earnings summed over multiple waves (between 2 and 5) in the balanced panel, and c) individual earnings summed
over approximately 36 working-age years, spanning ages 20-56,21-57 or 22-58 in the NIDS life-time synthetic panel.
The inequality measures are as described in Table 2. Cross sectional statistics (supercolumn 1) are weighted using
the survey design weights, while for statistics which exploit NIDS’s panel dimension (supercolumns 2 and 3) these
design weights are adjusted to account for differential panel attrition. To facilitate comparisons across time, all
monetary figures are deflated using the Stats SA consumer price indices and are calibrated to March 2017.

less responsive to aging dynamics, changes in medium-term inequality allow us to partially
isolate the contribution of employment and earnings dynamics to inter-temporal inequality.
Thus, while lifetime earnings are substantially more equal than cross-sectional earnings,
the finding that inequality in earnings over the medium term are more unequal than cross-
sectional inequality suggests that labour market dynamics remain a substantial source of
earnings inequality.
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5. Robustness

There are several limitations and concerns with the use of a synthetic panel in the estimation
of lifetime earnings inequality, some of which are unavoidable. Most of these stem from
potential shortcomings in the matching strategy underlying the construction of the synthetic
panel.

A poorly implementedmatching strategy has at least three implications for themeasurement
of earnings inequality. First, it may be that the earnings trajectories of the constructed
synthetic individuals differ systematically from the (unobserved) earnings trajectories of
the actual individuals whose data is used to construct the synthetic panel. Second, it is
possible that while thematching strategy does not introduce bias (as in the first concern), the
generated earnings represent little more than random noise. This would lead to a spurious
reduction in inequality when measured over time, since random noise would artificially
introduce earnings mobility between individuals. Third, it is possible that, when matching
with replacement, linking individuals across cohorts will mechanically reduce inter-personal
inequality in the synthetic panel, as the number of possible earnings trajectories are “funneled”
through a reduced number of older panel members.

5.1. Evaluating the performance of the matching strategy in the construction of a synthetic
lifetime panel

In Figure 2 and Figure 3 we attempt to evaluate the quality of the earnings variables generated
through the matching strategy used in the construction of the synthetic panel. Ideally,
we would have both observed and imputed (through the match-and-extend procedure)
earnings variables for the same individual. This is not the case in the matching procedure as
described in Section 4, since earnings are only imputed for periods where earnings were not
observed in the original data.

For this reason, we adapt the match-and-extend procedure to allow us to directly compare
observed and imputed earnings for the same individual. To do so, we abandon the “match-
on-two, extend-by-two” strategy in favour of a “match-on-two, extend-by-one” strategy. In
this adapted strategy, the periods on which observations are matched is shifted back one
period. For instance, individuals who are observed at ages 18, 21, 24 and 27 are matched
with individuals observed at ages 21, 24, 27 and 30 on variables which are shared at ages
21 and 24. Earnings at age 27 can then be imputed for the younger cohort from the older
cohort (i.e. using a “match-on-2, extend-by-1” strategy). However, observations from the the
younger cohort now have both an observed wage, and an imputed wage (from the matched
observations from older cohort), allowing for a direct comparison between the two.

Figure 2 depicts the standard deviation of earnings for observed earnings (solid line) and
imputed earnings (dashed line).4 Standard deviations of both variables track each other
closely, illustrating no greater dispersion in the imputed earnings relative to the observed
earnings.

4Because of the match-and-extend strategy, imputed earnings can only be reported from age 27 onward.
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Figure 2: Standard deviation of earnings across the life-course, comparing observed earnings
with earnings imputed in the construction of the synthetic panel

-1cm-1cm

Notes: This figure compares the standard deviations of observed earnings (solid line) with the standard deviation of
imputed earnings (dashed-line) for the same individuals. To do so, a variant of the matching strategy underlying
the construction of the synthetic panel is used. In this case, instead of using a “match-on-2, extend-by-2” strategy,

the periods on which observations are matched is shifted back one period, and a “match-on-2, extend-by-1”
strategy is used. For instance, individuals which are observed at ages 18, 21, 24 and 27 are matched with individuals
observed at ages 21, 24, 27 and 30 on variables which are shared at ages 21 and 24. Earnings at age 27 can then be
imputed for the younger cohort from the older cohort (i.e. using a “match-on-2, extend-by-1” strategy). However,
the younger cohort now has both an observed wage, and an imputed wage (from the older observation), allowing
for a direct comparison between the two. In the figure, it is only possible to report the standard deviation of imputed
earnings for age 27 onward, while the standard deviation of observed earnings is reported from age 18 onward. The

sample is limited to the NIDS balanced panel and to those aged between 18 and 60 years at the time of their
interview. To facilitate comparisons across time, all monetary figures are deflated using the Stats SA consumer price

indices and are calibrated to March 2017.
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Figure 3 depicts the standard deviation of the differences between observed earnings
compared to imputed earnings for the same individuals. The absolute difference between
observed and imputed earnings is computed for each individual where both observed and
imputed earnings are available. The straightforward intuition is that the greater the standard
deviation in the differences between observed and imputed earnings, the less confidence
one would have in the matching strategy.5 However, beyond this intuition, it is unclear how
one ought to evaluate the magnitudes of the statistics reported in Figure 3. The standard
deviation of the differences of the observed earnings of the same individual spaced 3 years
apart in the NIDS panel (i.e. actual earnings at age 27 minus earnings at age 24, for the same
individual) is of a comparable magnitude as those reported in Figure 3, for instance.

What is clear, however, is that the match-and-extend strategy is better at predicting earnings
for younger compared to older workers. This is, however, more a function of the greater
standard deviation in earnings at older ages (Figure 2) than it is of the robustness of the
matching strategy.

5.2. Does the matching process mechanically bias our estimates of lifetime earnings
inequality downward?

As discussed above, a further concern is that, because matching is undertaken with replace-
ment, that theremay be amechanical reduction in inequality in the synthetic panel relative to
a genuine panel spanning the same period. Clearly, testing this directly is not possible, since
the synthetic panel data is only necessary because of the absence of a genuine panel.

However, using the same adapted “match-on-2, extend-by-1” strategy described in the
preceding subsection, we can test for the presence of this downward bias. To do so, we
compute two sets of Gini coefficients of earnings summed over a period of nine years. The
first is computed using only genuine panel data - i.e. where each of the four discrete points
at which earnings are observed are unchanged from the original NIDS data. The second
set of Gini coefficients is computed using partly synthetic panel data - where three of the
four earnings observations are as directly reported by the individual respondent in the NIDS
panel, while the fourth earnings observation is imputed using the “match-on-2, extend-by-1”
strategy described and used in the preceeding subsection.

In Figure 4, the solid line reports the genuine 9-year Gini coefficient while the dashed line
reports the partly synthetic 9-year Gini coefficient. The two lines track each other closely,
suggesting that there is no substantial downward bias in the synthetic panel inequality
estimates.

5The corollary of this proposition is that a zero standard deviation in the differences would result from a perfect
match between observed and imputed earnings.

23



Figure 3: Evaluating match quality in the construction of the synthetic panel: Standard
deviation of the differences between imputed and observed earnings

-1cm-1cm

Notes: This figure reports the standard deviations of the differences of observed earnings compared to imputed
earnings for the same individuals (solid line). The absolute difference between observed and imputed earnings is
computed for each individual where both observed and imputed earnings are available. To do so, a variant of the

matching strategy underlying the construction of the synthetic panel is used. In this case, instead of using a
“match-on-2, extend-by-2” strategy, the periods on which observations are matched is shifted back one period, and
a “match-on-2, extend-by-1” strategy is used. For instance, individuals which are observed at ages 18, 21, 24 and 27
are matched with individuals observed at ages 21, 24, 27 and 30 on variables which are shared at ages 21 and 24.
Earnings at age 27 can then be imputed for the younger cohort from the older cohort (i.e. using a “match-on-2,

extend-by-1” strategy). However, the younger cohort now has both an observed wage, and an imputed wage (from
the older observation), allowing for a direct comparison between the two. The sample is limited to the NIDS balanced
panel and to those aged between 18 and 60 years at the time of their interview. To facilitate comparisons across
time, all monetary figures are deflated using the Stats SA consumer price indices and are calibrated to March 2017.
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Figure 4: Gini coefficients of earnings over 9 years, comparing genuine panel estimates with
partly-synthetic panel estimates for the same individuals

-1cm-1cm

Notes: The figure reports Gini coefficients, computed using cumulative reported monthly earnings over an
approximate 9 year period, across different age ranges. For each individual, earnings are observed at four discreet
ages, each 2-3 years apart. Cumulative earnings are inclusive of periods of non-employment with zero earnings.
The solid line reports the 9-year earnings Gini coefficient computed using only genuine panel data - i.e. where each
of the four discreet points at which earnings are observed are unchanged from the original NIDS data. The dashed
line reports the 9-year earnings Gini coefficient computed using partly synthetic panel data - where three of the

four earnings observations are as directly reported by the individual respondent, while the forth earnings
observation is imputed using the “match-on-2, extend-by-1” matching strategy underlying the construction of the
synthetic panel, as described in this section and in the notes of Figures 3 and 4. Statistics are weighted using the
survey design weights, which are corrected for differential panel attrition. The sample is limited to the NIDS balanced
panel and to those aged between 18 and 60 years at the time of their interview. To facilitate comparisons across
time, all monetary figures are deflated using the Stats SA consumer price indices and are calibrated to March 2017.
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5.3. Sensitivity of lifetime inequality estimates to the matching strategy used in the synthetic
panel

The choice of using a “match-on-2, extend-by-2” strategy in the construction of the synthetic
panel is justified in Section 4asacompromisebetweenmaximising sample size (which favours
a “match-on-1, extend-by-3” approach) and maximising match quality (which favours a
“match-on-3, extend-by-1” approach). In Table 5 we evaluate the sensitivity of inequality
estimates to this choice.

The leftmost column reports the lifetime inequality estimates using the favoured “match-on-2,
extend-by-2” strategy (these are identical to the estimates reported in Table 4), while the
middle and rightmost columns report estimates using the other twomatching strategies. The
number of observations included in the synthetic panel varies: 975 when using the “match-
on-3, extend-by-1” approach, 1,728 when using the “match-on-2, extend-by-2” approach,
and 2,376 when using the “match-on-1, extend-by-3” approach.

Inequality estimates for the alternative match-and-extend strategies appear to provide
upper and lower bounds to our estimates using the “match-on-2, extend-by-2” approach. In
most cases, these estimates fall between the two alternatives presented in Table 5. While
noting the imprecision inherent in such an exercise, this sensitivity analysis supports our
results as reasonable estimates of lifetime inequality in South Africa.

Table 5: Comparing lifetime inequality estimates usingdifferentmatch-and-extend strategies
in the construction of a synthetic lifetime panel

Match 2, extend 2 Match 3, extend 1 Match 1, extend 3
Gini coefficient

conditional on earnings >0 0.42 0.40 0.47
unconditional on earnings >0 0.42 0.40 0.48

Theil T index 0.29 0.26 0.36
Atkinson index (ε=1) 0.44 0.27 0.37
90/10 ratio 11.62 9.23 15.97
90/50 ratio 2.38 2.47 2.94
50/10 ratio 4.89 3.73 5.43
Observations 1 728 975 2 376
Notes: The table reports Gini, Theil T and Atkinson inequality indices, and 90/10, 90/50 and 50/10 earnings ratios
for individual earnings summed over approximately 36 working-age years, spanning ages 20-56,21-57 or 22-58
in the NIDS life-time synthetic panel. The inequality measures are as described in Table 2. Column 1 reports
lifetime inequality measures when using a synthetic panel constructed using the ”Match-on-two, extend-by-two”
strategy described in Section 4 and used as the preferred strategy throughout the paper. Columns 2 and 3 report
sensitivity of these results when using different matching strategies - respectively, ”Match-on-three, extend-by-one”
and ”Match-on-one, extend-by-three” strategies. The ”Match-on-three, extend-by-one” strategy uses more
time-variant information for matching observations, and therefore may improve match quality but to do so
sacrifices the number of observations used. The ”Match-on-one, extend-by-three” strategy uses less time-variant
information for matching observations, and while this may sacrifice match quality, this is compensated for by a
higher number of observations used. Statistics are weighted using the survey design weights, which are adjusted to
account for differential panel attrition in the NIDS panel. To facilitate comparisons across time, all monetary figures
are deflated using the Stats SA consumer price indices and are calibrated to March 2017.
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5.4. Other limitations

It is important to note several other limitations to this exercise which are irresolvable and
which introduce unquantifiable noise and/or bias.

The construction of a synthetic panel in the way that we propose limits the number of
observations in the analysis to the number of observations in the baseline cohort(s) used to
match to older cohorts. In our case, this results is us using an initial cohort of 1,728 17-22 year
old youth to estimate the national lifetime earnings distribution. There are further difficulties
in making claims of representativity: First, substantial panel attrition in the NIDS sample has
eroded representivity over time. This is a particular concern for the balanced panel, for which
NIDS has not released weights intended to adjust design weights for attrition. Second, since
the synthetic panel is a composite dataset drawn frommultiple age cohorts in the NIDS panel,
it is unclear what the population of interest for inference is. This is primarily a conceptual
issue: identifying what the population of interest is the logically antecedent to the technical
issue of designing weights for the synthetic lifetime panel.

Another major challenge is the inability of the synthetic panel strategy proposed here to deal
with large macroeconomic shocks or secular changes. In reality, individuals are affected
by shocks and systemic changes which mark sharp discontinuities in the socio-economic
evolution across generations. Ourmatch-and-extend strategy is poorly equipped to deal with
these changes, since the only input used to impute values from an older cohort is a propensity
score matching algorithm run on a limited set of individual variables. A consequence of
this is evident in Table 1, where inter-generational educational attainment in the synthetic
panel does not reflect that of South African society, but reflects an artificial transferal of the
educational profile of the young and relatively highly educated baseline cohort onto older
cohorts.

In essence, this strategy is a first attempt at using imperfect data to provide a first estimate
of lifetime inequality in a developing country. There is no doubt that improvements to our
strategy can be made, just as there are no doubts that some issues will remain ultimately
irresolvable.
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Conclusions

In the absence of panel data tracking individuals over their lifetimes, inequality in lifetime
earnings cannot be estimated directly from observational data. The construction of a
synthetic panel spanning the life-course provides one way around this data limitation. In this
paper we use existing South African National Income Dynamics Study panel data to construct
such a synthetic lifetime panel and provide the first estimates of inequality of lifetime earnings
in a developing country.

Consistent with estimates frommost developed and developing country contexts, we find that
inequality in lifetime earnings is lower than a point-in-time estimate of earnings inequality in
South Africa. This difference is likely due to the elimination of age-related earnings disparities
in earnings when measured over the life-course compared to point-in-time estimates, which
measures the disparity in earnings of individuals who are observed at different ages. However,
just as South Africa’s cross-sectional earnings inequality is often estimated to be amongst
the highest in the world, our estimates for South Africa’s lifetime earnings inequality are higher
than equivalent measures in most other country contexts (Bowlus and Robin, 2004, 2012;
Bönke et al., 2015; Flinn, 2002; Tejada, 2016).

We also find that in South Africa, inequality in cumulative earnings measured over two to nine
years is higher than point-in-time estimates. These higher estimates are likely reflective of
inequalities in employment dynamics, where high-income earners are more likely to retain
stable employment than low-income earners.

This paper provides the first estimates of inequality in lifetime earnings in South Africa, and one
of the first estimates in a developing country context. A particular contribution of this paper is
that our synthetic panel strategy allows us to compare point-in-time, to medium-term (2-9
years) to lifetime earnings inequality. This allows us to note that, relative to point-in-time
estimates, inequality increases over the medium term but decreases over the life-course.
This suggests that in the South African context employment and age-earnings dynamics
operate over different time-spans and exert opposing pressure on inequality of earnings
measured over time.

We hope that our attempt at creating a synthetic lifetime panel in South Africa can be adapted
and used by researchers in fields beyond economic inequality. However, several limitations
and areas for improvement ought to be flagged: Further research would do well to investigate
whether secular trends and large macroeconomic shocks can be more flexibly accounted for
than is the case in this first attempt. If doing so proves to be impossible, this limitation will be
a persistent problem in the application of synthetic panels to the study of not only inequality
but also other phenomena which play out over time.
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