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Social stratification and post-school funding
thresholds: A dynamic approach to profiling the

missing middle

Emma Whitelaw, Nicola Branson, and Murray Leibbrandt

Abstract

Questions related to the sustainability of post-school education funding in South Africa, together

with issues of expanding access and affordability have been fervently debated over the last decade.

In 2018, government announced that the National Student Financial Aid Scheme would fund all

eligible post-school students whose household income was R350 000 or less. The Department of

Higher Education and Training is now focusing on the “missing middle” – students who come

from households whose income is too high to make the R350 000 funding threshold but too low to

afford fees. If free education for all students is not viable, a funding instrument that differentiates

students according to socio-economic need may be relevant.

Guided by the poverty dynamics literature, we argue that a key consideration for how we

understand socio-economic need – on both sides of the funding threshold – should reflect the

household circumstances that generate economic vulnerability, not only household income at a

given point in time. Income mobility is associated with measurable differences in household

characteristics that are related to economic vulnerability. In this paper, we conceptualise

a stratification schema around the NSFAS funding threshold that is premised on mobility

patterns over time as well as current living standards. Household income mobility is estimated

using a multivariate probit model that explicitly accounts for endogeneity of initial conditions,

unobserved heterogeneity, and non-random panel attrition. Recognising that the majority of

post-school enrolment occurs among youth, we then situate this group within our stratification

schema. In doing so, we provide a novel input to current discussions about the design of a

sustainable, comprehensive, and progressive financial aid scheme.



1.1. Background, objectives and contributions

The South African government invests substantially in expanding access to post-secondary

education for poor and working-class students – since 2018, funding has more than doubled

from R20 billion in 2018 to R42 billion in 2021. Following a change in funding policy in

2018, financially-eligible students, whose combined household income falls below R350 000 per

annum, are awarded full bursaries through the National Student Financial Aid Scheme [NSFAS].1

However, recent attention has focused on the lack of affordability of post-school education for the

‘missing middle’ – a group colloquially defined as those whose household income levels are too low

for them to afford fees, but too high to meet the NSFAS income threshold for funding eligibility.

Missing middle students are thus currently considered those whose household income is between

R350 000 and R600 000 per annum. The Department of Higher Education and Training [DHET]

aims to increase the number of NSFAS beneficiaries by 43% by 2024, working towards a financial

aid system that is inclusive of the missing middle (DHET, 2020).

That being said, the sustainability of the present funding model is currently under scrutiny.

The design of a sustainable, comprehensive, and progressive financial aid scheme for the future

will thus require a thorough deliberation of the complexities that affect access to post-school

education. If free education for all students is not viable, a policy that differentiates students

according to socio-economic may be relevant. Therefore, recognising that there is a distribution

of household circumstances both below the current NSFAS threshold, and within the missing

middle, is necessary.

One of the possible approaches to differentiating socio-economic need would be to simply

consider the household circumstances of those on either side of a household income threshold.

However, guided by the poverty dynamics literature, we argue that economic stability – or lack

thereof – is a key dimension off which to differentiate households, because it affects the type of

decisions that individuals can make. That is, relatively more secure and stable households are

better able to absorb risk and plan for the future.

Mobility over time is associated with measurable differences in household characteristics, that

are related to dimensions of economic security and stability. A second approach to differentiating

socio-economic need thus recognises that mobility patterns over time as well as current living

standards are important for thinking about policy tools. We draw on the work of Schotte,

Zizzamia, and Leibbrandt (2018) to propose a framework of social stratification that links the

demarcation of strata to an analysis of mobility around the current NSFAS household income

eligibility threshold (funding threshold hereafter). This approach recognises that an individual’s

household income position relative to a threshold can change, and is linked to economic stability

– or lack thereof. This emphasises that vulnerability and economic insecurity are perhaps more

important elements in determining economic welfare compared to income status as observed at

a single point in time.

Given that a key feature of this framework is its focus on mobility over time, the empirical

1Alternatively, the applicant is eligible if they are a social grant recipient.

2



application requires detailed panel data. We use data from the National Income Dynamics Study

[NIDS], which is South Africa’s first nationally representative panel study. There are currently

five waves of data available, which span the decade 2008-2017. Using the information in NIDS

on an individual’s household characteristics, we estimate the probability that household income

falls below or moves above the current funding threshold. To do this, we fit a multivariate

probit model, which explicitly accounts for non-random attrition in the panel, endogeneity of

initial conditions (household income above or below the funding threshold in the base period),

as well as for unobserved factors that determine both initial position and household income

position in the following period. In theory, this allows us to overcome the biases presented by

both initial conditions and selective attrition by modelling them jointly with the probability

of household income being below the funding threshold in the next period. Using predicted

transition propensities from our model, we then define a stratification schema in relation to the

funding threshold. We propose five ‘classes’ of interest that capture an individual’s vulnerability

to their household income remaining or falling below the funding threshold.

Hereafter, we locate youth (those aged 15-35) within this framework. South Africa is plagued

by unprecedented levels of young people not in employment, education or training [NEETs]

(Schirmer & Nkomana, 2021). However, education and training is a promising way of connecting

NEETs to the labour market – youth who are least disconnected are those with an accredited

post-matric degree or diploma (Schirmer & Nkomana, 2021). A focus on youth circumstances in

relation to student funding is thus particularly relevant in a South African context. Furthermore,

by considering all youth, we recognise that there are multiple, potentially non-linear, pathways

through which individuals may enter post-schooling. Specifically, we address the following

research questions:

1. What are individuals’ household income mobility patterns across the NSFAS funding

threshold, and what determines the chance that household income falls below or remains

below the threshold?

2. What does our classification schema contribute to our understanding of household

circumstances – particularly of youth – in relation to the current NSFAS funding threshold?

3. How do these findings contextualise the household circumstances of the missing middle?

4. How do these findings contextualise the current funding policy?

The remainder of the paper proceeds as follows. In the following section (Section 1.2), we

foreground relevant details of the South African post-school sector and the funding policy

environment. Following this, we provide a high-level overview of the poverty dynamics literature

off which our analysis is based. This is followed by a detailing of our conceptual framework

and empirical strategy in Section 1.3. Thereafter, we describe the data (Section 1.4). Results

are presented in Sections 1.5-1.7. In Section 1.8, we discuss caveats of the approach and the

sensitivity of our results. Finally, in Section 1.9, the paper concludes.
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1.2. Related literature

1.2.1. The post-school system and funding policy environment

This section provides a brief overview of the Post-School Education and Training [PSET] system

and the operation of NSFAS therein. We touch on the relevant details of the NSFAS policy

that characterised the student funding landscape leading up to the policy change in 2018, before

describing the post-2018 policy environment – current discussions around which we hope to

contextualise and inform.

The PSET sector comprises 503 registered institutions, of which 26 are public Higher

Education Institutions (universities hereafter), 131 are private universities, 50 are Technical

and Vocational Education and Training [TVET] colleges, 287 are private colleges and nine are

Community Education and Training colleges. Only those enrolled at public universities and

TVET colleges are eligible for funding through NSFAS.2

DHET (2020) notes that the PSET system has made significant progress in expanding access

to post-school opportunities since the end of Apartheid. Between 1994 and 2018, headcount

enrolments at universities more than doubled from 495 356 in 1994 to 1 074 912 in 2019, while

headcount enrolments in TVET colleges increased by 88.2% from 357 885 in 1999 to 673 490

in 2019. However, DHET (2020) also notes that to reach the 2030 National Development Plan

[NDP] target of a 27% participation rate in universities, the system still requires a substantial

increase in enrolment rates over the next nine years.

In achieving this, equity in access to PSET programmes remains key: the ramifications of the

inequitable distribution of access to and quality of education across racial groups, gender, and

geography during Apartheid remain as stark inequalities in access and completion in the PSET

system to date. That being said, NSFAS has and continues to play a crucial role transforming

the student body and considerably broadening access to universities and colleges (NSFAS, 2016).

NSFAS policy before 2018, and the emergence of the missing middle

Before 2018, NSFAS existed primarily as an income-contingent loan scheme, with partial bursary

conversions functioning as incentives for students to pass and graduate. NSFAS funds were

allocated to institutions according to the institution’s disadvantaged students’ cost index. This

measure took into account the number of African, coloured and Indian students enrolled at

the institution, as well as the full cost of study [FCS] – that is, tuition fees, accommodation,

meals, books, and travel, as provided by the institution. The intention was for institutions to

rank their students based on socioeconomic need (calculated via a means test3) and allocate

2Figure A.1 in Appendix A shows the distribution of public universities and colleges by province.
3The means test accounted for household income, the number of dependents in the household and the
family’s cost of living. This latter measure was used with academic merit to calculate a score on which
to rank students and allocate NSFAS funds (SALDRU, 2017). From 2014, NSFAS began rolling out
means test waivers for students were beneficiaries of social grants. They were automatically given a zero
EFC as well.
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an amount equal to the FCS less an expected family contribution [EFC] until the full NSFAS

institutional allocation was disbursed. However, on average, South African students with a

combined household income of approximately R122 000 per annum or less were eligible for

funding from NSFAS (Commission of Inquiry into Higher Education and Training, 2017).4

Under this policy, NSFAS funding was capped at a maximum level. Although increases in the

cap occurred at rates higher than inflation, the maximum often remained below the rising FCS,

largely due to escalating fees. The NSFAS cap led to students accumulating what is commonly

referred to as ‘historic debt’ – monies owed to institutions by students who could not cover their

EFC, or who were underfunded due to the NSFAS cap.5

It is against this backdrop that the student-led Fees Must Fall [FMF] protests began in late

2015, which introduced significant volatility into the student-funding landscape. In addition

to the NSFAS shortcomings mentioned above, students further stressed that 1) government

funding was failing to match increasing enrolments causing roughly a third of eligible candidates

to be denied funding (Universities South Africa [USAf], 2016), and 2) the NSFAS cut-off on

household income for eligible students failed to reach the missing middle. It was claimed that the

issues above were contributing to academically eligible students dropping out or facing financial

exclusion due to inability to pay.6

It was also argued that the means test required students to ‘perform poverty’. The

Commission of Inquiry into Higher Education and Training (2017) recorded that students felt

humiliated convincing a system, which they regarded as operating on a process of mistrust, that

they were justified in seeking funding. An overwhelming endeavour of the FMF movement was

thus to call for government to provide fee-free higher education for all students. This, however,

was deemed financially unviable (Commission of Inquiry into Higher Education and Training,

2017; Jacobs, Moolman, & de Beer, 2019). In the end, protests led to a restructuring of NSFAS

funding announced in December 2017. This brought about important changes to the rules of the

scheme, which we now turn to describe.

NSFAS policy after 2018, and the ubiquity of the missing middle

NSFAS eligibility for first-time entering new students from 2018 onward was extended to students

with combined household income levels up to R350 000 per annum. NSFAS funding now

occurs in the form of a bursary, essentially abolishing the previous loan-bursary combination

of the previous scheme. The new scheme also no longer caps funding at universities – the

4The Commission noted that the R122 000 threshold was premised on the assumption that it represented
the upper limit on the lowest band of the personal income tax table, although, it was not revised for a
number of years nor was it an official NSFAS policy guideline.

5Furthermore, when institutions engaged in a practice known as ‘top-slicing’ – a distributive process
whereby in a response to receiving insufficient funding from NSFAS, institutions disregarded means test
results and shared loan amounts among all students who qualified for NSFAS – students were again left
underfunded.

6This being particularly because institutions do not allow students who owe money to register or collect
graduation certificates.
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full cost of institution-specific tuition and campus accommodation is covered, with nationally

standardised limits on transport, books, food and off-campus accommodation. Students enrolled

in state-funded programs at TVET colleges have always been subsidised by the state at 80% of

the total program cost, and have always been able to apply to NSFAS for a grant to cover the

remaining 20% of college fees if they are registered for an approved program.7 The only change

for students enrolling at colleges following the NSFAS policy change in 2018 was the increase in

the financial eligibility threshold on household income to R350 000 per annum.

Rather than institutions being allocated funds to disburse, funding applications are now

handled centrally by NSFAS and allocated to institutions upon registration of an eligible

candidate. Students registered at an institution prior to 2018 continue on the capped amount of

the previous scheme, but with their full loan amount converted to a bursary. The threshold on

household income for students who enrolled prior to 2018 and who apply to NSFAS for the first

time is now formally set at R122 000 per annum.

The new R350 000 threshold roughly coincides with the mid-point of the third personal

income tax bracket at the time (R296 541 – R410 460).8 However, no motivation was given for

this choice of threshold at the time, except that it was extended to include the missing middle.

This meant an additional 24% of South African households were covered by the scheme, bringing

the total share of households covered to approximately 90% (Garrod & Wildschut, 2021). Garrod

and Wildschut (2021) estimate that the share of households in the missing middle who are not

covered by NSFAS has now fallen to 6.1% of the population.

These numbers highlight that funding thresholds cannot be divorced from a broader

understanding of the household income distribution in South Africa. Figure 1.1 locates the

NSFAS funding thresholds on the household income distribution. It is apparent that the majority

of the distribution falls below the R350 000 threshold, with a small share remaining in the missing

middle (between R350 000 and R600 000).9 While those in the R350 000-R600 000 income bracket

may be ‘missing’ funding, they are in no way in the middle of the household income distribution.

This echoes a reflection in Visagie and Posel (2013) that a sizeable share of South Africans in

the middle of the income distribution in fact live in poverty.

That being said, this figure does little to situate funding thresholds within conventional

notions of the poor, working class or middle class – the definitions of which are typically based

on per capita expenditure thresholds.10 For example, the upper bound poverty line, set by

Statistics South Africa [Stats SA], was R1 138 monthly expenditure per capita in March 2017

7NSFAS-funded students enrolled in colleges also receive allowances through NSFAS if their college
determines that they are eligible.

8See current and historic income tax rates published by the South African Revenue Service here.
9The Commission of Inquiry into Higher Education and Training (2017) notes that the upper limit of
R600 000 is thought to be premised on an announcement made by the Minister of Higher Education
and Training during 2016, in which he pronounced that R600 000 would be used as the upper cut-off
for support exempting the poor and missing middle from fee increases the following year.

10See Schotte et al. (2018) or Zizzamia, Schotte, Leibbrandt, and Ranchhod (2016) for critiques on the
use of absolute monetary thresholds, particularly for defining the middle class.
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Figure 1.1 Distribution of household income in South Africa, 2017

prices (Stats SA, 2019). This does not translate easily to Figure 1.1, which plots annual,

household income rather than a monthly, per capita measure. This foregrounds the challenge

of situating these funding thresholds in conventional social stratification structures intended to

signal socio-economic disadvantage.

Nevertheless, in the post-school funding discourse, social class definitions based off monetary
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cut-offs are routinely applied. For example, NSFAS is understood to fund students from poor

and working-class backgrounds. As evidenced in Garrod and Wildschut (2021, p.485), those

whose household income is above this threshold are typically considered middle class: “the new

scheme does not address the implications of a hard distinction between poor and working-class

and middle class [emphasis our own].” This middle class is often conflated with the missing

middle, now considered to be those whose household income is between R350 000 and R600

000 per annum. This perhaps stems from the fact that the concept of the missing middle is

not unique to funding policy, but stems from economic and political analyses of development

(Garrod & Wildschut, 2021). For example, Levy, Hirsch, and Woolard (2014, p.38) speak of the

missing middle in the context of South Africa’s labour market: “...South Africa has a ‘missing

middle’ of formal sector jobs in the ‘middle range’ of the formal earnings distribution.”11

It appears these funding policy thresholds have become conflated with class structures,

despite interchangeability of the two being unconvincing. For this reason, although we draw

on literature on class dynamics for our analysis, we avoid the terminology of poor, working and

middle class to avoid conflating funding thresholds with poverty and social class thresholds. This

is important to keep in mind for the next section, which discusses this literature on mobility and

social stratification.

1.2.2. Poverty dynamics and class mobility

Literature on the patterns and determinants of poverty in post-apartheid South Africa is well

established (see e.g. Carter & May, 2001; Finn & Leibbrandt, 2017; Schotte et al., 2018; Zizzamia,

Schotte, & Leibbrandt, 2019; Zizzamia et al., 2016). In particular, this literature recognises that

households can move in and out of poverty over time. Zizzamia et al. (2019) provide a useful

visualisation of this process as a game of snakes and ladders, but with a loaded dice. That is,

factors such as family background and geographic location can load the dice in favour of certain

individuals. For example, Zizzamia et al. (2019) find that persistent poverty affects primarily

African, single-parent, female-headed, and rural households. Higher levels of education of the

household head, on the other hand, are strong predictors for lower likelihoods of falling into

poverty.

More recently, focus has also fallen on the identification of the middle class. Speaking to

social stratification, Schotte et al. (2018, p.89) note that: “In the economic literature, class

analyses commonly draw on a monetary indicator to approximate a person’s social status. Most

commonly used are absolute thresholds that (often arbitrarily) locate the middle class within a

particular income or expenditure range, which eases comparisons across countries.” However, as

the authors point out, the cut-off point separating the poor from the middle class is contested.

For example, Visagie and Posel (2013) define a South African middle class in two ways,

and show that the size and composition of the middle class are sensitive to how it is defined –

either by the middle share of the national income distribution or an absolute level of affluence

– with very little overlap between the two broad definitions. Other authors have suggested that

11See also Birdsall (2007) who refers to a ‘missing middle’ in Africa in the context of development aid.
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the definition of a middle class should be grounded in economic security. For example, in their

study in Chile, Mexico and Peru, López-Calva and Ortiz-Juarez (2014) define the middle class

as those who face a maximum risk of falling into poverty of 10%. They state that this is based

on empirical evidence12 that finds that 10% of people in Latin America fell into poverty every

year in a 15-year period, using synthetic panels. This points to the existence of an intermediate

group of those who can satisfy their basic needs but remain at risk of falling into poverty – this

group being distinct from those who can satisfy their basic needs but remain economically stable

(Schotte et al., 2018).

This links to the concept of vulnerability, which in this context reflects the idea that poverty

affects more households than those that are observed to be poor at a given point in time (Zizzamia

et al., 2019). In recognising that households may face non-negligible risks of falling into poverty,

Zizzamia et al. (2016) interrogate what this means for the definition of the middle class. They

argue that the notion of ‘empowerment’ is central to both social and political meanings of the

middle class. Where a monetary definition of the middle class begins just above a poverty line,

the notion of empowerment is at odds with economic instability and vulnerability to poverty.

In an attempt to define a middle class that is more appropriately aligned with the idea of

empowerment, Zizzamia et al. (2016) present a probability model for social stratification based

on the predicted risk of staying in or falling into poverty over a six-year time frame, selecting an

expenditure level associated with a maximum risk to poverty of 10% as the lower bound of the

middle class (following López-Calva & Ortiz-Juarez, 2014).

Another approach to defining vulnerability follows Cappellari and Jenkins (2004). Cappellari

and Jenkins (2004) use panel data from Britain to model poverty transitions, and classify

households as chronically or transiently poor depending on their chances of exiting poverty or the

risk of remaining poor. The authors estimate these transitions using a first-order Markov model,

which controls for both initial conditions (those poor in the base year may be a non-random

sample) as well as for attrition (panel retention may be non-random). This has been applied in

South Africa by Finn and Leibbrandt (2017), who find that ignoring the correlations between

the unobservables affecting initial conditions, sample retention and poverty transitions can lead

to substantially biased results.

Schotte et al. (2018) extend Cappellari and Jenkin’s (2004) model to above the poverty line,

distinguishing a vulnerable group from the stably middle class. Using the model of poverty

transitions, the authors predict a person’s propensity to remain in or fall into poverty in the

near future based on household characteristics and observed poverty status at present. Using

conditional propensities of falling into poverty or remaining poor, they then define social classes

based on a vulnerability criterion, where vulnerability concerns an above average propensity of

falling into poverty.

Schotte et al. (2018) thus propose five social classes – the chronic poor, transient poor,

12López-Calva and Ortiz-Juarez (2014) cite Cruces, Lanjouw, Lucchetti, Perova, Vakis and Viollaz (2011)
here.
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vulnerable, middle class, and elite – where the vulnerable class comprises those who are not

poor, but find themselves in a position of economic precarity. That is, they have an above

average risk of falling into poverty in the near future. Schotte et al. (2018) find that this latter

group shares a number of structural commonalities with the transient poor, which would be

overlooked in static analyses.

1.3. Analytical and empirical frameworks

1.3.1. Analytical approach

Aiming to enrich knowledge about household circumstances from a perspective that overlooks

the dynamics that generate mobility will be fundamentally limiting. In this section, we thus

draw on the work of Schotte et al. (2018) to propose a framework for investigating mobility

around the current NSFAS funding threshold (i.e. household income moving above or falling

below the funding threshold). We propose this will provide a more comprehensive understanding

of individuals’ and households’ medium-term welfare prospects than income alone at a specific

point in time.13

In Figure 1.2, we illustrate our strategy for classifying individuals based on the probabilities

of their household income moving above or falling below the funding threshold. The left column

shows conventional class definitions, typically used to reference groups in the post-school funding

policy environment. The middle and right columns show how we propose to re-conceptualise

funding classes14 based on predicted probabilities that an individual’s household income moves

above or below the threshold in the near future (within two years). Our empirical strategy for

predicting the probabilities that an individual’s household income moves above or below the

threshold is presented in the following section.

We propose five classifications. Those whose household income is below the R350 000

threshold are divided into those who we term ‘persistently eligible’ and those who we term

‘transiently eligible’, where the eligibility refers to NSFAS funding eligibility according to

household income. Those who are persistently eligible face predicted probabilities below the

observed rate of household income moving above R350 000,15 whereas those who are transiently

eligible face predicted probabilities that are above the observed rate of household income

exceeding R350 000. The persistently eligible are thus considered to be a relatively more

vulnerable group than those that are transiently eligible – some households may have suffered

13Income measures are likely to be impacted by transitory shocks (Filmer & Scott, 2012), and the random
noise in flow-based measures may mask important dimensions of well-being (Barret et al., 2006). On the
other hand, a household’s stock of financial and physical assets can largely determine their structural
position in society (Barret et al., 2006).

14We use the term ‘funding classes’ to refer to the class structure constructed in our schema, so as not
to confuse them with social classes e.g. poor, working class etc.

15That is, we estimate the share of the population whose household income was below the threshold
in the base period but for whom household income moves above it in the following period, based on
observed rates in the data. We elaborate in Section 1.6.
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some negative financial shock that only temporarily pushed their income below the funding

threshold.

Figure 1.2 Proposed stratification based on current household circumstances and
future mobility

Those in the missing middle are classified as either ‘vulnerable missing middle’ or ‘stable

missing middle’. We use the term ‘stable’ here to capture the idea of a relative non-vulnerability.

However, it is important to recognise that while a household may be non-vulnerable, it may not be

completely resilient to economic shocks.16 Those whom we classify as vulnerable have predicted

probabilities above the observed rate of household income falling below R350 000. Those whom

we term stable have predicted probabilities lower than the observed rate of household income

falling below this level in the near future.

It is these observed rates of household income moving above or falling below the funding

threshold which we call our ‘probability thresholds’. This terminology reflects that it is against

these rates that we evaluate individuals’ predicted probabilities of their household income moving

above or falling below the funding threshold. Thus, unlike a threshold against which income is

evaluated (an income threshold), our threshold is one against which predicted probabilities are

evaluated (a probability threshold). Lastly, the elite are defined as having household income in

excess of R600 000 per annum.17

16On the other hand, it is not possible for a household that is vulnerable to also be stable (see also the
discussion in Zizzamia et al., 2016).

17As a comparison, Schotte et al. (2018) fix their elite threshold (arbitrarily) at two standard deviations
above the mean per capita household expenditure. The mean per capita expenditure in their elite
group is R19 251 (in January 2015 prices – R22 672 in December 2017 prices), whereas ours is lower
at R14 903. Schotte et al.’s (2018) approach contrasts that of Zizzamia et al. (2016), who define the
elite cut-off as the average predicted per capita income (or expenditure) of those in the bottom one
percentile of the predicted poverty probability distribution. Their elite threshold is set at R10,387 per
month (in January 2015 prices – R12 233 in December 2017 prices).
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A key feature of this framework is its focus on the probabilities associated with household

circumstances that generate mobility patterns – vulnerability or stability – over time. Through

the implementation of this approach, we hope to communicate a more comprehensive

understanding of the socio-economic circumstances on either side of the current NSFAS threshold

in two key ways. First, our approach allows us to compare those currently eligible for funding to

those who are not (e.g. how the missing middle compares to those whose household income is

below the threshold). This allows us to assess the targeting of the current policy along various

dimensions of household well-being. Second, it allows us to provide new context to the missing

middle by discerning the extent of heterogeneity in household circumstances between those likely

to fall below the NSFAS threshold in the near future, and those who are relatively more secure.

It is important to note that our intention in implementing this approach is not, ultimately, to

make a policy recommendation. Rather, we aim to foreground information on the socio-economic

circumstances of South African households in relation to the current threshold, in order to inform

and provide context to complex policy considerations going forward.

1.3.2. Empirical strategy

Before proceeding, an econometric approach to modelling household income transitions – i.e.

the probability that an individual’s household income moves above or falls below the NSFAS

threshold – is required. Our approach follows Cappellari and Jenkins (2004), who introduce the

use of a first order Markov model to examine transitions in and out of poverty, while explicitly

controlling for initial conditions effects (those found to be poor in the base year may be a

non-random sample) and non-random panel attrition, by jointly estimating current poverty,

initial poverty and sample retention. Following Cappellari and Jenkins (2004), we implement a

first order Markov model to estimate household income transitions around the NSFAS funding

threshold by fitting a multivariate probit regression that jointly estimates three equations: 1) the

probability of household income being below the funding threshold in time t, 2) the probability

of household income being below the funding threshold in time t − 1, i.e. the initial condition,

and 3) the probability of sample retention in time t, where joint estimation allows for correlation

between unobservables that influence each of the processes.18

The initial conditions equation explicitly accounts for the fact that the point at which we

observe an individual in the panel at time t− 1 does not coincide with that start of the process

that generates an outcome in time t (Heckman, 1981). As such, controlling for the observed and

unobserved determinants of household income being below the NSFAS threshold time t−1 ensures

the estimates of transition determinants are less likely to be biased by effects of the covariates

on initial conditions. Similarly, non-random panel attrition would lead to a bias in estimates of

transition determinants if there is differential response based on transition propensities. The

Markovian model is beneficial as it can simultaneously account for initial condition effects,

unobserved heterogeneity, and non-random panel attrition in a relatively straightforward way.

18Joint estimation is more efficient than separate probits in the case that error terms are correlated
(Wooldridge, 2010).
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While the more traditionally adopted hazard model of income dynamics can also account for

unobserved heterogeneity, the ability to account for endogeneity of panel retention and initial

conditions is a feature not readily incorporated in the hazard model (Jenkins, 2011). Moreover,

Jenkins (2011) notes that in virtually all studies based on hazard regression models, left-censored

observations are dropped from the analysis. In other words, observations for respondents whose

household income is below the funding threshold in every period would be dropped. This increases

the probability that the estimation sample is unrepresentative.

The Markovian model is able to use all available observations for individuals, because it

models transitions between one period and the next. In other words, having household income

below the funding threshold in this period depends on household income in the previous period,

but not further back in time. This contrasts the hazard model, where transitions are duration

dependent. In this case, transition probabilities would vary with the number of periods someone’s

household income has been above or below a funding threshold. This means, however, that the

dynamics of the Markovian model are not as sophisticated as those inherent to hazard models

(Jenkins, 2011). In the Markovian model, the effects of the past arise through ‘state dependence’,

rather than a longer history. Because feedback effects between the previous period and the period

before that (e.g. t− 2) are not examined, the Markovian model is inefficient relative to a model

that does exploit these effects. However, the consequences of ignoring the endogeneity of initial

conditions and sample retention can substantially bias estimates (Jenkins, 2011). The Markovian

model is specified as follows:

For each individual, i = 1, ..., N , define Bit to be a binary variable summarising whether

or not an individual’s annual household income is below the funding threshold in time t. Bit

is equal to one if an individual’s household income in time t is below the threshold, and zero

otherwise. Define Bit−1 to be a binary indicator equal to one if an individual’s household income

is below the funding threshold in time t − 1, and zero otherwise. Let Rit be a binary variable

for panel retention, taking the value one if an individual has household income information in

time t and zero if the individual is only observed in time t − 1. That is, Bit is only observed

when Rit = 1. For each time period, individuals can be characterised by the latent propensity of

household income falling below the funding threshold, b∗it, latent propensity of initial household

income being below the funding threshold, b∗it−1, and latent propensity of sample retention, r∗it,

that take the form:

b∗it = [(Bit−1)γ
′
1 + (1−Bit−1)γ′2]xit−1 + uit (1.1)

b∗it−1 = β′zit−1 + vit−1 (1.2)

r∗it = ψ′wit−1 + εit, (1.3)

where

uit = µi + δit ∼ N(0, 1)

vit−1 = oi + πit−1 ∼ N(0, 1)

εit = ηi + ξit ∼ N(0, 1),
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and

Bit = I(b∗it > 0)

Bit−1 = I(b∗it−1 > 0)

Rit = I(r∗it > 0).

The vectors of covariates, xit−1, zit−1 and wit−1, characterise individual i’s household in their

base year19 (assumed to be pre-determined); γ, β and ψ are parameter vectors and uit, vit and εit
are the error terms defined as the sum of an individual specific effect (µi, oi, ηi) and an orthogonal

white noise error (δit, πit−1, ηi) that follows a normal distribution. The I(·) are binary indicator

functions equal to one if the underlying latent propensity exceeds some unobserved value (which

can be zero without loss of generality) and equal to zero otherwise. Specification 1.1 allows

not only for base year characteristics to impact income position in the next period, but also for

characteristic to have a differing impact by whether the individual’s household income fell above

or below the funding threshold in the base period – that is, a different impact on the probability

of their household income remaining or falling below the funding threshold.20

The three errors terms, uit, vit, and εit, are assumed to be distributed trivariate standard

normal. Following Cappellari and Jenkins (2004), we estimate the trivariate standard normal

distribution function using simulated pseudo maximum likelihood estimation methods based on

the Geweke, Hajivassiliou and Keane [GHK] simulator (Gourieroux & Monfort, 1996) with 251

Halton draws.21

Note that equation 1.3 can be viewed as a selection equation: it governs whether or

not individuals contribute to the estimation of the transition probabilities. Therefore, the

log-likelihood contribution of individual i, whose household income is observed in the initial

period, is given by the following sample log-likelihood function:

logLi =Bit−1Ritlog[Φ3(kiγ
′
1xit−1,miψ

′wit−1, qiβ
′zit−1; kimiρ31, kiqiρ21;miqiρ32)]

+ (1−Bit−1)Ritlog[Φ3(kiγ
′
2xit−1,miψ

′wit−1, qiβ
′zit−1; kimiρ31, kiqiρ21;miqiρ32)]

+ (1−Rit)log[Φ2(miψ
′wit−1, qiβ

′zit−1;miqiρ32)],

where ki ≡ 2Bit − 1, mi ≡ 2Rit−1 − 1 and qi ≡ 2Bit−1 − 1. Φ3(·) and Φ2(·) are the cumulative

density functions of the trivariate and bivariate standard normal distributions respectively.

The first term of the log-likelihood function corresponds to the contribution of someone whose

19The use of base-year values better ensures that transitions reflect changes in attributes rather than vice
versa.

20Thus while equation 1.1 is an equation for conditional current household income status in relation to
the funding threshold, it is convenient to also refer to it as an equation for transitions (Jenkins, 2011).

21This is implemented in STATA 2016 using Roodman’s (2011) user-written command cmp. Train (2003)
notes that Halton draws are more effective than random draws for simulation – that is, a reduction
in simulation bias is achieved with fewer Halton draws than random draws. We settle on 251 draws,
since the coefficient estimates are stable and practically very similar when we increase or decrease the
number of draws to the next prime number. Full results are available on request.
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household income was below the funding threshold in the base period and who was retained in

the sample. The second term is the contribution of an individual whose household income was

above the funding threshold in the initial period and who was retained in the sample. The third

term is the contribution of an individual whose household income was observed in the initial

period, but whose household income was not observed in the following wave (i.e. the individual

and/or their household attrited from the sample). However, the use of base year characteristics

as covariates means that transition probabilities can be predicted for the attritor subsample

(individuals with Rit = 0), using estimates that are robust to non-random retention.

Next, there are three correlations that are estimated to parameterise the unobserved

heterogeneity in the model. These are:

ρ21 ≡ corr(uit, vit−1) = cov(µi, oi),

which gives the association between unobservable characteristics determining whether an

individual’s household income is below the funding threshold in time t−1 and below the funding

threshold in time t,

ρ31 ≡ corr(uit, εit) = cov(µi, ηi),

which gives the relationship between unobservable characteristics determining sample retention

and the probability of household income being below the funding threshold in time t, and

ρ32 ≡ corr(vit−1, εit) = cov(oi, ηi),

which gives the relationship between unobserved heterogeneity determining sample retention and

the probability of an individual’s household income being below the funding threshold in time

t− 1.

A test of no correlation between these cross equation error terms may allow for a simplified

model. Other things equal, if ρ21 = ρ32 = 0, there is no initial conditions problem (i.e. initial

conditions are exogenous) and having household income below the funding threshold in time

t could be simultaneously modelled with sample retention by a bivariate probit regression.

Similarly, if ρ31 = ρ32 = 0, then the process governing panel attrition is exogenous. In this case,

household income being below the funding threshold in time t could be simultaneously modelled

with the initial conditions by a bivariate probit regression. Finally, if ρ21 = ρ31 = ρ32 = 0, then

both initial conditions and retention are exogenous and household income position in relation to

the funding threshold in time t could be estimated by a univariate probit regression.

If we cannot reject ρ21 = ρ31 = ρ32 = 0, then statistical identification of the model

parameters, γ, β and ψ, requires exclusion restrictions. Specifically, we need to find a set of

instrumental variables that affect initial state, but have no direct effect on household income

being above or below the funding threshold in the following period. Similarly, we need a set

instrumental variables that affect sample retention, but have no direct effect on household income

being above or below the funding threshold in time t.

Our exclusion restriction for retention equation 1.3 is an indicator variable for whether the

respondent was classified by their interviewer as very friendly during the interview. We assume
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that friendliness during the interview has no direct effect on household income being above or

below the funding threshold once its effect on sample retention has been accounted for. We

also tried adding a binary variable for whether or not the respondent was a continuing sample

member [CSM] or temporary sample member [TSM] (as in Cappellari & Jenkins, 2003; Schotte

et al., 2018), and a binary variable for attentiveness during the interview, but these variables did

not satisfy the exclusion restriction. Our exclusion restriction for the initial conditions equation

1.2 is father’s occupation. We also tried parental education and mother’s occupation but these

variables did not satisfy the exclusion restriction.

The variables in our model – which are chosen following previous literature on poverty

dynamics and structural well-being (e.g. Cappellari & Jenkins, 2004; Carter & May, 2001; Schotte

et al., 2018) – consist of a core set of variables in xit−1 (including a constant term), with zit−1

containing xit−1 plus the retention exclusion restrictions, and wit−1 including xit−1 plus the

initial conditions exclusion restrictions. In Section 1.5, we test the exogeneity of the equations

1.2 and 1.3, as well as the exclusion restrictions defined above. We turn now to describe our

data.

1.4. Data

We fit the model to data from the National Income Dynamics Study. NIDS is the first nationally

representative panel study in South Africa (Southern Africa Labour and Development Research

Unit [SALDRU], 2018). The first wave of data was collected in 2008 on a sample of over 28

000 individuals in about 7 300 households across the country. Individuals from the baseline

survey were then recontacted every two years and interviewed along with their current household

residents. Along with individually-administered questionnaires, a household questionnaire was

completed by the oldest woman in the household and/or another member who was knowledgeable

about the household. The NIDS data therefore contain a wealth of information that can be drawn

upon to evaluate mobility over time.

In order for there to be baseline information off which to predict transition probabilities,

individuals are required to be successfully tracked over at least two consecutive waves. Data

from the first wave (time t− 1) comprises base year background information, with data from the

consecutive wave (time t) indicating whether or not the individual’s household income fell above

or below the funding threshold. Data from pairs of consecutive waves are pooled (i.e. wave 1

to wave 2, wave 2 to wave 3, etc.), and are treated identically in the analysis, controlling for

period-specific fixed effects. As mentioned, the cost of this approach is that it yields inefficient

estimates given that the longitudinal nature of the data is not fully exploited.

Pooling observations also violates the maximum likelihood estimation assumption of

independently and identically distributed errors. In order to correct for this, standard errors

are clustered at the household level in the wave in which a respondent first appears in the data

(see e.g. Cappellari & Jenkins, 2004; Finn & Leibbrandt, 2017). If an individual responds in all

fives waves, their cluster is defined as the household identifier in Wave 1. Those who are added

to the sample in subsequent waves are allocated a cluster according to the household in which
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they are first observed.

It is important to reiterate that NIDS is a panel study that tracks individuals. This means

that although funding thresholds are defined at the household level, changes in household income

over time will be observed at the level of the individual and will not necessarily be identical across

those initially from the same household. Total household monthly income has been multiplied

by twelve to get an annual estimate for comparison with the funding thresholds. All monetary

measures are deflated to December 201722 prices using Stats SA’s headline consumer price index

(Stats SA, 2017).

There are currently five waves of data available. Our sample thus comprises four pairs of

consecutive waves with 116 462 observations in the estimation sample. Table 1.1 shows that

roughly 92% of households receive an annual income less than R350 000, the income eligibility

threshold of the present NSFAS policy. Currently, individuals living in households with annual

income between R350 000 and R600 000 (the missing middle) are of particular policy relevance.

Households in this category comprise 4.43% of households in the sample. This is slightly lower

than the share estimated by Garrod and Wildschut (2021), which is 6% of households in the

country.

Table 1.1 Sample size by funding policy classifications

NSFAS classifications Share of households

Household income below R122 000 73.12
Household income between R122 000 and R350 000 18.61
Household income between R350 000 and R600 000 4.43
Household income above R600 000 3.84
Total 100

Source: Authors’ own calculations using NIDS Waves 1 to 5 pooled sample.
Notes: Data are weighted using post-stratified weights from the base period.

Table 1.2 shows transitions into and out of these categories over time. The figures on the

diagonal of Table 1.2 indicate the share of individuals who remained within the same household

income category. Those below the diagonal were downwardly mobile, whereas those above the

diagonal were upwardly mobile. Residents of households with annual income between R350 000

and R600 000 show particularly interesting mobility patterns. While those in the other categories

are most likely to remain where they are, those in the R350 000 and R600 000 category seem

as likely, indeed marginally more likely, to fall below the R350 000 threshold in the near future.

Panel (b) shows that those with higher household income levels are more likely to attrit over

time. This highlights the importance of the empirical analysis correcting for sample selection

bias. In the following section, we present the results of this analysis.

22The month the new policy announcement was made.
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Table 1.2 Transitions between NSFAS classifications

Household income (time t-1) Household income (time t)

Below
R122 000

R122 000-
R350 000

R350 000-
R600 000

Above
R600 000

Missing Total

(a) Sample not missing income (time t)
Below R122 000 86.78 12.19 0.82 0.21 - 100
R122 000 to R350 000 33.36 54.48 9.29 2.88 - 100
R350 000 to R600 000 16.33 31.99 29.91 21.76 - 100
Above R600 000 6.11 23.95 24.82 45.12 - 100
Total 71.4 21.54 4.25 2.81 - 100
(b) All respondents
Below R122 000 73.14 10.28 0.69 0.18 15.72 100
R122 000 to R350 000 27.27 44.54 7.59 2.35 18.24 100
R350 000 to R600 000 11.37 22.27 20.82 15.15 30.38 100
Above R600 000 4.12 16.15 16.74 30.43 32.57 100
Total 58.93 17.78 3.51 2.33 17.45 100

Source: Authors’ own calculations using NIDS Waves 1 to 5 pooled sample.
Notes: Data are weighted using post-stratified weights from the base period. Table A.1 in Appendix A applies attrition
adjusted weights to the shares in panel (a).

1.5. Empirical application

1.5.1. Model specification tests

We begin by testing the exogeneity of initial conditions equation 1.2 and sample retention

equation 1.3 with respect to household income being below the funding threshold in time t.

That is, we test the separate and joint significance of the correlation coefficients ρ21, ρ31 and ρ32.

We also test the validity of our exclusion restrictions by treating the non-linear functional form of

the model as sufficient for identification, and using father’s occupation and the indicator variable

for friendliness as over-identifying restrictions for equations 1.2 and 1.3 respectively. The results

of these tests are presented in Table 1.3.

The evidence in Table 1.3 panels (a) and (b) suggests that the estimation strategy for

household income transitions around the NSFAS funding threshold is appropriate. From panel

(a) we observe significant correlation between unobservables affecting initial position in relation

to the funding threshold and falling below the funding threshold in time t (ρ21), as well as initial

position (above or below) in time t − 1 and sample retention (ρ31). Moreover, panel (b) shows

exogeneity of initial conditions and sample retention is rejected at the 1% significance level, as is

joint exogeneity. Both initial conditions and sample retention are thus be considered endogenous

to this model.

Table 1.3 panel (c) shows that the indicator variables for father’s occupation are significantly

correlated with household income being below the funding threshold in time t − 1, but are

excludable from the main equation. Similarly, being friendly during the interview affects sample

retention, but has no association with household income being below the funding threshold in

time t. As such, we are confident that these controls allow for the identification of the system of

equations.
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Table 1.3 Estimates of model correlations and model test statistics

Estimate P-value

(a) Correlation coefficients between unobservables
Base-year status and conditional current status (ρ21) -0.47 0.00
Retention and conditional current status (ρ31) 0.31 0.00
Retention and base-year status (ρ32) 0.13 0.00

Null hypotheses Test
statistic

P-value

(b) Wald test for exogeneity of selection equations
Exogeneity of initial conditions (ρ21 = ρ32 = 0) 21.51 0.00
Exogeneity of sample retention (ρ31 = ρ32 = 0) 21.48 0.00
Joint exogeneity (ρ21 = ρ31 = ρ32 = 0) 42.67 0.00

(c) Instrument validity

Exclusion of father’s occupation from transition equation (d.f.=10) 17.66 0.13

Exclusion of friendliness indicator from transition equation (d.f.=2) 0.83 0.66

Exclusion of father’s occupation & friendliness indicator from transition equation (d.f.=12) 17.12 0.25

Inclusion of father’s occupation in initial conditions equation (d.f.=5) 26.21 0.00

Inclusion of friendliness indicator in retention equation (d.f.=1) 10.41 0.00

Source: Authors’ own calculations using NIDS Waves 1 to 5 pooled sample.
Notes: Simulated pseudo maximum likelihood estimation with 251 random draws. Data are weighted using
post-stratification weights from the base period. Standard errors are robust to arbitrary levels of intra-household correlation
and the presence of repeated observations on the same individual.

1.5.2. Effects of covariates on income transitions

Specification 1.1 allows us to account for differing effects of covariates on transitions depending on

whether an individual’s household income was above or below the funding threshold in the base

period. The model implies the following equations for the conditional probability of household

income remaining below the funding threshold (sit) and the conditional probability of household

income falling below the funding threshold (eit), respectively:

sit ≡ Pr(Bit = 1|Bit−1 = 1) =
Φ2(γ

′
1xit−1, β

′zit−1, ρ21)

Φ(β′zit−1)

eit ≡ Pr(Bit = 1|Bit−1 = 0) =
Φ2(γ

′
2xit−1,−β′zit−1,−ρ21)

Φ(−β′zit−1)
Average marginal effects [AMEs] of covariates in our model are calculated by obtaining the

marginal effect [ME] of the variable on the conditional probability of household income remaining

below or falling below the funding threshold for each observation, then averaging the ME across

observations. The ME for binary variables is calculated as the discrete difference implied by a unit

change in the variable of interest (i.e. the difference in predicted conditional probabilities when

all individuals are set to one and when all are set to zero, holding all other variables constant).

For count variables, MEs are the changes in conditional probabilities when a variable increases

by unity, holding all other covariates constant. MEs of continuous variables are calculated by

inducing an infinitesimal change in the covariate, with all other covariates held constant.
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Note that household income remaining below the funding threshold and household income

moving above the funding threshold are mutually exclusive events. That is, the probability of

household income moving above the funding threshold is exactly 1 − sit. This implies that any

covariate that is predicted to increase (decrease) the likelihood of household income remaining

below, will automatically decrease (increase) the likelihood of household income moving above

the funding threshold by the same extent. The same logic applies to the estimated chances of

household income falling below the funding threshold as opposed to remaining above the funding

threshold. The AMEs for household income remaining and falling below the funding threshold

are shown in Table 1.4. The results of the initial conditions and retention equations can be found

in Table A.2 in Appendix A, along with the full results on the transition equation.

In general, Table 1.4 shows that employment, education and current living conditions are

markers of economic resilience and stability. For example, an individual residing in a household

with income below the funding threshold in time t− 1, but in which the head has a post-school

qualification, is on average 6.5 percentage points less likely to remain below the threshold

compared to someone residing in a household below the threshold in which the head has

incomplete secondary. For those whose household income is above the funding threshold in

time t − 1, residing with a head who has a post-school qualification reduces the likelihood that

the individual’s household income will fall below the threshold in the next period by a statistically

significant 13.1 percentage points, on average.

Additionally, factors such as having more rooms in one’s household, a higher share of durables

and access to a flush toilet are associated with a greater likelihood of household income moving

above the funding threshold for those below in the base period. Moreover, residents of households

in which at least one resident has a pension asset are significantly less vulnerable to household

income remaining below the funding threshold, or falling below, in the next period. Residing

with a head who is white is also associated with greater economic stability or upward mobility

than a head of any other race group.

On the other hand, households in more precarious positions economically tend to have limited

access to infrastructure and assets, and are home to more young children. Households that own

livestock also appear to be more prone to income remaining below the funding threshold, or to

falling below the threshold in the near future, with the size of this effect considerably larger for

those whose household income is above the threshold in the base period.23

In the following section, we describe how we draw on the model to construct our stratification

schema around the R350 000 threshold, which allows for further, more nuanced interrogation of

household circumstances in relation to the funding threshold. Although this framework does not

allow us to give a causal interpretation to the impact of household circumstances on mobility, it

does permit an understanding of the relative importance of particular household characteristics on

vulnerability within the context of post-school funding thresholds, and where youth fall therein.

23Although livestock is an asset, 85% of households that own livestock reside in a rural location. The
effect may thus be picking up the economic precarity that comes with residing in a rural location.
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Table 1.4 Coefficient estimates and AMEs of threshold status in time t, conditional on threshold
status in the base period

Remaining below (sit) Falling below (eit)

Base period covariate Coefficients AMEs Coefficients AMEs

Characteristics of the household head
Race (base: White)

African 0.444** 0.065** 0.702*** 0.317***
(0.18) (0.03) (0.21) (0.05)

Coloured 0.315* 0.032** 0.451** 0.136***
(0.18) (0.02) (0.21) (0.04)

Indian/Asian 0.548** 0.041*** 0.054 0.025
(0.25) (0.02) (0.28) (0.08)

Age of household head -0.001 -0.000 0.013** 0.003*
(0.00) (0.000) (0.01) (0.002)

Household head is female (yes=1) 0.105* 0.013** 0.245* 0.088**
(0.06) (0.01) (0.14) (0.04)

Highest education (base: Incomplete secondary)
Missing -0.537* -0.065 -2.488*** -0.628***

(0.29) (0.05) (0.49) (0.08)
No schooling 0.263* 0.028*** -0.938** -0.197

(0.14) (0.01) (0.46) (0.14)
Primary 0.052 0.009 -0.177 -0.011

(0.10) (0.01) (0.40) (0.10)
Matric (Grade 12) -0.332*** -0.039*** -0.056 -0.034

(0.10) (0.01) (0.21) (0.06)
Post-school qualification -0.506*** -0.065*** -0.286 -0.131***

(0.10) (0.01) (0.18) (0.05)
Household characteristics
Household employment rate (working age adults) -0.379*** -0.047*** -0.367 -0.164***

(0.11) (0.01) (0.23) (0.05)
At least one resident has a pension (yes=1) -0.381*** -0.051*** -0.060 -0.060*

(0.10) (0.01) (0.14) (0.03)
Households owns livestock (yes=1) 0.288** 0.025*** 1.053*** 0.201***

(0.13) (0.01) (0.36) (0.07)
Share of durables owned by household -1.162*** -0.149*** 1.358** 0.079

(0.38) (0.03) (0.55) (0.14)
Number of rooms in house -0.038*** -0.005*** -0.043* -0.018***

(0.01) (0.00) (0.02) (0.01)
Household has access to flush toilet (yes=1) -0.220* -0.025* -0.161 -0.077

(0.13) (0.01) (0.24) (0.06)
Number of household residents -0.064** -0.007** 0.024 -0.003

(0.03) (0.00) (0.06) (0.01)
Number of children under 6 0.095 0.010* 0.230* 0.066**

(0.06) (0.01) (0.13) (0.03)
Number of children aged 6-18 0.011 0.002 0.011 0.007

(0.04) (0.00) (0.09) (0.02)
Constant 4.433*** -1.72**

(0.89) (0.77)

Time fixed effects Yes
Province fixed effects Yes
Pseudo log-likelihood -123 000 000
Model chi-squared (d.f.=178) 6 720.48
Number of clusters 16 782
Observations 116 462

Source: Authors’ own calculations using NIDS Waves 1 to 5 pooled sample.
Notes: *** p<0.01, ** p<0.05, * p<0.1. Standard errors are in parentheses and are robust to arbitrary levels of
intra-household correlation and the presence of repeated observations on the same individual. Data are weighted using
post-stratification weights from the base period. The model also contains controls for the household dependency ratio,
whether the household head is employed, whether at least one household resident owns financial assets, if a household
member owns the dwelling, if the household has access to piped water, if it has access to electricity, and its location (urban,
rural, farm). These are omitted from the table. None of the effects of these covariates are statistically different from zero.



1.6. Structuring stratification around funding thresholds

In this section, we describe the process for constructing a stratification schema around the R350

000 funding threshold. To begin, we calculate the share of individuals in the data for whom

we observe household income to fall below or move above the funding threshold. That is, using

observations from waves 1 to 5, we estimate the share with household income below the funding

threshold in time t− 1, but who moved above it in time t. 24 An estimated 3.6% of individuals

have household income move above R350 000 in the next period, when it is below R350 000

in the base period. This is the observed rate of household income moving above the funding

threshold.

Similarly, we estimate the share of those whose household income was above the funding

threshold in time t − 1, but whose household income fell below it in time t. This is the

average probability of falling below the threshold, estimated based on observed rates in the

data. Thirty-eight percent of individuals are estimated to have household income fall below

R350 000 in the next period, when it is above R350 000 in the base period. This is the observed

rate of household income moving above the funding threshold. Panel (a) of Table 1.5 reflects

these observed rates, which we call our ‘probability thresholds’. It is against these probability

thresholds that we evaluate the predicted conditional probabilities of household income moving

above or falling below the funding threshold. These predicted conditional probabilities are those

predicted using coefficient estimates from the multivariate probit model.

Table 1.5 Probability thresholds

(a) Probability threshold (%) (b) Associated income threshold

Mean S.E. 95% C.I. Mean S.E. 95% C.I.

Observed rate of moving above for those
below in the last period 3.60 0.14 3.33 3.88 88 342 1 744 84 922 91 762
Observed rate of falling below for those
above in the last period 37.79 1.48 34.89 40.69 465 280 6 334 452 803 477 757

Source: Authors’ own calculations using NIDS Waves 1 to 5 pooled sample.
Notes: Probabilities are weighted using post-stratification weights from the base period and corrected for panel attrition.
S.E. abbreviates standard error and C.I. abbreviates confidence interval. Annual household income is in Rands.

In calculating these observed rates of moving above or falling below the funding threshold,

we apply attrition adjusted weights. This is done because not all respondents who are observed

in time t − 1 are re-observed in time t. In order to accurately compute the observed share of

those whose household income moved above or fell below the funding threshold in time t, we

account for the fact that not all individuals’ household income is observed in the next period.25

24This follows Schotte et al. (2018) and López-Calva and Ortiz-Juarez (2014) who both set a lower
threshold of the middle class to a probability of becoming poor, based on empirical evidence.

25As mentioned, however, the multivariate probit model adjusts directly for attrition. This means we can
still predict conditional probabilities of household income moving above or falling below the funding
threshold (1−sit, and eit respectively), even for those who attrit. As such, our class structure is defined
for all respondents in the sample – even those who attrit in time t. For this reason, attrition adjusted
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Attrition adjusted weights are computed as the product of the post-stratified weight in time t−1

and the inverse of the conditional probability of re-interview26 in time t.

For comparative purposes, we also compute an income value associated with the probability

thresholds. These are shown in panel (b) of Table 1.5. The monetary values associated with

the probability thresholds are computed as the average annual household income of those whose

predicted conditional probability of moving above or falling below the funding threshold is within

the 95% confidence interval around the respective probability threshold. On average, those with

an annual household income of R88 342 fall into the 95% confidence interval for household income

moving above the funding threshold. Those with an annual household income of R465 280 fall

into the 95% confidence interval for household income falling below the funding threshold.27

We can visualise the probability thresholds on Figure 1.3, an updated version of Figure 1.2.

The observed rate of household income moving above the funding threshold (3.6%) is set as the

cut-off point separating those persistently below the funding threshold from the transiently below

the funding threshold. Correspondingly, the observed rate of household income falling below the

funding threshold for those who were initially above it was 37.79% in the pooled sample. This

is set as the cut-off point separating the vulnerable missing middle from the stable.

Figure 1.3 Proposed stratification based on current household circumstances and
future mobility (updated with associated income thresholds)

Finally, we evaluate the performance of our probability threshold in Table 1.6. Table 1.6

identifies the share of those who we identify as vulnerable whose household income has actually

weights are not required throughout the analysis.
26The conditional probability of re-interview is estimated using the coefficient estimates from the retention
equation 1.3 in the multivariate probit model.

27Put differently, R465 280 can be viewed as the value at which individuals are typically able to afford
the cost of insuring against their household income falling below R350 000 per annum (Zizzamia et al.,
2016).
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fallen below the funding threshold in the next period, and the share of those who we identify as

transiently eligible whose household income has moved above the funding threshold in the next

period.

It is apparent that the probability threshold performs well throughout, but especially

with respect to the vulnerable group where over two thirds of those identified as vulnerable

had household income fall below the R350 000 threshold in two years’ time. Surprisingly, a

non-negligible share of the elite also had household income fall below the R350 000 threshold in

the next period. Indeed, those in the upper two classes may still face economic precarity that

is not accounted for in our model. To gain a deeper understanding of this stratification schema

and its relevance for informing post-school funding policy, we turn now to provide a profiling of

household characteristics by funding class.28 To comprehensively inform policy, it is relevant not

only to know who the vulnerable are, but the sources of their vulnerability too.

Table 1.6 Population share and mobility patterns by funding class and identification method

(a) Probability threshold

Population
Share that
fell below

Share that
moved above

Persistently eligible 60.56 - 0.88
Transiently eligible 31.09 - 9.74
Vulnerable missing middle 2.17 67.70 -
Stable missing middle 2.41 29.91 -
Elite 3.76 26.57 -
Total 100

Source: Authors’ own calculations using NIDS Waves 1 to 5 pooled sample.
Notes: Data are weighted using post-stratification weights from the base period and corrected for panel attrition.

1.7. Profiles by funding class

In Figure 1.4 panel (b), we refine the classification of households shown in Figure 1.1 – replicated

here in Figure 1.4 panel (a) – by taking economic (in)stability into account. The household

income distributions of the persistently eligible and the transiently eligible are distinct, indicating

that the transiently eligible are better off, on average, in terms of household income. On the

other hand, the income distributions of the vulnerable and stable missing middle groups are very

similar. As we describe in Section 1.7.2, there is nonetheless compelling variation in household

circumstances among the missing middle that speaks to relative economic vulnerability and

stability.

28By construction, characteristics closely resemble the transition determinants reported in Table 1.4.
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Figure 1.4 Distribution of household income in South Africa, 2017 (updated to reflect
funding class)

1.7.1. Household circumstances of the NSFAS eligible

Table 1.7 shows that over the period 2008 to 2017, approximately 2% of the population fell

within the vulnerable missing middle, with a marginally larger share classified as the stable

missing middle. As previously noted, a large majority of South Africans have household income
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below the R350 000 threshold, with 60% of the population facing below average probabilities

of moving above it (i.e. they are persistently eligible in our terminology). These households

tend to be disproportionately headed by women who are unemployed, African and who have low

levels of completed education (primary or incomplete secondary). Households in the persistently

eligible group have an equal reliance on governments grants and labour market income (39%

of household income) on average, and access to credit markets and assets is low. The average

per capita expenditure of those in the persistently eligible group is just R877.44, situating the

average individual in this group below the upper bound poverty line.29

Those who are transiently eligible are clearly distinct from those persistently eligible along

these above-mentioned dimensions. For example, over half the individuals in this group reside

with a household head who is employed (59% compared to 37% among the persistently eligible),

and a much larger share reside with a household head who has a post-school qualification (38%

compared to 3% among the persistently eligible). Reliance on government grants diminishes

among this group (15% vs. 39%), and over two-thirds of household income comes from the

labour market on average, possibly reflecting the higher household employment rate for this group

(55% of working age residents employed vs. 32% among the persistently eligible). Moreover,

access to credit markets appears markedly higher for those transiently eligible compared to those

persistently eligible.

Some similarity between the transiently eligible and the vulnerable missing middle is to be

expected, since these groups are those whose household income is most likely to churn around

the funding threshold. For example, the household employment rate is comparable across these

groups, as is the share of individuals living with female household heads and household heads

who have a post-school qualification. However, Table 1 makes it apparent that those who are

transiently eligible are, in some respects, distinct from the vulnerable missing middle group.

More than double the share in the vulnerable missing middle live with someone who has a home

loan or bond compared to those who are transiently eligible (9% vs. 24%) and over three times

the share in the vulnerable missing middle live with someone who has accessed vehicle finance

(8% vs. 29%). In a sense, these results suggests that the current policy is relatively well targeted

to the most vulnerable households.

A key priority of this work is to locate youth (those aged 15-35) within this framework.

Education and training is a promising way of connecting NEETs to the labour market, making

a focus on youth circumstances in relation to student funding particularly relevant in the South

African context. Table A.3 in Appendix A replicates the characteristics shown in Table 1.7,

but for the sample of youth rather than all respondents.30 The general observations made

here hold true among youth too. In the following section, we spotlight the differences between

the vulnerable and stable missing middle groups among youth (aged 15-35), and show how

grouping all youth in the missing middle together can mask important variation in their household

circumstances.

29R1 158 in 2017 (December 2017 prices).
30A comparison of youth households vs. all households is shown in Table A.4 in Appendix A.
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Table 1.7 Average characteristics of the household and household head by funding class (all
respondents)

Eligible Missing Middle

Persistent Transient Vulnerable Stable Elite Total

Weighted share of respondents 60.56% 31.09% 2.17% 2.41% 3.76% 100%
(a) Characteristics of the head

Household head is employed 0.37 0.59 0.64 0.79 0.78 0.47
Age of household head 47.43 45.4 49.1 44.69 46.64 46.74
Female household head 0.64 0.47 0.48 0.26 0.28 0.56

Race
African 0.92 0.72 0.76 0.16 0.24 0.81
Coloured 0.06 0.13 0.13 0.13 0.08 0.09
Asian/Indian 0.01 0.03 0.05 0.06 0.1 0.02
White 0.00 0.12 0.06 0.65 0.58 0.08

Highest education
Missing 0.00 0.01 0.00 0.01 0.01 0.00
No schooling 0.20 0.02 0.03 0.01 0.00 0.13
Primary 0.31 0.13 0.09 0.00 0.03 0.23
Incomplete secondary 0.38 0.24 0.29 0.08 0.09 0.32
Matric 0.07 0.21 0.22 0.19 0.15 0.12
Post-school qualification 0.03 0.38 0.37 0.71 0.72 0.19

(b) Household characteristics

Income and expenditure
Per capita expenditurea 877.04 2 872.53 5 265.14 9 943.06 14 903.00 2 339.01
Per capita incomea 1 209.42 3 279.34 8 835.43 11 986.31 31 796.22 3 429.11
Share of income fromb:

Labour market 0.39 0.70 0.80 0.88 0.83 0.53
Government grants 0.39 0.14 0.05 0.01 0.01 0.28
Investment income 0.01 0.03 0.03 0.04 0.07 0.02
Remittances 0.07 0.04 0.03 0.01 0.01 0.06
Subsistence agriculture 0.01 0.00 0.00 0.00 0.00 0.00
One-shot response (no source) 0.12 0.09 0.08 0.05 0.07 0.10

Assets, credit and infrastructure
At least one resident has a:

Home loan/bond 0.00 0.09 0.24 0.53 0.47 0.07
Bank loan 0.07 0.22 0.34 0.28 0.22 0.13
Study loan with a bank 0.00 0.01 0.03 0.03 0.03 0.01
Vehicle finance 0.00 0.09 0.30 0.35 0.39 0.06
Credit card 0.02 0.14 0.32 0.47 0.51 0.09
Store card 0.18 0.42 0.55 0.44 0.42 0.28
Financial assets 0.59 0.90 0.94 0.94 0.95 0.71
Pension assets 0.01 0.17 0.31 0.52 0.47 0.09

Household member owns dwelling 0.76 0.71 0.86 0.78 0.85 0.75
Household owns livestock assets 0.09 0.02 0.04 0.00 0.01 0.06
Number of rooms in house 3.78 4.95 5.47 5.93 6.78 4.34
Access to electricity 0.79 0.95 0.94 0.97 0.98 0.85
Piped water on site 0.64 0.92 0.94 0.99 0.96 0.75
Has a flush toilet 0.40 0.81 0.82 1.00 0.97 0.57

Household composition
Number of household residents 5.47 5.39 5.84 3.78 4.03 5.36
Number of children under 6 0.96 0.69 0.83 0.33 0.37 0.84
Number of children aged 6–18 1.74 1.58 1.56 0.87 0.96 1.63
Number of elderly residentsc 0.34 0.30 0.28 0.26 0.25 0.32
Household employment rated 0.32 0.55 0.57 0.74 0.70 0.42

Location
Traditional 0.46 0.20 0.19 0.04 0.05 0.35
Urban 0.47 0.77 0.78 0.95 0.94 0.60
Farm 0.06 0.02 0.03 0.01 0.02 0.05

Source: Authors’ own calculations using NIDS Waves 1 to 5 pooled sample.
Notes: Data are weighted using post-stratification weights from the base period.
a Monthly value in Rands. b Share excludes imputed rental income. Labour market income reflects after tax income.
c Aged 60+. d Of working age adults.



1.7.2. Household circumstances of the missing middle

There are key differences between vulnerable and stable missing middle youth visible in Table

1.8, many of which may be attributed to the urban-rural split between groups.31 While 76%

of youth in vulnerable missing middle reside in urban locations, a much larger share of stable

missing middle youth reside in urban areas (94%). On average, stable youth live in households

that have better access to the labour market (73% household employment rate among the stable

compared to 54% among the vulnerable), resulting in a greater share of household income from

the labour market – ten percentage points more than the vulnerable. Furthermore, over double

the share of stable missing middle youth live in a household with access to a home loan/bond,

compared to youth who are in the vulnerable missing middle (54% vs. 21%), and a much lower

share of vulnerable missing middle youth reside in households in which a resident has access to

vehicle finance and pension assets. Stable missing middle youth also reside in households that

are smaller on average, have fewer dependents and are more likely to be headed by an employed

male with a post-secondary qualification. The fact that the stable missing middle have such a

high share of household heads with post-school education is relevant since first-hand experience

of application and enrolment could facilitate access.

Comparing the averages for both of these groups individually to those in the final column, it

is apparent that aggregating household circumstances within the missing middle would overstate

the long-run well-being of the vulnerable group and understate the relative economic security of

the stable group. For example, it would appear as if the share of the missing middle with access

to a home loan/bond in their household is just over a third, when in fact it is over half for the

stable group but below a quarter among the vulnerable.

This being said, household circumstances are not the only factors affecting access to

post-schooling. A number of individual characteristics such as schooling, academic performance

and family background are also relevant, and it is useful to understand how these factors vary

by funding class. Table 1.9 summarises this information.

The highest share of NEET youth (43%) are found among those who face the most economic

precarity (the persistently eligible), perhaps a reflection of poorer schooling outcomes among this

group. This is compared to a low 8% and 9% of youth who are NEET among the elite and stable

groups, respectively. Roughly a quarter of youth in each group are still enrolled in school.

The age and gender distribution across groups is similar, but notable differences appear in

school quintile and academic performance. The majority of youth whose household income is

below the R350 000 threshold attended a quintile 1-3 school (75% and 54% for the persistently

and transiently eligible respectively), whereas attending a quintile 4-5 school is more prevalent

among the stable missing middle (62%). The vulnerable group falls somewhat in-between the

transiently eligible and stable, but more vulnerable youth attend(ed) a quintile 1-3 school (43%)

than a quintile 4-5 school (34%). Here, youth in the vulnerable missing middle appear more

similar to transiently eligible youth, on average, than the stable missing middle.

31See Figure A.2 in Appendix A for the distribution of youth by province and funding class.
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Table 1.8 Average household characteristics of youth (aged 15-35) in the missing middle

Vulnerable Stable P-value* All MM

(a) Characteristics of the head

Household head is employed 0.65 0.84 0.00 0.73
Age of household head 49.13 40.95 0.00 44.69
Household head is female 0.46 0.26 0.00 0.37

Race
African 0.79 0.21 0.00 0.48
Coloured 0.13 0.13 0.85 0.12
Asian/Indian 0.06 0.08 0.47 0.07
White 0.02 0.58 0.00 0.32

Highest education
Missing 0.00 0.01 0.02 0.00
No schooling 0.03 0.01 0.01 0.02
Primary 0.11 0.00 0.00 0.05
Incomplete secondary 0.33 0.05 0.00 0.19
Matric 0.20 0.17 0.47 0.19
Post-school qualification 0.35 0.76 0.00 0.55

(b) Household characteristics

Income and expenditure
Per capita expenditurea 5 026.34 10 163.72 0.00 7 664.28
Per capita incomea 8 748.65 12 609.23 0.00 10 705.20

Share of income fromb:
Labour market 0.81 0.91 0.00 0.85
Government grant 0.05 0.01 0.00 0.02
Investment income 0.03 0.03 0.96 0.03
Remittances 0.04 0.02 0.07 0.03
Subsistence agriculture 0.00 0.00 0.02 0.00
One-shot response (no source) 0.08 0.04 0.03 0.06

Assets, credit and infrastructure
At least one resident has a:

Home loan/bond 0.21 0.54 0.00 0.38
Bank loan 0.35 0.30 0.20 0.32
Study loan with a bank 0.05 0.04 0.47 0.05
Vehicle finance 0.28 0.40 0.00 0.35
Credit card 0.31 0.49 0.00 0.41
Store card 0.56 0.46 0.02 0.52
Financial assets 0.94 0.94 0.98 0.94
Pension assets 0.32 0.49 0.00 0.40

Household member owns dwelling 0.83 0.73 0.02 0.77
Household livestock assets 0.03 0.00 0.00 0.02
Number of rooms in house 5.58 5.84 0.16 5.74
Household has access to electricity 0.95 0.98 0.03 0.97
Piped water on site 0.93 0.99 0.00 0.96
Has a flush toilet 0.81 1.00 0.00 0.90

Household composition
Number of household residents 6.04 3.70 0.00 4.81
Number of children under 6 0.84 0.35 0.00 0.58
Number of children aged 6–18 1.44 0.70 0.00 1.06
Number of elderly residentsc 0.28 0.16 0.01 0.22
Household employment rated 0.54 0.73 0.00 0.64

Location
Traditional 0.21 0.04 0.00 0.12
Urban 0.76 0.94 0.00 0.86
Farm 0.03 0.02 0.60 0.02

Observations 929 517 - 1 515

Source: Authors’ own calculations using NIDS Waves 1 to 5 pooled sample.
Notes: * P-value for the difference between vulnerable and not vulnerable mean characteristics. Data are weighted using
post-stratification weights from the base period.
a Monthly value in Rands. b Share excludes imputed rental income. Labour market income reflects after tax income.
c Aged 60+. d Of working age adults.



Table 1.9 Average individual characteristics of youth by funding class

Eligible Missing Middle

Persistent Transient Vulnerable Stable Elite Total

Activity in time t-1
Enrolled but level is unknown 0.00 0.01 0.01 0.01 0.02 0.01
Enrolled in school 0.25 0.19 0.24 0.24 0.23 0.23
Enrolled in post-school 0.04 0.09 0.15 0.14 0.22 0.06
Employed 0.28 0.45 0.36 0.53 0.44 0.34
NEETa 0.43 0.26 0.23 0.09 0.08 0.36

Community unemployment rate 0.65 0.62 0.63 0.60 0.59 0.64
Demographics
Age 24.18 25.17 24.17 25.07 24.33 24.52
Gender (Male) 0.48 0.52 0.49 0.47 0.46 0.49
Race
African 0.93 0.76 0.79 0.22 0.30 0.84
Coloured 0.06 0.12 0.12 0.13 0.09 0.08
Asian/Indian 0.01 0.03 0.06 0.08 0.11 0.02
White 0.00 0.09 0.02 0.57 0.49 0.06

Schooling
School quintile 1–3 0.75 0.54 0.43 0.08 0.16 0.64
School quintile 4–5 0.15 0.3 0.34 0.62 0.53 0.22
School quintile missing, with matchb 0.02 0.03 0.06 0.05 0.06 0.03
School quintile missing, no matchb 0.09 0.13 0.17 0.24 0.25 0.11

Academic performance
Completed or enrolled in Grade 9 0.82 0.94 0.96 0.97 0.99 0.87
Completed or enrolled in Grade 12 0.29 0.56 0.59 0.76 0.75 0.4
Repeated a school gradeb 0.56 0.47 0.38 0.19 0.22 0.51
Repeated a school grade missing 0.14 0.14 0.18 0.22 0.17 0.14
Repeated a secondary grade 0.28 0.24 0.17 0.06 0.08 0.25
Repeated a secondary grade missing 0.34 0.38 0.41 0.44 0.49 0.36
Repeated a primary grade 0.19 0.12 0.09 0.09 0.06 0.16
Repeated a primary grade missing 0.34 0.38 0.42 0.44 0.49 0.36
Standardised numeracy scorec -0.64 -0.44 -0.14 0.08 -0.08 -0.55

Mother’s educationb

Missing 0.05 0.05 0.05 0.03 0.05 0.05
No schooling 0.25 0.11 0.09 0.03 0.02 0.19
Primary 0.32 0.2 0.12 0.05 0.08 0.27
Incomplete secondary 0.28 0.31 0.31 0.18 0.11 0.28
Matric 0.05 0.13 0.09 0.24 0.20 0.08
Post-school qualification 0.04 0.20 0.33 0.46 0.53 0.12

Father’s educationb

Missing 0.18 0.16 0.16 0.05 0.10 0.17
No schooling 0.30 0.14 0.12 0.04 0.04 0.23
Primary 0.22 0.16 0.09 0.04 0.03 0.19
Incomplete secondary 0.19 0.25 0.22 0.13 0.11 0.20
Matric 0.07 0.14 0.19 0.30 0.20 0.11
Post-school qualification 0.04 0.15 0.22 0.44 0.52 0.1

Observations 38 245 15 654 929 517 745 56 090

Source: Authors’ own calculations using NIDS Waves 1 to 5 pooled sample.
Notes: Data are weighted using post-stratification weights from the base period.
a This category includes those with missing enrolment and employment information.
b Parental education, grade repetition, and school quintile are all constructed using the full panel. That is, missing gaps
are filled in with data from previous waves, when available. We include indicator variables for missing information where
we are unable to fill gaps with the panel data. For school quintile, we capture two binary variables depending on the type of
missing information. School quintile may be missing because a private school was attended. Alternatively, it may be missing
because the name of the school could not be matched to a master list of schools. We thus capture whether information is
missing but a match in school names did occur (potentially private school enrolees), or whether it is missing and no match
occurred. Grade repetition was asked about in Waves 1 and 5 only, to individuals aged 30 and under. Since our sample
is aged 15-35, older members are more likely to have missing grade repetition information. Information from enrolment in
between these two waves can be used to piece together grade repetition information in every wave.
c This variable was only asked in Wave 1.
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Higher incidences of grade repetition and lower numeracy scores are prevalent among those

persistently and transiently eligible, a stark reminder that household socio-economic status and

schooling outcomes are inextricably linked. Moreover, less than one third of youth who are

persistently eligible reach Grade 12, despite their average age being the same as youth in the

vulnerable missing middle. Over half of persistently eligible youth have repeated at least one

school grade, and grade repetition remains high among vulnerable missing middle youth – over

one third have completed a school grade – this being double the share who ever repeated among

the stable group. The driving force appears to be repetition in secondary school grades.

Family background as captured by parental education is also distinct for the vulnerable vs.

stable missing middle youth. Double the share of stable youth have a father with post-schooling

compared to vulnerable youth (44% vs. 22%), and more than double the share have a mother with

a matric education (24% vs. 9%). Lastly, it is impossible to ignore the nature of inequality along

racial lines. Although both the vulnerable and stable collectively comprise the missing middle,

the vulnerable are disproportionately African (79%) whereas the stable are disproportionately

white (57%).

These results emphasise that by solely using a monetary threshold to classify individuals,

there is a risk of mis-identifying a share of the population whose household income puts them in

the missing middle, but is nevertheless relatively economically secure. These individuals live in

smaller households with fewer dependents (both children and elderly) that are more connected

to the labour market, and have relatively greater access to loans. In fact, in many respects,

the stable middle class more closely resembles the elite, on average, compared to the vulnerable

missing middle. We highlight these findings not to suggest that those in the missing middle do

not face barriers to access but rather to prompt a reflection about differentiated targeting of

policy.

1.8. Caveats and considerations

1.8.1. Sensitivity to the choice of probability cut-off

We recognise that the size of our funding classes may be sensitive to the value set as the

probability threshold. In turn, this could affect the average household characteristics profiled

in the previous section. In the main analysis, we follow Schotte et al. (2018) and López-Calva

and Ortiz-Juarez (2014) in setting the probability threshold separating the vulnerable and stable

missing middle at the observed share of those with household income above the funding threshold

that fell below in the next period (37.79%). In principle, however, it would be possible make

an argument for the use of another probability threshold that sets a minimum risk (a minimum

predicted probability) of household income falling below R350 000. To adapt sentiments in

López-Calva and Ortiz-Juarez (2014), however, a relevant aspect of this work lies in proposing

a specific concept for measuring vulnerability (for example in the missing middle) and making it

operational, even when the thresholds can vary according to the specific context.
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1.8.2. The assumption underlying pooled transitions

By pooling waves of observations to assess vulnerability, we implicitly assume that the economic

conditions affecting transitions in each wave remain unchanged throughout the panel. As

noted by Zizzamia et al. (2016), this is an important assumption given that changes in the

macroeconomic environment will affect the chances of people’s income rising or falling.

In order to examine whether the process generating a rise or fall in household income is

reasonably consistent between waves, we fit our multivariate probit regression to each pair

of waves independently. Results are presented in Table A.5 in Appendix A.32 A majority of

covariates remain consistent in terms of sign and significance. In most of the cases where the

sign of the effect differs, the effect of the covariate is not statistically different from zero. This

ameliorates some concerns about changing environments between waves. However, going forward

we will compare the distributions of the predicted probabilities from these regressions to those

obtained using the pooled sample.

1.9. Concluding remarks

This paper proposes an empirical and conceptual methodology for analysing the NSFAS eligible

and missing middle groups based on income mobility and the notion of vulnerability. We fit a

Markov model to nationally representative panel data from the National Income Dynamics Study,

and using coefficient estimates from a multivariate probit regression, predict the conditional

probabilities of household income moving above or falling below the NSFAS income eligibility

threshold in the near future. We then classify individuals based on their vulnerability to their

household income remaining below or falling below the funding threshold.

A key policy priority currently is to establish a sustainable, comprehensive, and progressive

financial aid scheme to fund students enrolled in post-school education. If free education for all

students is not viable, a differentiated policy might be necessary. A key value in our approach lies

in operationalising the concepts of mobility, vulnerability, and economic stability to differentiate

the socio-economic circumstances of households within the context of the current post-school

funding policy. Our results showcase that the missing middle is a complex category, comprising

two distinct groups based on their relative economic stability or vulnerability. In focussing on

youth, we show that aggregating household circumstances within the missing middle would

overstate the long-run well-being of vulnerable youth and understate the relative economic

security of youth we classify as relatively more stable.

While income thresholds are always likely to exist for operational purposes in a social support

environment, our work shows that when considering the design of support, 1) the current NSFAS

funding threshold should not be lowered – it is well targeted at the those living in the most

32Note that we do not include interactions between initial state and the covariates in these specifications,
since the model does not converge when interactions are included. The probit specification without
interactions mirrors that used by López-Calva and Ortiz-Juarez (2014) for identifying a vulnerable
middle class.
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vulnerable households, and 2) when considering extending support to the missing middle, a

differentiated funding instrument could work. This group looks far more likely to be engaging

in formalised credit markets, for example. That being said, we show that economic vulnerability

manifests on either side of the current NSFAS funding threshold and acknowledge that economic

instability can be an important constraint to post-school access – even when income is above

the threshold. Rising student debt is evidence alone that better household circumstances do not

equate to an ability to afford post-school education.

Overall, this paper has made two important conceptual and methodological contributions.

First, conceptually, it establishes a well-defined framework for the analysis of the missing middle

and other eligible groups as they relate to funding thresholds, over time. For example, future

research may consider the same conceptualisation of vulnerability as it applies to those who

became newly eligible in 2018. That is, those who fall in the R122 000 to R350 000 income

bracket. This group is also of policy relevance, given that the current funding model, in which

they are included, is regarded as unsustainable. Second, from a methodological point of view,

to the best of our knowledge this is the first study to apply an income dynamics approach to

studying funding thresholds, while addressing simultaneously the endogeneity of initial conditions

and panel attrition. Further work into the sensitivity of the parameters of funding classes and

the resulting household characteristics is in the pipeline.

Lastly, we acknowledge that deep (structural) inequalities exist within the PSET system,

and that ensuring sustainable, comprehensive access through financial aid policy addresses only

part of this inequality. Ensuring the future sustainability of the PSET sector will be to address

these within-system inequalities, as well as those that emerge in childhood and are replicated

and reproduced throughout all levels of education in South Africa.
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Appendix A

Figure A.1 Number of public universities and colleges by province, 2017

Figure A.2 Share of youth by funding class and province
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Table A.1 Transitions between NSFAS classifications

Household income (time t-1) Household income (time t)

Below R122 000 R122 000- R350
000

R350 000- R600
000

Above R600 000 Total

Below R122 000 86.27 12.64 0.87 0.22 100
R122 000 to R350 000 32.09 55.49 9.48 2.94 100
R350 000 to R600 000 14.51 32.06 29.63 23.80 100
Above R600 000 5.04 21.53 24.97 48.46 100
Total 69.38 22.55 4.67 3.40 100

Source: Authors’ own calculations using NIDS Waves 1 to 5 pooled sample.
Notes: Data are weighted using post-stratified weights from the base period and corrected for panel attrition.

38



Table A.2 Multivariate probit: all equations (coefficient estimates)

Transition eqn. Initial Retention

Base period covariate Remain Fall conditions eqn.

Characteristics of the household head
Race (base: White)

African 0.444** 0.702*** 0.847*** 0.557***
(0.183) (0.207) (0.103) (0.076)

Coloured 0.315* 0.451** 0.457*** 0.446***
(0.182) (0.213) (0.132) (0.083)

Asian/Indian 0.548** 0.054 0.117 0.068
(0.252) (0.284) (0.207) (0.147)

Age of household head -0.001 0.013** -0.004 0.003**
(0.003) (0.006) (0.003) (0.001)

Household head is female (yes=1) 0.105* 0.245* 0.229*** 0.011
(0.061) (0.135) (0.060) (0.027)

Household head is employed (yes=1) 0.123 0.218 0.008 0.048
(0.088) (0.155) (0.077) (0.037)

Highest education (base: Incomplete secondary)
Missing -0.537* -2.488*** 0.155 0.095

(0.291) (0.488) (0.266) (0.186)
No schooling 0.263* -0.938** 0.504*** -0.128***

(0.135) (0.462) (0.140) (0.042)
Primary 0.052 -0.177 0.324*** -0.030

(0.098) (0.402) (0.114) (0.034)
Matric -0.332*** -0.056 -0.184* -0.183***

(0.101) (0.210) (0.104) (0.047)
Post-school qualification -0.506*** -0.286 -0.434*** -0.185***

(0.101) (0.181) (0.081) (0.044)
Household characteristics
Household employment rate -0.379*** -0.367 -0.690*** -0.041

(0.110) (0.232) (0.105) (0.052)
At least one resident has financial assets (yes=1) -0.038 -0.237 0.101 0.088***

(0.092) (0.266) (0.087) (0.028)
At least one resident has pension assets (yes=1) -0.381*** -0.060 -0.405*** -0.109*

(0.098) (0.137) (0.070) (0.061)
Household member owns dwelling (yes=1) -0.010 0.088 -0.539*** 0.202***

(0.079) (0.207) (0.088) (0.034)
Household has livestock assets (yes=1) 0.288** 1.053*** 0.095 0.096***

(0.125) (0.356) (0.152) (0.037)
Share of durables owned -1.162*** 1.358** -2.559*** -0.010

(0.377) (0.551) (0.266) (0.128)
Number of rooms in house -0.038*** -0.043* -0.072*** 0.002

(0.014) (0.024) (0.013) (0.007)
Household has access to electricity (yes=1) -0.077 -0.274 0.175* 0.025

(0.097) (0.285) (0.098) (0.033)
Piped water on site (yes=1) 0.004 0.094 0.194* 0.068**

(0.105) (0.377) (0.105) (0.031)
Household has a flush toilet (yes=1) -0.220* -0.161 -0.341*** -0.033

(0.133) (0.243) (0.115) (0.036)
Number of household residents -0.064** 0.024 -0.087*** -0.015

(0.027) (0.055) (0.024) (0.011)
Household dependency ratio 0.046 -0.061 0.170*** 0.046**

(0.057) (0.147) (0.061) (0.019)
Number of children under 6 0.095 0.230* 0.074 0.044*

(0.060) (0.127) (0.050) (0.022)
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Continuation of Table A.2

Transition eqn. Initial Retention

Base period covariate Remain Fall conditions eqn.

Number of children aged 6-18 0.011 0.011 0.044 0.068***
(0.036) (0.093) (0.043) (0.017)

Location (base: Rural)
Urban -0.128 -0.026 -0.160 -0.101***

(0.147) (0.181) (0.121) (0.038)
Farm 0.035 -0.177 0.360 -0.093

(0.175) (0.370) (0.255) (0.061)
Year in time t (base: 2010)

2012 0.169 0.054 -0.180** 0.444***
(0.111) (0.170) (0.082) (0.039)

2014 0.135 -0.338* 0.025 0.545***
(0.090) (0.187) (0.083) (0.037)

2017 0.252*** -0.229 0.078 0.470***
(0.089) (0.164) (0.082) (0.040)

Province (base: Western Cape)
Eastern Cape -0.245* 0.434 -0.168 -0.074

(0.132) (0.289) (0.130) (0.064)
Northern Cape 0.048 0.379 0.185 0.043

(0.110) (0.238) (0.114) (0.058)
Free State -0.100 -0.320 -0.206 0.050

(0.146) (0.242) (0.156) (0.085)
KwaZulu-Natal -0.119 0.119 -0.144 0.045

(0.140) (0.229) (0.131) (0.064)
North West -0.213 0.871*** -0.365** 0.029

(0.211) (0.236) (0.173) (0.079)
Gauteng -0.005 -0.032 -0.270** 0.019

(0.129) (0.174) (0.110) (0.063)
Mpumalanga -0.232 -0.076 -0.504*** 0.024

(0.156) (0.213) (0.130) (0.067)
Limpopo -0.491*** -0.022 -0.508*** 0.130*

(0.156) (0.251) (0.149) (0.069)
Constant 4.433*** -1.723** 3.733*** -1.346***

(0.886) (0.769) (0.285) (0.118)
Exclusion restrictions
Mother’s occupation (base: Missing)

Agri/Elementary 0.066
(0.053)

Professionals -0.172***
(0.065)

Semi-skilled/operator 0.014
(0.132)

Clerks/sales workers -0.044
(0.066)

Craft/trade 0.108
(0.143)

Never worked -0.058
(0.052)

Father’s occupation (base: Missing)
Agri/Elementary 0.169**

(0.072)
Professionals -0.172***

(0.059)
Semi-skilled/operator 0.129
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Continuation of Table A.2

Transition eqn. Initial Retention

Base period covariate Remain Fall conditions eqn.

(0.086)
Clerks/sales workers 0.155**

(0.068)
Craft/trade 0.068

(0.060)
Never worked 0.009

(0.054)
Mother’s education (base: Incomplete secondary)

Missing -0.159*
(0.082)

No schooling -0.063
(0.071)

Primary -0.077
(0.076)

Matric -0.030
(0.072)

Post-school qualification -0.083
(0.064)

Father’s education (base: Incomplete secondary)
Missing 0.016

(0.072)
No schooling 0.004

(0.075)
Primary -0.018

(0.070)
Matric -0.165**

(0.078)
Post-school qualification -0.275***

(0.078)
Respondent characteristics

CSM or a TSM? (CSM=1) 1.128***
(0.027)

Very friendly during interview (yes=1) 0.134***
(0.041)

Very attentive during interview (yes=1) 0.022
(0.034)

Observations 116 462 116 462 116 462

Source: Authors’ own calculations using NIDS Waves 1 to 5 pooled sample.
Notes: *** p<0.01, ** p<0.05, * p<0.1. Standard errors are in parentheses. Standard errors are robust
to arbitrary levels of intra-household correlation and the presence of repeated observations on the same
individual. Data are weighted using post-stratification weights from the base period.
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Table A.3 Average characteristics of the household and household head by funding class (youth
respondents)

Eligible Missing Middle

Persistent Transient Vulnerable Stable Elite Total

Weighted share of youth 60.90% 32.00% 1.97% 2.12% 3.01% 100%
(a) Characteristics of the head

Household head is employed 0.39 0.61 0.65 0.84 0.78 0.49
Age of household head 44.13 42.42 49.13 40.95 43.27 43.59
Female household head 0.63 0.47 0.46 0.26 0.31 0.56

Race
African 0.93 0.76 0.79 0.21 0.3 0.84
Coloured 0.06 0.12 0.13 0.13 0.09 0.08
Asian/Indian 0.01 0.03 0.06 0.08 0.1 0.02
White 0.00 0.10 0.02 0.58 0.50 0.06

Highest education
Missing 0.00 0.01 0.00 0.01 0.01 0.00
No schooling 0.18 0.02 0.03 0.01 0.00 0.12
Primary 0.27 0.13 0.11 0.00 0.03 0.21
Incomplete secondary 0.41 0.22 0.33 0.05 0.09 0.33
Matric 0.09 0.22 0.2 0.17 0.18 0.14
Post-school qualification 0.04 0.40 0.35 0.76 0.69 0.20

(b) Household characteristics

Income and expenditure
Per capita expenditurea 972.52 2 989.42 5 026.34 10 163.72 13 230.04 2 261.99
Per capita incomea 1 336.04 3 428.71 8 748.65 12 609.23 22 682.6 3 034.02
Share of income fromb:

Labour market 0.43 0.71 0.81 0.91 0.84 0.55
Government grants 0.34 0.12 0.05 0.01 0.01 0.25
Investment income 0.01 0.02 0.03 0.03 0.05 0.02
Remittances 0.08 0.04 0.04 0.02 0.02 0.07
Subsistence agriculture 0.01 0.00 0.00 0.00 0.00 0.00
One-shot response (no source) 0.12 0.09 0.08 0.04 0.08 0.11

Assets, credit and infrastructure
At least one resident has a:

Home loan/bond 0.00 0.07 0.21 0.54 0.44 0.05
Bank loan 0.07 0.21 0.35 0.30 0.25 0.13
Study loan with a bank 0.00 0.02 0.05 0.04 0.04 0.01
Vehicle finance 0.00 0.08 0.28 0.40 0.41 0.05
Credit card 0.02 0.13 0.31 0.49 0.55 0.09
Store card 0.19 0.42 0.56 0.46 0.51 0.29
Financial assets 0.61 0.90 0.94 0.94 0.95 0.73
Pension assets 0.01 0.15 0.32 0.49 0.47 0.08

Household member owns dwelling 0.71 0.66 0.83 0.73 0.77 0.70
Household livestock assets 0.08 0.02 0.03 0.00 0.01 0.06
Number of rooms in house 3.64 4.80 5.58 5.84 6.54 4.18
Household has access to electricity 0.79 0.95 0.95 0.98 0.97 0.86
Piped water on site 0.66 0.92 0.93 0.99 0.96 0.76
Has a flush toilet 0.42 0.8 0.81 1.00 0.96 0.58

Household composition
Number of household residents 5.19 5.25 6.04 3.70 4.22 5.17
Number of children under 6 0.84 0.63 0.84 0.35 0.34 0.74
Number of children aged 6–18 1.53 1.43 1.44 0.70 0.88 1.46
Number of elderly residentsc 0.28 0.24 0.28 0.16 0.17 0.26
Household employment rate d 0.34 0.56 0.54 0.73 0.66 0.43

Location
Traditional 0.43 0.20 0.21 0.04 0.06 0.34
Urban 0.51 0.77 0.76 0.94 0.93 0.62
Farm 0.06 0.02 0.03 0.02 0.02 0.05

Source: Authors’ own calculations using NIDS Waves 1 to 5 pooled sample.
Notes: Data are weighted using post-stratification weights from the base period.
a Monthly value in Rands. b Excludes imputed rental income. Labour market income reflects after tax income. c Aged
60+. d Of working age adults.



Table A.4 Average household characteristics, youth households vs. all households

Youth All P-value

(a) Characteristics of the head

Household head is employed 0.52 0.54 0.00
Age of household head 41.31 44.25 0.00
Household head is female 0.52 0.47 0.00

Race
African 0.83 0.79 0.00
Coloured 0.08 0.08 0.18
Asian/Indian 0.02 0.02 0.46
White 0.07 0.11 0.00

Highest education
Missing 0.01 0.00 0.41
No schooling 0.09 0.09 0.63
Primary 0.18 0.19 0.00
Incomplete secondary 0.34 0.32 0.00
Matric 0.16 0.16 0.03
Post-school qualification 0.23 0.24 0.00

(b) Household characteristics

Income and expenditure
Per capita expenditure 2 763.19 3 680.98 0.00
Per capita income 3 575.22 5 413.27 0.00
Share of income fromb:

Labour market 0.56 0.56 0.64
Government grants 0.22 0.21 0.00
Investment income 0.02 0.04 0.00
Remittances share 0.08 0.07 0.00
Subsistence agriculture 0.00 0.00 0.92
One-shot response (no source) 0.11 0.11 0.13

Assets, credit and infrastructure
At least one resident has a:

Home loan/bond 0.06 0.07 0.00
Bank loan 0.12 0.12 0.78
Study loan with a bank 0.01 0.01 0.06
Vehicle finance 0.06 0.06 0.25
Credit card 0.09 0.10 0.00
Store card 0.27 0.24 0.00
Financial assets (indicator) 0.71 0.70 0.00
Pension assets (indicator) 0.09 0.10 0.00

Household member owns dwelling (indicator) 0.65 0.64 0.59
Household livestock assets (indicator) 0.04 0.04 0.00
Number of rooms in house 3.83 3.79 0.01
Access to electricity 0.85 0.85 0.21
Piped water on site 0.77 0.78 0.00
Has a flush toilet 0.61 0.64 0.00

Household composition
Number of household residents 3.91 3.34 0.00
Number of children under 6 0.55 0.43 0.00
Number of children aged 6–18 1.06 0.85 0.00
Number of elderly residents (60+)c 0.21 0.26 0.00
Household employment rate (working age adults)d 0.48 0.52 0.00

Location
Traditional 0.29 0.27 0.00
Urban 0.66 0.68 0.00
Farm 0.05 0.05 0.01

Source: Authors’ own calculations using NIDS Waves 1 to 5 pooled sample.
Notes: Data are weighted using post-stratification weights from the base period.
a Monthly value in Rands. b Excludes imputed rental income. Labour market income reflects after tax income. c Aged
60+. d Of working age adults.
Youth household is a household with at least one resident youth.
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Table A.5 Multivariate probit transition equation, fitted to each pair of waves
independently (coefficient estimates)

Base period covariate Wave 1 Wave 2 Wave 3 Wave 4

Characteristics of the household head
Race (base: White)

African 1.027*** 1.183*** 0.857*** 0.839***
(0.175) (0.200) (0.196) (0.184)

Coloured 0.586*** 0.881*** 0.585*** 0.573***
(0.226) (0.228) (0.210) (0.205)

Asian/Indian 0.391 -0.094 0.288 0.367
(0.339) (0.325) (0.310) (0.287)

Age of household head 0.003 -0.008 0.005 -0.000
(0.005) (0.005) (0.005) (0.004)

Household head is employed (yes=1) 0.200 -0.097 0.474*** 0.023
(0.137) (0.155) (0.149) (0.111)

Household head is female (yes=1) 0.024 0.174 0.221** 0.279***
(0.099) (0.122) (0.096) (0.081)

Highest education (base: Incomplete secondary)
Missinga -0.928* - -0.967*** 0.505

(0.479) - (0.314) (0.412)
No schooling 0.567* 0.447 -0.058 -0.158

(0.314) (0.298) (0.205) (0.206)
Primary 0.156 0.510*** -0.010 -0.316**

(0.172) (0.166) (0.165) (0.155)
Matric -0.701*** -0.270 -0.481*** 0.050

(0.161) (0.181) (0.148) (0.172)
Post-school qualification -0.706*** -0.643*** -0.660*** -0.767***

(0.166) (0.151) (0.153) (0.119)
Household characteristics
Household employment rate -0.594*** -0.663*** -0.837*** -0.521***

(0.179) (0.217) (0.180) (0.153)
At least one resident has financial assets (yes=1) 0.024 -0.079 0.043 -0.133

(0.130) (0.148) (0.138) (0.138)
At least one resident has pension assets (yes=1) -0.201 -0.541*** -0.505*** -0.523***

(0.173) (0.136) (0.175) (0.109)
Household member owns dwelling (yes=1) 0.020 -0.308* -0.212 -0.360**

(0.155) (0.163) (0.134) (0.144)
Household has livestock assets (yes=1) 0.526* 0.290 0.090 0.661***

(0.276) (0.270) (0.187) (0.220)
Share of durables owned -1.420*** -0.123 -2.565*** -3.438***

(0.538) (0.527) (0.489) (0.461)
Number of rooms in house -0.060*** -0.082*** -0.061*** -0.050***

(0.023) (0.026) (0.020) (0.019)
Household has access to electricity (yes=1) 0.016 -0.107 0.061 0.162

(0.148) (0.183) (0.198) (0.183)
Piped water on site (yes=1) 0.073 -0.003 -0.004 0.216

(0.205) (0.219) (0.209) (0.160)
Household has a flush toilet (yes=1) 0.074 -0.705*** -0.432* 0.150

(0.248) (0.173) (0.236) (0.148)
Number of household residents -0.179*** 0.001 -0.020 0.025

(0.058) (0.053) (0.038) (0.034)
Household dependency ratio -0.125 -0.072 0.343*** 0.253***

(0.086) (0.098) (0.114) (0.074)
Number of children under 6 0.305*** 0.166 -0.026 -0.166**

(0.101) (0.117) (0.090) (0.066)
Number of children aged 6-18 0.203*** -0.080 -0.088 -0.092
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Continuation of Table A.5

Base period covariate Wave 1 Wave 2 Wave 3 Wave 4

(0.068) (0.082) (0.064) (0.065)
Location (base: Rural)

Urban -0.061 0.062 -0.123 -0.336*
(0.255) (0.179) (0.266) (0.173)

Farm 0.533* 0.606* 0.261 0.247
(0.320) (0.321) (0.404) (0.277)

Province & time fixed effects Yes Yes Yes Yes
Pseudo log-likelihood -27 761 214 -29 616 459 -29 246 099 -32 647 150
Model chi-squared (d.f.=129) 1 169.42 1 613.40 2 359.26 2 539.10
Number of clusters 5 908 8 275 10 662 13 472
Observations 22 584 27 219 31 288 35 371

Source: Authors’ own calculations using NIDS Waves 1 to 5.
Notes: *** p<0.01, ** p<0.05, * p<0.1. Standard errors are in parentheses. Standard errors are robust to
arbitrary levels of intra-household correlation and the presence of repeated observations on the same individual.
Data are weighted using post-stratification weights from the base period.
Column title reflects the base wave for each transition.
a Household head education missing is dropped in the Wave 2/Wave 3 transition because of collinearity (it
predicts success perfectly). There are only 48 observations in the estimation sample of the Wave 2/Wave 3
transition that had household head education missing.
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