CEQ INSTITUTE

COMMITMENT TO EQUITY

i Tulane University

(&1 > 4 P .
- .- o 0 ' .

!- A . I -9 % 4 k . 4 - » .

i z..xm:,f_';. F il R . o



The CEQ Working Paper Series

The CEQ Institute at Tulane University works to reduce inequality and poverty through rigorous tax
and benefit incidence analysis and active engagement with the policy community. The studies
published in the CEQ Working Paper series are pre-publication versions of peer-reviewed or scholarly
articles, book chapters, and reports produced by the Institute. The papers mainly include empirical
studies based on the CEQ methodology and theoretical analysis of the impact of fiscal policy on
poverty and inequality. The content of the papers published in this series is entirely the responsibility
of the author or authors. Although all the results of empirical studies are reviewed according to the
protocol of quality control established by the CEQ Institute, the papers are not subject to a formal
arbitration process. Moreover, national and international agencies often update their data series, the
information included here may be subject to change. For updates, the reader is referred to the CEQ
Standard Indicators available online in the CEQ Institute’s website
www.commitmentoequity.org/datacenter. The CEQ Working Paper series is possible thanks to the
generous support of the Bill & Melinda Gates Foundation. For more information, visit

WwWw.commitmentoequity.org.

The CEQ logo is a stylized graphical representation

of a Lorenz curve for a fairly unequal distribution COMMITMENT
of income (the bottom part of the C, below the TO EQUITY

diagonal) and a concentration curve for a very
progressive transfer (the top part of the C).


http://www.commitmentoequity.org/datacenter
http://www.commitmentoequity.org/

CEQ INSTITUTE SOCIAL DISTRESS AND (SOME) RELIEF.
g Y| ESTIMATING THE IMPACT OF PANDEMIC JOB
Tulane University
LOSS ON POVERTY IN SOUTH AFRICA

Thsaan Bassier', Joshua Budlender’, and Maya Goldman'

CEQ Working Paper 123
AUGUST 2022

ABSTRACT

Up-to-date, nationally representative household income/expenditure data are crucial to estimating
poverty during the COVID-19 pandemic and to policy-making more broadly, but South Africa lacks
such data. We present new pandemic poverty estimates, simulating incomes in pre-pandemic
household surveys using contemporary labour market data to account for job losses between 2020
Q1 and 2021 Q4. Improving on much of the existing literature, we use observed rather than
simulated shocks and allow for uneven impacts of the pandemic by employment sector and
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1 Introduction

The COVID-19 pandemic has had a devastating economic impact in South Africa, with a global
economic contraction, behavioural changes, and strict local lockdown measures severely restricting
economic activity. However, while effects on production and employment can be estimated fairly
easily, limited pandemic-period data on incomes and consumption means little is known about the
effects on poverty. In this paper, we seek to fill this gap by combining various data sources to
estimate the impact of employment loss on poverty from the first quarter of 2020 (2020 Q1) to
the fourth quarter of 2021 (2021 Q4).

South Africa introduced a strict physical one-and-a-half-month lockdown on 15 March 2020, and
subsequent economic testrictions lasted until October 2021." The Quarterly Labour Force Surveys
(QLES; Statistics South Africa 2020a; 2021c) report a drop in the 18—60 employment rate from
46.7 per cent to 40.7 per cent over the course of 2020 and 2021, and the South African Reserve
Bank (SARB) reports a decrease in gross national income (GNI) of 17.9 per cent.” However, the
last official South African poverty estimates come from the 2015 Living Conditions Survey (LCS),
and the latest broadly representative national survey with reliable household income measures—
the National Income Dynamics Study (NIDS)—Iast provided an unofficial estimate in 2017
(SALDRU 2018).” The 2020/21 round of the official Income and Expenditure Survey (last
conducted in 2010/11) was postponed due to budget shortfalls and other difficulties associated
with the pandemic (Wilkinson 2020), while an unofficial rapid telephone survey used an income
measure that was not comparable with that of previous surveys and was discontinued due to quality
concerns.*

We provide estimates of pandemic-period poverty by updating the 2015 LCS and 2017 NIDS
household income data using contemporary labour market data from the QLES, the source of
official labour market statistics. The QLFES is collected at a quarterly frequency, which has been
sustained during the pandemic. At the time of writing, the latest dataset released was for 2021 Q4,
which follows the ending of the stricter lockdown measures. While there are many aspects to our
updating procedure, the core of the approach is changing individual employment statuses in the

I'The beginning of the COVID-19 pandemic in South Africa saw the declaration of a ‘National State of Disaster’ on
15 March 2020, and a strict lockdown and the closure of all non-essential economic activity from 17 March. Prior to
the lockdown, the impact on the economy was felt most strongly through a sudden reduction in exports and
international tourism. With the initial ‘level 5’ strict restrictions, all non-essential economic activity that could not be
done virtually ceased. Measures were lowered progressively from 1 May 2020, allowing some industries to reopen, to
the exclusion of all sporting, religious, and cultural events. Where possible, businesses were required to operate from
home and respect different curfews and social distancing measures. Restrictions reached their lowest level, ‘level 17,
on 1 September 2020. They then tightened again with the second wave, before easing back to level 1 on 1 March 2021.
With the third wave they tightened once more, and they only eased back to level 1 again on 1 October 2021. For
details, see The Presidency (2020a, b, c, 2021).

* There was a 7 per cent decrease in gross domestic product (GDP) in 2020—mainly due to the initial impacts of the
pandemic and strict lockdown, and despite growth in the third and fourth quarters of the year. To put this in context,
in 2009 GDP decreased by a comparatively small 1.5 per cent due to the global economic tecession. Only the
agriculture and government sectors experienced some growth over the year (Statistics South Africa 2021a).

? Note that the first wave of NIDS in 2008 was nationally representative, and representativity has been maintained in
subsequent waves as best as possible. See Section 2.1 for more details.

* This was the National Income Dynamics Study—Coronavirus Rapid Mobile Survey (NIDS-CRAM). See Jain et al.
(2020b) for discussion of the income measure and an attendant attempt to measure some poverty impacts in the first
wave of the survey.



LCS and NIDS to match the pandemic employment effects evident in the QLFS, and then
applying attendant changes in incomes. Such data updates necessarily come with assumptions and
uncertainty, and so we conduct several sensitivity tests and comparisons to get a sense of the size
of the uncertainty.

We estimate the change in poverty between 2020 Q1 and 2021 Q4. We give primacy to each of
the three different datasets in turn and compare the results. The first estimates assume the NIDS
Wave 5 to be the best source of data and use the QLFS only to forecast percentage changes in
employment. The second method assumes the LCS 2014/15 to be primary and again uses the
QLFS only to forecast percentage changes in employment. The third method assumes the QLFS
to be the best source of data and forces the NIDS to match the QLES /evels of employment.”

This paper makes several contributions. First, we provide a new set of poverty estimates for South
Africa during the pandemic. Our estimates also go up to the fourth quarter of 2021, while much
of the international and South African literature estimating the poverty impact of the pandemic
focuses on immediate impacts or at most extends to the end of 2020.

Second, we simulate receipt of the state’s attempt to mitigate the shock to the vulnerable by means
of an extensive support package (the Special COVID-19 Social Relief of Distress grant, or Special
COVID-19 SRD). This allows us to approximately estimate the poverty-reducing effect of
the policy.

Third, our updating methodology is an improvement over much of the existing work, in that we
do not impose that the pandemic shock be distribution-neutral, and we apply observed rather than
simulated employment shocks. Existing work using observed and forecasted shocks to GDP
growth typically estimates poverty effects after applying a uniform shock to incomes or
consumption (Bhalla et al. 2022; Decerf et al. 2021; Diop and Asongu 2021; Mahler et al. 2020;
Sumner et al. 2020). This is likely to significantly understate poverty effects, as the pandemic
employment effects have been found to be highly regressive across diverse contexts (Adams-Prassl
et al. 2020; Basole et al. 2021; Higa et al. 2022; Jain et al. 2020Db).

Other work which simulates the poverty effect of the pandemic typically does take into account
the uneven effects of the pandemic, but does not use observed shocks (typically due to data
constraints), and must make assumptions about pandemic impacts across different sectors
(Batletta et al. 2021; Bengoechea 2020; Brum and De Rosa 2021; Cuesta and Pico 2020; Lustig et
al. 2021; Suryahadi et al. 2020; Younger et al. 2020). In contrast, our use of observed shocks not
only likely improves accuracy in general, but in particular allows us to incorporate employment
growth in some sectors and demographic groups. This may be quantitatively important for a shock
like the pandemic that, while employment-reducing in aggregate, also induces significant sectoral
reallocation (Barrero et al. 2020, 2021).

There is other work which applies heterogenous employment shocks using observed data to
estimate poverty. Wheaton et al. (2021) do so in the United States, while Barnes et al. (2021) and
Van den Heever et al. (2021) do so for South Africa. We describe our own method in detail,
perform a variety of robustness and diagnostic checks, and discuss and compare our results
(Section 6.3) and methodology (Appendix 6 to Barnes et al. (2021) and Van den Heever et al.
(2021). We also make our datasets and programs available for other researchers who may wish to

> Note that we also run the method giving primacy to the QLFS data on the LCS 2014/15 dataset, and we find that
the results are very similar to those of the LCS method. For simplicity we do not discuss the method or results here.
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use them, critique them, or improve on them. This is important given that our estimates vary
substantially with variations in assumptions.

Our results vary depending on the dataset and updating methodology used. When not taking into
account the poverty-mitigating effect of the Special COVID-19 SRD grant, we estimate that the
headcount ratio at the upper-bound poverty line (UBPL) increases by between 3 and 5.2
percentage points (equivalent to 1.8-3.1 million people, or 6.8—-12.9 per cent) between the first
quarter of 2020 and the last quarter of 2021. The lowest estimate is produced by matching to QLEFS
levels, and the highest by giving primacy to the NIDS Wave 5 data. The poverty gap at the same
poverty line increases by between 2.5 and 3.8 percentage points (equivalent to 11.7-20.9 per cent).
These estimated poverty increases are solely due to income changes caused by employment
changes—we do not adjust for factors such as government relief programmes, changes in
household composition, or behaviour. The employment loss over the same period in the QLES,
which drives these poverty results, is a drop in the 18—60 employment rate from 46.7 per cent in
2020 Q1 to 40.7 per cent in 2021 Q4.

Our simulation of the December 2021 receipt of the Special COVID-19 SRD by 10 million
recipients suggests that the programme substantially mitigates pandemic employment-induced
poverty.® The rise in the upper-bound headcount ratio between 2020 Q1 and 2021 Q4 is reduced
to between 1.1 and 3.4 percentage points (0.7 to 2 million people), depending on updating method,
while the poverty gap increase is now between 0.2 and 1.5 percentage points.

While the simulated SRD grant substantially mitigates poverty, it does not restore people to pre-
pandemic income levels, with most of its effect taking place at the bottom of the income
distribution. This is evident from how much more effective the simulated grant is at reducing
poverty at the food poverty line (FPL) compared with the UBPL. Without the simulated SRD
grant, the FPL headcount ratio increases by between 3.3 and 4.7 percentage points (equivalent to
2.0-2.8 million people, or 16.8-30.1 per cent) between 2020 Q1 and 2021 Q4, while the poverty
gap increases by between 1.7 and 2.6 percentage points (equivalent to 21-45.6 per cent). With the
simulated SRD, the headcount ratio change ranges from a decrease of 0.3 percentage points
(200,000 people) to an increase of 1.4 percentage points (800,000 people), while the poverty gap
change ranges from a decrease of 0.3 percentage points to an increase of 0.7 percentage points.

Existing estimates in the literature during the pandemic period from Barnes et al. (2021) set the
upper-bound poverty headcount ratio at 52.5 per cent in April 2020, while accounting for
employment loss but not employment gains, and Van den Heever et al. (2021) estimate poverty at
48.9 per cent in Q4 of 2020, accounting for both employment loss and gains but with important
differences to our methodology in other ways (see Section 6.3 and Appendix 6 for a more detailed
discussion).” In Q4 of 2021, we estimate the upper-bound poverty headcount ratio to be between
45.6 and 48.5 per cent depending on the method. Differences in results are due to differences in
both methodology (discussed in Appendix 6) and time period.

Using the NIDS dataset and matching on employment levels in the QLFS, we produce estimates
for Q2 of 2020 (though not strictly comparable with the April 2020 estimate of Barnes et al. 2021)

% Note that we do not simulate the impacts of other relief programmes such as the Presidential Employment Stimulus,
the Unemployment Insurance Fund COVID19 Temporary Employment Relief (UIF COVID19 TERS), or various
‘top-ups’ to existing grants which were implemented during 2020. While this means that our poverty estimates will be
somewhat overestimated during periods when these policies were in effect, the UIF COVID19 TERS and grant top-
ups had been discontinued by the period of our main results, 2021 Q4.

"We compare with their estimates without the Special COVID-19 SRD policy included.
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and Q4 of 2020. These show job-loss-induced poverty to be roughly constant over the less than
two-year portion of the pandemic captured here, if one excludes the effect of the SRD (and other
pandemic-period relief policies; see Section 5.3), with the upper-bound poverty headcount ratio
being 46.7 per cent in Q2 of 2020 and 47.0 per cent in Q4 of 2021 (using the NIDS levels method).
This is consistent with the lack of labour market recovery over this period in the QLFS data.

The paper is structured as follows: we begin by describing the data in Section 2 and the updating
methodology in Section 3. Section 3 is divided into Section 3.1, which describes the income
inflation process; Section 3.2, which describes the demographic updating procedure; and
Section 3.3, which describes how the changes in employment are taken into account. While we
implement and describe three different combinations of base datasets and employment-updating
methodologies in this paper, in order to simplify the exposition in Sections 4 and 5 we choose to
focus on one dataset and method that happens to produce the largest increase in poverty over the
period. In Section 4 we present a set of diagnostic results which compare changes in baseline to
post-simulation employment rates in the NIDS data with changes in the QLFS from 2017 to 2021,
to get a sense of how well the employment-updating method performs and its idiosyncrasies. In
Section 5 we produce substantive results regarding poverty over the pandemic period using the
same data and method. In Section 6 we present the full range of poverty estimates across the
different datasets and updating methodologies, as well as a comparison with existing estimates in
the literature. Section 7 concludes.

2 Data

We work with a combination of three household surveys, namely the NIDS Wave 5, the LCS
2014/15, and the QLFS for several years and quarters, supplemented by other non-survey data.

2.1 National Income Dynamics Study, Wave 5, 2017

The NIDS is the first broadly representative national longitudinal study. It is commissioned by the
Department of Planning, Monitoring and Evaluation within the South African Presidency, and
undertaken by SALDRU. The survey measures, among other things, income, expenditure, assets,
demographics, education and employment, and access to cash transfers and social services (Brophy
etal. 2018). The first wave, collected in 2008, was a nationally representative sample of over 28,000
individuals in 7,300 households. In subsequent waves, non-response, attrition, and population
trends were taken into account as best as possible through a combination of temporary
respondents (who are not tracked over time), the recalibration of cross-sectional weights, and in
the most recent wave, Wave 5, a top-up sample of 2,775 respondents. We work with Wave 5 only,
collected from January to December 2017, which consists of 40,944 individuals in 13,719
households (Brophy et al. 2018; SALDRU 2018).

2.2 Living Conditions Survey 2014/15

The LCS 2014/15 is a cross-sectional survey undertaken by Statistics South Aftrica and consisting
of data on household composition and structure; demographics; and education and employment,
expenditures, and incomes. The most recent iteration was conducted from October 2014 to
October 2015. The survey is designed to be representative at the national and provincial levels and
consists of 88,906 individuals in 23,380 households.

The labour market module is less comprehensive than that in NIDS. It lacks categorical variables
on occupation and sector and data on whether a worker has a formal contract and benefits from



labour market protections such as annual leave, sick leave, or maternity leave (Statistics South
Africa 2017a, b).

2.3 Quarterly Labour Force Survey

The QLFS is a rotating panel survey undertaken by Statistics South Africa. The scope is narrower
than that of the NIDS and the LCS and consists of data on labour market activity, history, and
preferences, demographic characteristics, marital and employment status, education, grants, and
tax. The QLFS is undertaken quarterly; as of writing, the most recently available data were for the
fourth quarter of 2021 (Statistics South Africa 2021d). We use the first quarters of 2015 and 2017
(Statistics South Africa 2015, 2017¢); the first, second, and fourth quarters of 2020 (Statistics South
Africa 2020b, c, d); and the fourth quarter of 2021 (Statistics 2022b). See Appendix 1 for
information on sample size.

2.4 Other data sources

We work with official poverty lines, mid-year population estimates, and consumer price indices
released by Statistics South Africa (2020a, 2021b, 2022a). We calculate growth in yearly per capita
GNI based on statistics released by the SARB in the Quarterly Bulletin.®

3 Methodology

3.1 Income forecasting

We use gross income per person as the welfare indicator in the surveys.” We forecast household
incomes from the original survey year to December 2021. As per a number of studies similarly
estimating the impact of COVID-19 on poverty (for example Lustig and Pabon 2020; Younger et
al. 2020), to forecast income increases for the pre-pandemic period (from the original survey year
up to December 2019) we use the growth in nominal per capita GNI from the national accounts."’
However, while the above-mentioned studies assume no growth in income in sectors over the
subsequent mid-pandemic period, the evidence from South Africa is that for those individuals who
retained employment, earnings kept pace with inflation (Bassier et al. 2021b). From January 2020
to December 2021 we therefore assume wage and income growth equivalent to the growth in the

8 The information is retrievable as a time series using the code KBP6271 in an online statistical query on the SARB
website (SARB 2022).

% Income sources in the NIDS Wave 5 sutvey include labour market income (main and second job, casual wages, self-
employment income, piece-rate income, bonus payments); government grant and other income (state old-age pension,
disability grant, child support grant, foster care grant and care dependency grant, Unemployment Insurance Fund and
workmen’s compensation); investment income from interest and dividends, rent, and private pensions and annuities;
remittances; income from subsistence agriculture; and the value of own production consumed (Brophy et al. 2018).
Income sources in the LCS 2014/15 dataset include salaries and wages; income from business activities and
subsistence farming; rental income; royalties; interest and dividends on shares and income from share trading; receipts
from pension, social welfare grants, and other annuity funds; and alimony, maintenance, and other allowances
(Statistics South Africa 2017).

10We use nominal values in order to produce a dataset that in 2021 will be comparable with 2021 poverty lines and
administrative values for grants and income tax brackets, for example. The studies mentioned here use GDP while we
use GNI; however, the differences are negligible. We also considered using private disposable income as an alternative,
and again find the differences in growth rates to be small enough to ignore.



consumer price index (CPI) of 8.85 per cent (authors’ calculations based on Statistics South Africa
2022a; see Appendix 1 for more details).

One of the well-known challenges for forecasting survey incomes is that not all the growth in the
national accounts is passed through to growth in household welfare in surveys (Ravallion 2001)."
The studies above adjust for this by applying a 0.85 ‘pass-through’ rate, estimated by Lakner et al.
(2020) to be the global average. However, in the same study the authors also implement two
different machine learning methods to determine the relevant variables that affect this pass-
through rate—in theory allowing for a refined pass-through parameter.

Lakner et al. (2020) detect a substantial difference in the pass-through rate for surveys using an
income aggregate (1.01) as opposed to surveys using a consumption aggregate (0.72). However,
while one method generates a pass-through factor of 0.86 for countries in South Africa’s subgroup,
the other generates a pass-through factor of 1.39."> Given the large range in these estimates, the
variable nature of the ratio of survey to national accounts income even within the same survey
series over time (Van der Berg et al. 2007), the fact that we are working with an income aggregate,
and the authors’ acknowledgement that ‘a shortcoming of this method is that its coarseness means
that small changes in underlying data could change the predictions’, we prefer to work with a pass-
through factor of 1—equivalent to the average pass-through rate for surveys using income welfare
aggregates. "’

3.2 Demographic updating

The second stage of the updating process is to account for population growth, which varies across
demographic groups. We reweight the underlying dataset to reflect changes in the demographic
profile of the South African population that occurred between the time of the original survey and
the updating year.

Specifically, we reweight the underlying data so that weighted population proportions for each
province and each age-race-gender interaction match those given in the relevant year’s Statistics
South Africa mid-year population estimates (MYPE). Following the grouping in the MYPE, age is
divided into 17 categories. Together with four racial groups and two genders, this implies 136
interacted age-race-gender cells. This gives 145 dimensions along which population proportions
are adjusted—the 136 age-race-gender cells and the nine provincial categories—plus the

11 Ravallion (2001) identifies four reasons for the divergence, namely: (i) problems in measuring illegal, informal,
household-based, and subsistence outputs in the national accounts; (i) difficulties in separating out certain elements
in the national accounts that do not belong under household income, such as spending in the not-for-profit sector;
(iif) underestimation of top incomes in household surveys; and (iv) the use of different deflators.

12 That is, countries using an income aggregate, with a median income above US$172 in 2011 purchasing power parity
(PPP), with a Gini index higher than 32.246, and which are not in the Europe and Central Asia region.

3 Note that one possible extension to this income inflation method would be to estimate an index of distributional
changes in household income growth per decile or quintile based on previous survey datasets or secondary surveys
and apply these to the GNI growth factor used to inflate income (see, for example, Van der Berg et al. 2007, who use
a similar technique for adjusting surveys to be consistent with the national accounts). For this paper, in the spirit of
keeping our method simple enough to be able to isolate the changes due to datasets versus method versus additional
assumptions, we do not apply this technique here.



requirement that in absolute terms, the weighted national population total in the survey be inflated
to match the total given in the MYPE."

Demographic reweighting along these dimensions is fairly common in the production of South
African household survey data—for example, it is used in the calibration of weights for the
underlying LCS, QLFS, and NIDS datasets, as well as in the SAMOD (South African tax-benefit
Microsimulation Model) dataset updating procedure (Barnes et al. 2021). In terms of the specific
procedure used to accomplish this reweighting, we use the minimum cross-entropy estimation
technique of Wittenberg (2010)."

3.3 Employment updating

The employment-updating procedure introduces changes in individual employment status,
individual employment sector, individual earnings, and thus household incomes.

The centrepiece of our dataset-updating methodology is to account for the dramatic employment
changes associated with the pandemic. We do this by imposing employment status changes in the
(pre-pandemic) base data (e.g., NIDS 2017). To this end, we use the QLFS as the benchmark
indicator of the contemporaneous state of the labour market. This has the advantage of providing
regular quartetly surveys both before and during the pandemic.'

Ouwerall objective and two approaches

We use two different methods of adjusting employment. Before getting into the details of how we
make the adjustments, w