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Abstract

South African household surveys typically contamarsened earnings data, which consist of a
mixture of missing earnings values, point responaed interval responses. This paper uses
sequential regression multivariate imputation tgume missing and interval-censored values in the
2000 and 2006 Labour Force Surveys, and comparesrtgoestimates obtained under several
different methods of reconciling coarsened earnidgsa. Estimates of poverty amongst the
employed are found not to be sensitive to the dsth@ multiple imputation approach, but are

sensitive to the treatment of workers reporting z=rnings. Including workers who plausibly report
zero earnings, the proportion of workers earnirgs than R500 per month falls by almost a third
between 2000 and 2006.
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1 Introduction

Household surveys usually contain earnings dataateacoarsened, in that some earnings values are
missing through item non-response, while earniregpaonses consist of both point and interval
values. This makes it difficult to construct a tonous earnings variable with which to analyse
poverty and inequality. Empirical studies on pdyemnd inequality in South Africa typically ignore
the missing data, and combine point observationls imterval midpoints to create a single earnings
variable. However, both of these approaches aklgmatic. By ignoring missing data, researchers
implicitly assume that the data are missing congfeit random; if they are not, the resulting
estimates will be biased. Second, using intervdpoints ignores the distribution of earnings withi
intervals; any subsequent distribution-based estisnaill thus be biased.

Imputation provides a means of utilising data thie subject to item non-response, by assigning a
plausible value to missing data. In addition, mplgtimputation techniques enable the researcher to
generate standard errors that properly reflectuheertainty involved in the imputation process.
Using this methodology thus enables the reseatoheonstruct a continuous earnings variable from
coarsened data, and to use it to analyse povemysland trends, while acknowledging the additional
uncertainty arising from the use of imputed data.

The remainder of the paper is structured as folloWse next section briefly reviews the literatore
data coarsening, outlining how it affects earniagémates. Section 3 considers the methodology of
multiple imputation, and how it differs from theuas methods applied to coarsened earnings data in
South African household surveys. Section 4 presté® data used in the analysis. Section 5 present
the empirical estimates of rates of poverty amottgsemployed. In particular, this section compare
the poverty estimates that result from using sé#fierent methods of dealing with coarsened data.
Section 6 presents some descriptive statisticeval$ and trends in poverty amongst the employed,
using the multiply-imputed datasets. Finally, sBct7 concludes and explores the implication of
these findings for the estimation of poverty in Boéfrica.

2 The problem of missing and coarsened data

Survey data are frequently incomplete, in that sofmgme observational units comprising the sample
do not respond to one or more of the parts of tlestionnaire. When the available (observed) data
are analysed as if they make up the complete samggearchers implicitly ignore the mechanism
which created the missing data. In addition torei@sed precision that results from analysing a
smaller dataset, resulting inferences may alsadeed if the observed data differ systematicalhyrfr
the unobserved data.

There are several different ways that non-respéorsa variable can be generated, as categorised by
Rubin (1987). The data are said to be missing ¢etely at random (MCAR) if the missingness
depends on neither the observed nor the unobsémisding) data. The missing data on a particular
variable thus constitute a simple random samplihalf variable. If the missingness depends on the
observed data, but not on the unobserved data thieedata are said to be missing at random (MAR).
Under both MCAR and MAR, the missing-data structisrggnorable, since inferences can be drawn
on parameters of interest without knowing the reatfrthe missingness mechanism.

If the missingness depends on both the observediaobserved data, such that the probability of a
value being missing depends on the unobserved uskel& even after conditioning on the observed

values, then the data are said to be missing nanalom (MNAR). In such cases, the missingness
mechanism is non-ignorable, in that it must be nak&#o account when drawing inferences on

parameters of interest.

If the data are MCAR, analysis of the observed daligoroduce unbiased estimates of parameters of
interest, but there will be some loss of precisinbnaccordance with the smaller sample size.
However, MCAR is extremely unlikely in practice (ant, 2005). If the observed data are analysed
as if they comprise the complete dataset when #ia dre MAR or MNAR, resulting parameter



estimates may be biased substantially. The extetite bias is a function of the fraction of migpin
data (Lacerdet al, 2008: 61).

In addition to data that are entirely missing, datarsening is also common in surveys. Data agde sa
to be coarsened when they contain some combinafigoint (actual) responses, interval (bracket)
responses and missing values (item non-respoi3&p on income, assets and earnings in household
surveys are often coarsened because survey insitsipeovide bracketed response options in order
to reduce information that would otherwise be tbsbugh item non-response (Heeriregaal, 1997).
However, such data are complex for researcher®tk with, as it is difficult to combine the differe
types of data values into a single monetary meastveellbeing. The mechanism which generates
the data coarsening has similar properties to tiesingness mechanism; if data are coarsened at
random (CAR), then the mechanism which generatesniierval censoring and the missing data is
ignorable (Heitjan and Rubin, 1991). However, galthe data are coarsened completely at random,
analysing only the uncoarsened portion of the détaesult in biased parameter estimates.

3 Imputation methodology

Imputation is the process by which missing datafifleel in using plausible values, so that techiigju
developed for analysing complete datasets can &e. uSingle imputation involves replacing each
missing value with a single predicted value, tcateea single complete dataset. Examples of single
imputation methods include mean substitution, egiom imputation and hotdeck imputafion
However, the fundamental flaw underlying single utgtion techniques is that they fail to take into
account that imputed values are more uncertain ¢ébaerved values. Thus the standard errors of any
estimates that are subsequently obtained fromitigeysmputed dataset are likely to be understated,
in that they do not reflect this additional uncerya (Rubin, 1987).

Multiple imputation involves applying a stochasisputation model to the missing data problem.
The model is appliech times, creatingn plausible datasets, and thus multiple imputatimdpces a
distribution of imputed values which reflects thecertainty involved in the imputation process.
Estimates of interest obtained separately from eddhem imputed datasets are then combined as
follows, using Rubin’s rules (Rubin, 1987). L@t represent the estimate of interest from ithe
imputed dataset, and Ie% represent the variance of that estimate. Theroweeall combined point
estimate is given by

6 = irlei /m
and the variance of the combined estimate is diyen
T=U+@+m™")B

whereU = in;lUi/m is the average within-imputation variance d8d& irzl(Qi - C_))Z/(m— A

is the between-imputation variance. For large daspghe estimate oﬁi 196VT provides a 95
percent confidence interval Q.

This paper uses a particular multiple imputatiarhieque developed by Raghunatledral (2001) for
imputing missing values within a complex data due, when the data are MAR. Called sequential
regression multivariate imputation (SRMI), the neetlcan be used to impute both data values that
are entirely missing, and those that are knownetdobated within a particular interval. The method
is used not only to impute coarsened earnings dataalso simultaneously imputes missing values of
other variables that will be used in later analysis

The SRMI method proceeds as follows. The variatdse used in the imputation model are ordered
from the least to the most amount of missing valuest the matriXX represent all variables that are
fully observed, while Y,...,Yy represent the ordered variables that contain ngssalues. The first

% For a review of imputation techniques, see fomeple, Durrant (2005) and Lacerdaal (2008).



imputation begins by regressing ¥n X, and imputing values for (Yusing random draws from the
appropriate predictive distribution for,Y For example, a normal linear regression modelsisd
when Y, is a continuous variable, a logistic model wherisYbinary, and a polytomous logit model
when Y, is categorical. An interval regression modeldsdito impute values for variables containing
both missing and interval values, following a trated normal distribution when interval values are
reported, and a normal distribution without bountt&n values are missing.

Since its missing values have now been imputedisYappended to the set of predictor variables.
Thus Y; is now regressed ox and the imputed ¥ and values are imputed fop,Yand so on until all

Y variables have been imputed using all previousiguted variables as covariates. The imputation
process is then repeated, updating the regressi@metersy with parameters drawn from the now-
complete distribution. This cycle is repeated lut& imputed values and parameters converge to a
stable distribution. This produces the first ingglitdataset. The entire procedure is then repeated
times, to producen imputed complete datasets. Estimates of inteaest, their standard errors, are
produced using Rubin’s rules, as outlined above.

4 Data

This study makes use of data collected by the LaBouce Surveys (LFSs) of September 2000 and
September 2006. The LFSs are chosen because afotisstency of the survey instrument in
collecting labour market information across timdsing the 2006 survey allows recent estimates of
poverty to be made, while using the 2000 survegva!for a sufficient time period over which to
assess trends in poverty. Additionally, this timeriod encompasses a number of important
legislative developments which can be expectedawethad an impact on the functioning of the
labour market, and hence on poverty amongst thdogegh In particular, as a result of the 2002
amendment to the Basic Conditions of Employment, Aotnimum wage determinations were
extended to a number of sectors in which workesslitionally have been vulnerable (such as
domestic work and agricultural wage employment)hergfore the extent of poverty among the
employed, and particularly the wage employed, aaexpected to have declined over this time.

The international literature generally defineswurking poor as “those who wodndwho belong to
poor households” (Majid, 2001: 2; emphasis in o). However, by identifying poverty at the
household level, this definition conflates the &zge of the individual worker with the earned and
non-earned income of other members of the housel@idnges in the poverty status of an individual
worker may then result from changes in his/hervidtial earnings, changes in the income of other
household members, or changes in the compositidineofiousehold. Given the substantial increases
in social transfers and the changes in househaddrdics in South Africa over the study period, the
effectiveness of the labour market in redistribgitimcome to the bottom tail of the earnings
distribution would be obscured by such a definition

This study instead defines the working poor asdhosdividuals who work but whose earnings are
insufficient to lift them above an individually-deéd poverty line. The advantage of such a
definition of the working poor is that it enables analysis of how interactions between the labour
market and the characteristics of the individu#teeto his/her poverty status at different points
time. The disadvantage of using this definitiothiat it does not consider income-pooling withie th
household, and thus can say nothing about how twerty status of households is affected by
changes in the earnings of individual members. réfoee this study in fact amounts to a study of
low-earning workers, rather than a general studyookrty.

This study uses two poverty lines, in order to ssgbe effects of imputation of coarsened data on
differently-specified poverty lines, and to assthgsextent of changes in poverty at different point

the earnings distribution. The first poverty liseset at R150 per month at real 2000 prices. This
poverty line corresponds approximately in 2006h® lhoundary between the second (R1 — R200) and



third (R201 — R500) earnings brackets in the LE@®n the brackets are converted into real t&rms
Although this poverty line has been chosen foretationship with the earnings bracket, it is close
value to the $2 per day international poverty liwhich amounts to R159 in 2000 prites

The second poverty line is set at R500 per morithea 2000 prices. This poverty line corresponds
to a value slightly below the midpoint of the fdugarnings bracket (R501 — R1000) in 2006, when
converted into real terms. This poverty line reprégs an earnings value approximately 25 percent
higher than the household subsistence level pdt equivalent (Potgieter, 1999) in 2000 prices.

The extent to which earnings data are coarsentittiBeptember 2000 and 2006 LFSs is illustrated in
Table 1. While most individuals have earnings reggbas a point figure (that is, a single numerical
value), the proportion of workers with such an eags value falls between the two surveys, and a
growing proportion of workers report their earnirgsa bracket figure only. In addition, a subgsént
but decreasing proportion of workers report thatthave zero earnings, while a growing proportion
of workers report no earnings information. Anatgsionly workers with (positive) point earnings
information would imply that other information froB2 percent of workers in 2000, and 33 percent of
workers in 2006, would be ignored. Even if justrkeys with zero and missing earnings information
are excluded from the analysis, more than 10 peroérthe sample of workers is lost. Thus
implementing methods for dealing with coarsened @aiables a much greater proportion of the data
to be analysed than would otherwise be possible.

Table 1. Type of earnings value reported by thepboged

Proportion of all employed: 2000 2006
Point response 0.776 0.667
(0.006) (0.0112)
Bracket response 0.107 0.231
(0.005) (0.010)
Zero earnings 0.079 0.035
(0.004) (0.005)
Missing (includes responses 0.038 0.067
‘Don’t know’ and ‘Refuse’) (0.002) (0.006)

Source LFS September 2000 and 2006
Notes Standard errors in parentheses
All estimates are weighted to population levelsigsieights provided by StatsSA

5 Poverty estimates, by method of estimation

There has been considerable research and debdévels and trends in poverty and inequality in
post-apartheid South Africa. The issue of whefiarerty and inequality have increased or decreased
since the advent of democracy is of great impodasince it goes to the heart of the effectiveinéss
government’s social and economic policies. Thergeree of nationally representative household
surveys as a data source from 1993 onwards provielsshrchers with a wide variety of data with
which to conduct such studies. Although there dassiderable variation in the data sets used,
including the Census (Ardingtogt al, 2006; Leibbrandet al, 2006), October Household Surveys
(Meth and Dias, 2004; Leibbrandt al, 2005), Income and Expenditure Surveys (Leibbradl,
2005; Hoogeveen and Ozler, 2006), Labour Force eygr¢Meth and Dias, 2004; Leibbrarettal,
2005) and, more recently, the All Media and Progl@urveys (van der Besd al, 2006; van der Berg

et al, 2008), most researchers use household incomegriginy both earned and unearned income, or
household expenditure, as a measure of wellbeMgst authors focus on the 1995 to 2000 period,
and find that inequality rises, but that the dii@ttand extent of any change in poverty is depeinden

% Using the average CPI for metropolitan areas 80620f 1.34 (Statistics South Africa, 2007)
“ Converted from US dollars to South African Ransimg purchasing power parity of $1 = R2.65 in 2000.



on the poverty line used. For the more recentopenvan der Bergt al (2008) find that poverty,
based on per capita income data from the AMPSdeaeased since 2000.

Amongst these studies, Ardingtehal (2006) is the only one which multiply imputes nitigsincome
values. They work mainly with the Census 2001 ,datal find that income data are missing for 16
percent of individuals, while a large (but unspiedj proportion of individuals have zero recorded
incomes. They therefore apply the SRMI techniquéntpute income values for these individuals,
and then sum individual income across each houdednodl divide by household size, in order to
analyse income per capita. They find that SRMIhods produce higher estimates of mean per capita
income, and lower estimates of poverty rates, tWahout using imputation. However, income
values in the Census are collected only in brackEts the majority of their paper, the authorsgiss
each individual the midpoint of their income bracks their point income. Although they then test
the sensitivity of their estimates of poverty amedquality to this approach, they do not do so by
applying interval regression SRMI. Rather, thestritbute income within each bracket according to
the empirical distribution of individual income frothe Income and Expenditure Survey conducted in
the same year. However, since the IES data aseantiected at five-yearly intervals, this techrequ
is not applicable to the LFS data used in the pitestudy. Ardingtoret al (2006) find that their
estimates are not very sensitive to the methodieppb incomes reported in brackets. Overall, they
find that poverty and inequality rise between 128@ 2001, which confirms the results of other
literature which uses these datasets without parfaultiple imputation.

In contrast to the wealth of studies using incomeexpenditure data, relatively few studies focus
specifically on the role of earnings in changegpaverty or inequality. Leitet al (2006) analyse
trends in earnings inequality, but not poverty,taf2004, while Cichellet al (2001; 2005) analyse
earnings dynamics using panel data, but only antohfyjeans in KwaZulu-Natal and not focusing
specifically on the working poor. Estimates of thember of the working poor at particular points in
time are contained in Casadé al (2004) and in Posel and Casale (2005) as partvwatler study of
other issues. They find that the number of theleyga who fall below a poverty line of $2 a day in
real terms (2000 prices) more than doubles betvi®®b and 2003. The present study therefore
investigates more thoroughly how the incidence afgoty amongst the employed has changed since
2000, and briefly examines some factors that mayritute to the employed being poor.

The estimates of poverty amongst the employedigsiiction are presented in two broad categories.
In the first category, all missing earnings valaes excluded, and interval midpoints are used as
estimates of earnings for those who report theiniegs in a bracket. In the second category, a
multiple imputation approach is used progressitelproduce estimates of interval, missing and zero
earnings values.

In order to impute earnings values, SRMI was cdrioeit including standard earnings equation
covariates in the imputation model Thus missing values for variables such as ageking hours
and education were imputed as part of the prodessputing earnings. Of particular interest foisth
study, the natural logarithm of monthly earningssvirmputed using interval regression, in order to
deal simultaneously with point observations, indéweensored observations, right-censored
observations and missing observations.

Table 2 outlines the approaches within each oftwte categories in terms of how interval, missing
and zero earnings responses are treated, andf¢lce @feach approach on the sample size and on the
mean of the natural logarithm of earnifigsr the LFS 2006. The sample size of the emmlpwéden

only point and interval earnings responses areiderei (approach A), is 24 097. Including all
workers who report zero earnings (B) increasesstiaple size to 25 567, and decreases mean

® Multiple imputation was implemented in Stata usthg add-on function ice, with each of the five tiply-
imputed datasets being produced using ten cyclé® resulting multiply-imputed datasets were arelyssing
the add-on function mim.

® Earnings are imputed in logarithmic form, therefdre mean is also presented in log-form.



earnings. Excluding workers for whom zero earniagsimplausible (C) lowers the sample size, and
raises mean earnings, slightly. Using SRMI interegression to impute interval values (D), rather
than using interval midpoints (A), makes littlefdilence to mean earnings, but imputing earnings for
workers with missing earnings data (E) raises lbthmean and the sample size. The sample size
reaches its maximum when both zero earnings andtedpvalues for missing earnings are included.
Treating all zero responses as genuine (F), allahises to be imputed (G) or according to their
plausibility (H) affects mean earnings substantjaliut the full sample size is maintained in each
case. Table 1 suggests that the way in which werlho report zero earnings are treated by the
study has a much larger effect on the earningsiloigion than the imputation of missing and
interval-censored earnings data.

Table 2. Approaches to the treatment of differéyppes of earnings responses
Treatment of earnings responses

Interval Missing

Sample  Mean of

Zero responses size  In(earnings)
responses responses
A Midpoints Omitted Omitted 24 097 ((7)822)
Approaches 6.999
without B Midpoints Omitted All included 25 567 (0.076)
imputation 7'012
C Midpoints Omitted Plausible zeroes included 25 502 (0'074)
D Imputed Omitted Omitted 24 097 ((7)823)
E Imputed Imputed Omitted 25294 (ggj;)
Approaches 7 056
using F Imputed Imputed All included 26 764 (0'077)
SRMI . 7.293
G Imputed Imputed All imputed 26 764 (0.050)
Plausible zeroes included; 7.081
H Imputed Imputed implausible zeroes imputed 26 764 (0.074)

Source of estimatekFS September 2006
Notes Standard errors in parentheses
Estimates of mean earnings are weighted to populégivels using weights provided by StatsSA

The distribution of log real monthly earnings ireth006 LFS, and the effects of multiple imputation
on this distribution, are presented in the kerreisity estimates in figures 1 anfl 2Without using
SRMI, the kernel exhibits ‘bumps’ representing #flecation of the earnings value at the midpoint of
the interval to workers who report their earningsibracket. For example, the natural logarithm of
the midpoint of the R1 — R200 earnings bracketyeded into real terms, is 4.3, which is the lomati

of the first ‘bump’. The main effect of the SRMirfinterval and missing data is thus to smooth the
kernel, by applying a truncated normal distributioninterval-censored earnings values.

The application of SRMI produces quite differenstdbutions of earnings for workers who do not
report earnings, workers who report zero earniagd, workers who report interval-censored or point
earnings. Figure 2 illustrates that imputed valfies workers who report zero earnings are
substantially lower, and less widely dispersednthmaputed values for other workers, although the
imputed values nevertheless lie considerably alm@re. Imputed earnings values are highest for
workers with missing earnings information, whickcansistent with the finding of other authors that
workers who do not report their earnings are oldesre educated, and more likely to be white and
living in an urban area, all of which are chardstas that are associated with higher earningsesl
(Posel and Casale, 2005).

" All density estimates use an Epanechnikov keare, the Silverman (1986) rule-of-thumb bandwidflecter.



Figure 1. The distribution of earnings, without ahwith imputation, in 2006
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Figure 2. The distribution of imputed zero, misgrand interval-censored earnings, in 2006
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51 Poverty estimates, without using imputation

The most common method used by researchers todigepoint and interval earnings data in South
African household surveys is to assign intervgboesients an earnings value equal to the midpoint of
the interval €f. Leibbrandtet al, 2006; Leiteet al, 2006). This method is used in this paper for all
three of the approaches that do not use multipfeutation. It is not possible to use the empirical
intra-band allocation approach of Ardingtenal (2006) since the IES data are only collectedweg-fi
yearly intervals, and are thus not compatible hih biannually-collected LFS data.



However, there is a further issue to consider whenstructing an earnings variable, in that a
substantial proportion of the employed report thaty earn zero income. As shown in Table 1, the
proportion of all workers who report non-zero waidcihours but zero earnings is 7.9 percent in 2000
and 3.5 percent in 2006. Since the Labour Forceeguguestionnaire asks respondents to report their
total salary at their main job, but does not ineladprompt for payments in-kind, individuals who do
not receive a cash wage, such as those engagatisistence agriculture or working without pay in a
family business, are likely to report zero earningBhe level of scepticism with which workers
reporting non-zero working hours but zero earnagstreated, and hence whether such zero earnings
values are included in the analysis, makes a sufistdifference to estimates of poverty.

This study takes three approaches to the treatofeméro earnings. The first (approach A) is to

condition the estimates on positive earnings begpgrted, thus excluding all individuals who report

zero earnings. This is the most common approaeld by researchers working with the October

Household Surveys and Labour Force Surveys. liseéhend approach (B), all reported zero earnings
values are treated as being the genuine earningsost individuals. In the third approach (C),

individuals who report zero earnings are includedhe poverty estimates only if it is regarded as
‘plausible’ that they earn no cash wage. In tlppraach, earning a wage of zero is considered
plausible if, when answering the question “In thstlseven days, did ... do any of the following

activities, even for only one hour?”, the indivitloaly performed unpaid tasks, such as working in a
household business or in subsistence agricdlture

Table 3 shows the results of these three approack@enditional on positive earnings, 335 000
workers earn less than R150 per month (in real 20@@s) in 2006, amounting to 2.9 percent of all
workers. 1.8 million individuals, or 15.7 perceritworkers, earn less than R500 per month. These
estimates can be regarded as a lower bound forrfgoaeeach poverty line, since they exclude all
workers reporting zero earnings. When all suchkexs are included, the number of the working
poor rises by 510 000, resulting in the poverty régig to seven percent at the lower poverty line,
and 19.3 percent at the upper line. These estintate be regarded as an upper bound for poverty at
each poverty line, since they include as poor altkers reporting zero earnings. Since most reports
of zero earnings can be regarded as plausiblejdimgy only workers with plausible zero earnings
produces estimates that are very similar to theuppund.

Table 3. Poverty amongst the employed estimatethomi using imputation, by method of
treatment of zero earnings
Approach
A B C

(positive earnings . (incl. plausible
) (incl. all zeroes)
Poverty Line 1: R150 per month only) zeroes)
Working poor (‘000s) 335 845 822
(66) (190) (184)
Headcount ratio 0.029 0.070 0.068
(0.002) (0.007) (0.007)
Poverty Line 2: R500 per month
Working poor (‘000s) 1815 2325 2302
(332) (455) (449)
Headcount ratio 0.157 0.193 0.191
(0.010) (0.014) (0.013)

Source LFS September 2006
Notes Poverty lines in real 2000 prices
Standard errors in parentheses
All estimates are weighted to population levelsigsieights provided by StatsSA

8 Specifically, individuals with zero earnings whave only responses d), e) or f) to question 2.1



5.2 Multiple imputation of interval and missing eamings values

In this section, sequential regression multiple utagion (SRMI) is used to impute earnings values.
Throughout this section, interval regression isduse impute earnings values for the bracket
responses, but several different approaches ark fosendividuals with missing or zero earnings.
This allows for comparison with the unimputed esties. Table 4 presents the estimates of poverty
rates, conditional on positive earnings being rigubr In the first column of results (A), the esiies
without using imputation from Table 3 are repeated,comparison purposes. In the second column
(D), earnings values are imputed for the brackspaoases, but not for missing earnings. In thalthir
column (E), earnings values are imputed for boghhitacket and missing earnings responses.

Table 4. Poverty amongst the employed, by extémbwitiple imputation

Approach
A D E
(without (imputation for
imputation; (imputation for ;
L : intervals and
midpoints for intervals only) missing data)
Poverty Line 1: R150 per month intervals)
Working poor (‘000s) 335 335 367
(66) (66) (72)
Headcount ratio 0.029 0.029 0.030
(0.002) (0.003) (0.003)
Poverty Line 2: R500 per month
Working poor (‘000s) 1815 1891 2 007
(332) (347) (365)
Headcount ratio 0.157 0.164 0.162
(0.010) (0.011) (0.011)

Source LFS September 2006

Notes Poverty lines in real 2000 prices
Standard errors in parentheses
All estimates are conditional on positive earnibging reported and are weighted to population fevel
using weights provided by StatsSA

Table 4 thus compares the imputation of interval amssing earnings values, to the use of interval
midpoints. Since the poverty line of R150 per rhordrresponds to the boundary between the second
and third earnings brackets, imputing values ferittiervals (approach D) produces exactly the same
estimate of the number and rate of poverty as ugiagnterval midpoints (approach B). However,
using the midpoint method assigns the same valuevéoyone in a bracket, while using interval
regression imputation produces a truncated norisgilzlition within the bracket. Thus the estimate
of the depth of poverty would differ by techniqaéthough the poverty headcount does not. There is
a difference in estimates between the two techsiqtithe R500 poverty line, since this line intetse
the fourth earnings bracket. The midpoint of thiacket, R560, is greater than the poverty linesth
all individuals reporting earnings in the fourthabket are classified as non-poor by the midpoint
technique. Using imputation, some individuals franthin this bracket are classified as poor and
others as non-poor. Thus the poverty rate estomageng the imputation technique is slightly higher
at 16.4 percent, than using the midpoint techniguel5.7 percent. The extent to which poverty
estimates are affected by using interval regressither than bracket midpoints, to impute interval
responses thus depends on the extent to whictotrety line bisects an earnings bracket.

Approach E presents poverty estimates when bo#nvat and missing earnings values are imputed.
Approximately 32 000 of the 848 000 workers with ririgsearnings data are classified at the very
lower end of the imputed earnings distribution, levta further 84 000 workers earn between R150
and R500 per month. Thus excluding workers wittssinig earnings data by using the non-
imputation approach under-estimates the poverty bgt0.1 percentage points at the lower poverty
line, and by 0.5 percentage points at the uppeenppline.



One of the major contributions of multiple imputeti methods, compared to single imputation
methods, is that it provides standard errors thaperly reflect all sources of uncertainty in the
calculation of estimates. Thus although the sarmsize is larger for the imputation approaches than
the non-imputation approaches, the standard ear@rslso larger, reflecting variability amongst the
imputations. Although the approaches that use Spttiiuce larger estimates of poverty amongst the
employed than the non-imputation methodology, nohdhe estimates differ by more than one
standard error. Thus, conditional on positive g® being reported, multiple imputation of intdrva
censored and missing earnings data does not praglgodicantly different estimates of poverty
amongst the employed than the traditional non-imfarn methodology.

In Table 5, estimates of poverty amongst the engaa@re presented in which SRMI is again used for
both interval and missing earnings data. Howether estimates now differ according to the treatment
of zero reported earnings. Imputing earnings \alte all workers who report zero earnings
(approach G), rather than taking all such earnuafiges at face value (F), roughly halves the number
and proportion of workers who earn less than RI&0hwonth. Imputing values only for workers who
implausibly report zero earnings results in amested 6.3 percent of workers earning less than R150
per month, and 18.7 percent earning less than RBOGNonth. These estimates are quantitatively
similar to the figures of 6.8 and 19.1 percent eesipely at the two poverty lines, produced without
using imputation (approach C). Once again, nont®fSRMI estimates is significantly different to
its corresponding non-imputation estimate.

Table 5. Poverty amongst the employed, by methodhgiutation of reported zero earnings

Approach
F G H
(all zeroes (all zeroes (implausible zeroes

Poverty Line 1: R150 per month included) imputed) imputed)
Working poor (‘000s) 877 425 815

(195) (93) (182)
Headcount ratio 0.068 0.033 0.063

(0.007) (0.003) (0.007)
Poverty Line 2: R500 per month
Working poor (‘000s) 2517 2281 2415

(486) (445) (470)
Headcount ratio 0.195 0.177 0.187

(0.014) (0.014) (0.014)

Source LFS September 2006
Notes Poverty lines in real 2000 prices
Standard errors in parentheses
All estimates are weighted to population levelsigsieights provided by StatsSA

Which of the approaches presented above produeesdht’ poverty rate at a given poverty line? It
depends largely on what the researcher believestabe validity of zero earnings values. What is
important is that the way in which workers who repgero-earnings are treated is consistent with
how workers who report positive earnings are tikat8ince workers are not prompted to report in-
kind earnings, the value of reported earnings wstdegs total remuneration fadl workers who
receive in-kind benefits, regardless of whethemot they also receive cash wages. Thus, for the
remainder of this study, workers who plausibly mpero earnings are included in the poverty
analysis, since reported earnings consists onlycash earnings for workers reporting positive
earnings too. However, although estimdtmeelsof poverty are different if zero earnings are tieda
differently, the direction of povertyendsis robust to the method of treatment of zero eai
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6 Trends in poverty amongst the employed

There have been substantial changes in the lageskaamework of the South African labour market
since the end of apartheid, aimed at setting mimnamployment standards, regulating organised
bargaining and redressing discrimination. As aultespoverty amongst the employed, and
particularly the wage-employed, can be expectedaie declined. However, labour market trends
over this period may have acted to distribute sgams unevenly amongst the employed. The
feminisation of the labour force, growing unempl@nty informalisation of work and growth in self-
employment suggest that some types of workers mayrdwded into self-employment or jobs in the
informal sector which are not covered by the nayislation.

The kernel density estimate in figure 3 supportsséhconjectures. There is an unambiguous
improvement in real earnings between 2000 and Zo®6those at the bottom of the earnings
distribution. However, the log earnings distriloati also narrows over time, such that lesser
improvements in earnings are achieved higher uperdistribution.

Figure 3. The distribution of real log monthly eaings, 2000 and 2006

v:_

3
1

Kernel Density
2
1

T
2 4 6 8 10 12 14
Log of real monthly earnings

Source: LFS 2000 and 2006
Note: Estimates are weighted to population levels

2000  ====e==-- 2006

Poverty rates amongst the employed estimated &reiift poverty lines further illustrate these
changes. Table 6 below presents estimates ofuiimbder and proportion of workers earning less than
R150 and R500 per month respectively. ApproxinyateB million workers earn less than R150 per
month in 2000, with an additional 2 million earnibgtween R150 and R500 per month. However,
the rate of poverty amongst the employed declinbstantially between 2000 and 2006. Both the
absolute number and the proportion of low-earnigkers declines between the two years, by more
than 40 percent at the lower of the two povertgdirbut to a smaller extent at the higher povamsy. |
Thus, on aggregate, workers are better off in 2006 they were in 2000, but the improvement is
larger at the very bottom of the earnings distiruthan it is higher up in the distribution.

Part of the observed decrease in poverty is ataiide to the decline in the reporting of zero aagai
between 2000 and 2006. Conditional on positiveiegs being reported, the decrease in the poverty
rate is approximately half the size of that repditetable 6. However, the poverty rate amongst th
employed is nonetheless significantly lower in 2@@&n it was in 2000.
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Table 6. Poverty levels and trends, 2000 and 2006

Poverty Line 1: R150 per month 2000 2006 Change (%)
Working poor (‘000s) 1387 815 -41.2
(65) (182)
Headcount ratio 0.114 0.063 -44.4
(0.005) (0.007)
Poverty Line 2: R500 per month
Working poor (‘000s) 3304 2415 -26.9
(89) (470)
Headcount ratio 0.271 0.187 -30.8
(0.007) (0.014)

Source LFS September 2000 and 2006
Notes Poverty lines in real 2000 prices
Standard errors in parentheses
All estimates are weighted to population levelsigsieights provided by StatsSA

Differences in the decline in poverty at differ@uaints in the earnings distribution suggest thatnga
may be unevenly distributed amongst different gsoopthe employed. This is indeed the case, as is
summarised here across two dimensions, namely gdocand sector of employment. The
descriptive statistics in the remainder of the papse the R500 per month poverty line, as this line
captures a larger number of low-earning workers thaes the lower poverty line.

Education can be expected to offer protection agdiow earnings, and this is reflected by the
proportion of workers who earn less than R500 pentim being lower at each successively higher
level of education, illustrated in table 7. In dgich, there is a substantially greater declinelia
poverty rate between 2000 and 2006 amongst thos&ergowho have completed Matric, than
amongst workers with less than a Matric education.

Table 7. Poverty amongst the employed, by highestl of education completed

Education level 2000 2006 Change (%)
None Number (‘000s) 656 374 -43.1
(28) (86)
Headcount ratio 0.597 0.507 -15.0
(0.015) (0.022)
Grade 1-7 Number (‘000s) 1381 881 -36.2
(45) (188)
Headcount ratio 0.436 0.364 -16.6
(0.010) (0.017)
Grade 8-11 Number (‘000s) 934 866 -7.3
(33) (162)
Headcount ratio 0.258 0.214 -17.2
(0.008) (0.015)
Matric Number (‘000s) 275 260 -5.5
(21) (46)
Headcount ratio 0.117 0.073 -37.5
(0.008) (0.006)
Diploma/Degree Number (‘000s) 57 35 -39.1
(7) (8)
Headcount ratio 0.029 0.016 -44.0
(0.003) (0.003)

Source LFS September 2000 and 2006
Notes Poverty lines in real 2000 prices
Standard errors in parentheses
All estimates are weighted to population levelsigsieights provided by StatsSA
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However, these changes occur against a backdrafsinf) average education levels amongst the
employed as a whole. Thus education, and secorstdrgoling in particular, in fact offelgss
protection against low-earning work in 2006 thadid in 2000. While more than 60 percent of low
earning workers have no schooling or primary edanabnly in 2000, the proportion of low earning
workers who have an education level of grade edgttigher rises by ten percentage points during
this six year period.

Poverty rates would also be expected to vary sotiatly according to the sector in which the
employed work. Less than 20 percent of wage-engaglayorkers earn less than R500 per month in
2000, while more than 50 percent of self-employedkers do so. In addition, the poverty rate falls
to a greater extent amongst the wage-employed #maongst the self-employed, such that the
proportion of low earning workers who are self-eaygld rises from 46 percent in 2000 to 49 percent
in 2006. The poverty rate drops by almost a halbagst workers who can be expected to benefit
most from improvements in labour legislation: wageployed workers in the formal sector. In
contrast, the drop in the poverty rate is smallesbngst self-employed workers in the informal
sector, who thus make up a rising proportion ofviloeking poor over time.

Table 8. Poverty amongst the employed, by type sewor of employment

Employment type 2000 2006 Change (%)
All wage-employed Number (‘000s) 1785 1244 -30.3
(53) (234)
Headcount ratio 0.190 0.121 -36.2
(0.006) (0.009)
Formal sector  Number (‘000s) 747 460 -38.4
(34) (95)
Headcount ratio 0.100 0.054 -45.5
(0.005) (0.006)
Informal sector Number (‘000s) 1038 784 -24.5
(34) (143)
Headcount ratio 0.539 0.430 -20.3
(0.011) (0.019)
All self-employed Number (‘000s) 1518 1171 -22.9
(67) (244)
Headcount ratio 0.543 0.447 -17.7
(0.014) (0.025)
Formal sector  Number (‘000s) 80 45 -44.0
(10) (16)
Headcount ratio 0.133 0.068 -48.8
(0.016) (0.019)
Informal sector Number (‘000s) 1438 1126 -21.7
(65) (234)
Headcount ratio 0.656 0.574 -12.4
(0.013) (0.025)

Source LFS September 2000 and 2006
Notes Poverty lines in real 2000 prices
Standard errors in parentheses
All estimates are weighted to population levelsigsieights provided by StatsSA

7 Conclusion

South African household surveys, such as the Labotoe Surveys, contain coarsened earnings data,
which consist of a mixture of missing earnings ealupoint responses and interval responses. The
standard approach used by most researchers using tlatasets is to create a continuous earnings
variable by allocating interval midpoints to brackespondents, while ignoring missing values.
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However, such an approach will produce unbiasathasts only if the earnings data are coarsened at
random, which is not the case.

In contrast, this study uses sequential regressidgtivariate imputation to produce multiple imputed
datasets containing plausible values for both thssimg and interval-reported earnings values.
Compared to the standard approach, using SRMIfgigntly raises the estimate of mean earnings in
the 2006 LFS, illustrating that the data were noarsened at random. However, it does not
significantly affect estimates of poverty amondst employed. Imputed values for missing earnings
observations mostly fall above the poverty line,ilevithe imputation of interval responses affects
estimates of poverty rates only to the extentti@fpoverty line bisects an interval.

This study goes on to show that the way in whichkers who report earning zero income are treated
in the analysis makes a far greater differencestomates of poverty than does the treatment of
missing and interval-reported data. Treating glarted zeroes as genuine, or imputing values only
when reported zeroes seem implausible, producesisantly lower estimates of poverty than when
earnings are imputed for all reported zeroes.

The study then turns to a brief assessment of srengoverty amongst the employed between 2000
and 2006. The proportion of workers earning lées1tR150 per month falls from eleven to six
percent during this time, but the improvement isalden at a higher poverty line. In particular,
education appears to offer less protection aggioserty over time, while large improvements in
earnings occur amongst those who would be expeateblenefit most from changes in labour
legislation over this period: wage-employed workarthe formal sector.

The analysis of low-earning workers presented fermerely suggestive, and many questions remain
to be answered. What sorts of jobs generate swehrionthly earnings? Are workers poor because
their working hours are insufficient? Are low-eigs workers primary earners, or secondary
earners, in their households? Do low-earning warkige in poor households? Thus although a
specific focus on earnings is useful, because abks an analysis of the effects of labour market
trends and policies on poverty separate from thecef of the widely-documented extension of the
social welfare system, it is also necessary to llimkearning workers with other sources of income i
their households, in order to assess overall ppwericomes.

In conclusion, multiple imputation certainly proeilan attractive method of dealing with coarsened
survey data. Provided that the imputation maslebie to provide a plausible distribution of ingalit
values, this methodology can reduce non-responag Wwhile also accounting for the additional
variability that arises through imputation. Howevenplementing multiple imputation imposes costs
on the researcher in terms of time and computirspueees, both in creating and analysing the
multiply imputed datasets. This study has shova dstimates of poverty amongst the employed are
not significantly different when implementing SRtHan they are when ignoring missing data and
assigning interval midpoints to interval respondentThus whether the benefits of the multiple
imputation approach outweigh its costs, and whethier methodology becomes standard practice
amongst poverty researchers as a result, remalres $een.
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