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Abstract

Mi croeconometric technigues have i mproved unde
substantially in the last two decades. This dissertation adds to this evidence by considering
three separate labour market questions, with particular attention toqdality and the

application of credible methodology.

Firstly, wage flexibility is investigated. Whereaselected previous microeconometric
evidence suggests that wage setters in South Africa are highly responsive to external local
labour market circumstees, it is not corroborated by macroecononsiod other
microeconometricstudies. This question is interrogated again, with particular attention to
methodological issues in wage curve estimation. The latter is a robust negative relationship
between individal wages and local unemployment rates, found in most countries, except
where bargaining is highlgentralized Adding time variation to the data allows controls for
spatial heterogeneity to be introduced, leading to the conclusion that wages are really
inflexible in theshortrun. Rather, the tradeff between wages and local unemployment that
previous work has found representtagrun spatial equilibrium. This finding is robust to
instrumentation for reverse causality and the measurement error thasdsiated with

choosing incorrect labour market demarcations.

Secondly, the reliability of retrospective data related to childhood is investigated, with the
view of estimating thelongrun influence that early life circumstances have on adult
outcomes. Wo indicators, parental education and subjective rankings of childhood
socioeconomic statusre evaluated. The first set of indicators has poor response rates, as
many South African children live without their parents. Where respondents do volunteer this
information,they answeconsistery across waves. Subjective rankings have higher response
rates, as they require respondents to provide information about their own past, and not about
those of their parents. H o w e stemtroyer time, ddspité dual s 6
being askedbout the same point in the life cycle. They tend to change their view of the past
in line with adjustments to perceptionstbéir position in the village income distribution and
subjective welbeing providing clearevidence of achoring. Instrumental variablesalysis

has been used in previous studies to account for measurement error in subjective data.
However, if anchoring affects all assessments of the past and potential outcome variables
(such as employment), aibeconometric techniques will yield biased estimates of the effects

of childhood orong-run outcomes.



Finally, ageperiodcohort models for South African labour force participation are estimated.
This chapter is the first contribution to relax the agstion that cohort differences must
remain permanent over the life cycle. Moftarlo simulation studies show that highly
interactive specifications cgrartially recover the true underlying process. Using a variety of
techniques (imposing behavioural réedtons and atheoretical approaches), this study shows
that cohort effects in labour force participation can be temporary in South Africa, though
more data is required to verify this conclusively. Regardless of technique, a distinct surge in
labour force prticipation is noted for the group born after 1978rtinently the combination

of testable assumptions and highly flexible estimation can yield crediblpesigetcohort
profiles, despite the many disputes noted in the literaRmevious evidence & surge in
participation for the post975 cohort can now be shown to be temporary rather than a part of

alongrungenerational increase.



Opsomming

Mikro-ekonometriese tegnieke het kennis oor die @&ditkaanse arbeidsmark aansienlik
uitgebrei in dieafgelope twee dekades. Hierdie proefskrif dra by tot hierdie bewyse deur drie
afsonderlike arbeidsmark vraagstukke te beskou, met die klem op datagehalte en toepassing
van geloofwaardige metodologie.

Eerstens word die kwessie van loonaanpasbaarheid be®kaar sekerevorige mikre

ekonometriese bewyse aandui dat loonbepalers in-Atiikch sterk op eksterne plaaslike
arbeidsmarktoestande reageer, word hierdie bevinding nie deur-plaktomieseen ander
mikro-ekonometriesstudies ondersteun nie. Hierdie vraag word dus opnuut ondersoek, met

die klem op metodol ogi edederamingvarsdibeorkurweddt. 6n i nvl
Laasgenoemde is die negatiewe verhouding tussen individuele lone en plaaslike
werkloosheidskoersavat in die meeste lande geld, behalwe daar waar loonbedinging sterk
gesentraliseer is. Deur tydsvariasie by die data te voeg, is dit moontlik om vir heterogeniteit

oor ruimte voorsiening te maak, wat tot die gevolgtrekking lei dat lone inderdaad onbuigsaa

oor die korttermyn is. Die afruiling tussen lone en plaaslike werkloosheidskoerse wat vorige
navorsing bevindh e t verteenwoordig eerder 6n | angter
bevinding is nie sensitief vir instrumentasie nie. Laasgenoemde is nodigpansiening te

maak vir moontlike sydigheid wat kan ontstaan indien die rigting van kousaliteit omgekeerd

is, sowel as metingsfoute wat daarngepaard gaan as navorsers plaaslike arbeidsmark

verkeerd defirger.

Tweedens word die betroubaarheid van datwat volwassenes vra om hulle
kinderomstandighede te onthou, ondersoek. Die uiteindelike doel is om vas te stel of
omstandighede vroeg in die | ewe 6n invloed op
veranderlikes, naamlik ouers se opvoedingsviakke &n sidibjektiewe terugskouende
sosioekonomiese rang respondente se kinderdae, wordéwgdueer. Die eerste stel
veranderli kes is onderhewig aan | ae r-eaksieko
Afrikaanse kinders sonder een of beide ouers grootwiaar respondente wel hierdie
inligting ver skaf i s individue s e ant woor de
paneelopname. Die vraag na die subjektiewe rang lewer beter reaksiekoerse omdat dit vereis

dat respondente inligting oor hulle eie verledwskaf,en nie oor d¢ van hul ouers nie.

Nieteminis individue se antwoordstrydig oor tyd, ten spyte daarvan dat hitliégting oor

dieselfde tydstipn die lewenssiklus moet verskaf. Hulle is geneig om hulle opinies oor die



verlede in lyn met veranderende rgepsies van hul huidigeposisie in die
dorpsinkomsteverdelingpsel as hulle eie subjektiewe welstamadn te pas. Dit verskaf dus

6n sterk aanduiding dat mense hull e antwoorde
Instrumentele veranderlike analiss in vorige studies aangewend om voorsiening te maak vir
metingsfoute in subjektiewe data. Indien inligting oor die verlede, asook moontlik
uitkomsteveranderlikes (soos indiensname), geanker word in huidige persepsies, sal
mikroekonometriese tegnieketeg steeds sydige beramings van die impak van kinderdae op
langtermyn uitkomstes bied.

Laastens, word sogenaden ouderdonperiodekohort modelle op Suidfrikaanse
arbeidsmarkdeelname data toegepas. Hierdie hoofstuk is die eerste bydrae wat die aanname

da kohortverskille permanent moet bly oor die lewenssiklus laat vaar. Miarte

simulasies dui aan dat hoogs interaktiewe spesifikasies die onderliggendegeseiselik

kan weerspid. Verskeie tegnie&k word aangewend (insluitendédivat gedragsaannas

afdwing asook ateoretiese benaderingst wys dat kohorteffekte in arbeidsmarkdeelname

tydelik kan wees. Tog word meer data benodig om hierdie stelling sonder twyfel te bevestig.
Onafhanklik van die tegniek wat pendmeun K wor d,
arbeidsmarkdeelname plaasgevind het vir die groep wat na 1975 gebore is. Valiter is

beduidend dadti e kombi nasi e van toetsbare aannames
geloofwaardige oplossing vir die ouderdepeiodekohort probleenverskaf ten spyte van

die vele twispunte wat in die literatuur uitgelig woMor i ge bewyse van O6n t
arbeidsmagdeelname virdiepds® 75 kohort kan nou as 6n tydelil

eerder as o6n deel van die |l angtermyn toename o0
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Chapter 1

Introduction and research aqiestiors

Since the first nationally representative household surveyewamserated in South Africa in
1993, microeconometric research on the labour market has expanded substavifley
data availability is a vital enabling factor, interesthia South African labour market$ilaeen
generated primarily buniquefeaturesthat distinguish it from many others. The legacies of
separate spatial and racial development policies, skills mismatchagpauentlyhigh labour
market rigidity are factors that contribute t8outh Africa beingone of the highest
unemployment economiegjlobally. The very first objective listed in the National
Development Plan is to reduce unemployment, while the other aforementioned contributing
factors arealso given priority (Republic of South Africa, 2012However, posapartheid
social changehas been slow, with low levels of mobility within and across generations
remaining (Piraino, 2014; Finn et al., 2014; Lechtenfeld & Zoch, 2054)d the labour
market playing a dominamole in high levels of overall income inequaliyeibbrandt et al.,
2009) Microeconometric methods are therefore vital to monita progressof social
upliftment, and have already contributsdbstantiallyto the policy décussion.

This dissertation focuses on selected labour market issues, with the empldeis guality

andthe implementation of credible microeconometric methodology to arrive at useful policy
conclusions.In most instances alternative solutions @resented, in order to verify or
challenge existing knowledgand to address existing concerns in estimatitowever, the
dissertation also warns of potential problem arded remainin using data effectively
Chapter 2 interrogates the issue of walgilility, illustrating why studies that do not
account for spatially persistent differengésld misleading conclusions. This is particularly
relevant because of the strong spatial segmentation that charackedses h  Aabouri c a 6 s
market. In additia, the study shows that local labour markets aranaogssarily as small as

many authors assume them to be. Previous evidence is rebutted, concluding that wages are
generallynot set in relation to local labour market conditioHence, the labour market

inflexible along this dimensiorChapter 3 turns directly to the issuelohg-run mobility,

though the focus falls on evaluating the reliability of datee course data, which issed to
establish the socioeconomic conditions of households duritdholid, are rarely available

to researcher§.hese indicators are required to assesswhathés 6 | abour mar ket

! Fourie (2011) reviews a large section of this literature.

1



are rooted n childhood backgrounds. Should childhood circumstances have far reaching
implications for adults, it places the empilsasn early intervention rather than only finding
solutions to (inter alia) labour market problenence individuals are of working age.
However, this study il | calsdftharpastscantpbiemtially fillhni 1 e i n
thedatagap,currentc i r cumst ances strongly influence Sout't
Researchers should be aware of the contamination of these measures, and how they affect
estimates of life course mobility. Chaptereturns to the issue of generational increases in
labour force participation, which have in turn contributed to the rise in unemployment.
Knowing whether changes in the labour market are permanent or tempoemseigial in

orderto understand the future. Labour mar&atry has occurred at progressivehrlier ages

among recent generations, which in turn has fuelled youth unemployfBeamison &
Wittenberg, 2007; Burger & von Fintel, 20148hould these higher rates of participation be
generatiorspecific, they maypersist across the life cycle and present a permanent
unemployment problem if individuals are also ratisorbed into job®ver this horizon.
However, if the phenomenon is specific only to the early part of the life cycle, and for a
specific generation, terventions should be targeted at only this limited group and may only
need to be temporaryhich is potentially the case for thecentlyimplemented youth wage
subsidy(Levinsohn et al., 2013) Age-periodcohort decompositins have been applied in a

broad literature from sociology to epidemiology, to disentangle generational from life cycle
components in outcome variables. While this methodology is conceptually simple,
identification has challenged researchers from all plises. Furthermorethe additive nature

of the model prevents results from havimeterogeneous life cycle effects, which is necessary

to answer the policy question proposed here. Multiple identification strategies, along with
extensions to include heterogeneous solutiaresinvestigated for their reliability in drawing
conclusions bout the distinction between permanent and temporary labour force participation

patterns in South Africa

The rest of thisntroductory chapter firstsketchesselected features of the South African
labour marketThey contextualise thguestionghat will be investigated ithe later chapters
of this dissertation. Thereafter, each of weenariosis discussedwvith reference to the

microeconometric solutions that this dissertation investigates.
1.1. Labour market background

Sout h Af ri cad s evblvedsabstantialtyan thedast feW desades, leading to a
situation that is unique among developing countries. Its unemployment rateoisg the
highest in the world, while many other African labour markets are characterised instead by

underemploymenfFields, 2011) Since the fall of apartheid, unemployment continued to rise,



peaking in 2003 and never returning to lower lewbbBn those thaprevailedin the early
1990s. Banerjee et al(2008) conclude that this chang#oes not represent a temporary
adjustmengfter democratisation, big rather the product dbng-run shifts thathave led to a
sustainechigh unemployment equilibriurd\ sectoral shift emerged from the 1970s, whereby
emplgyment in primary industries declined relative to a great expansion in tertiary sector
occupationgBhorat & Hodge, 1999)This has contributed to high structural unemployment,
as the skills composition of labour force participantsriwsltered to match these changes in
labour demand. While this phenomenon of shilssed technological change is not specific
to South Afica, othedongrun changes have added to thigeacdory. During a similar period
(even before the fall of apartheidreviously prohibitedblack unions wereunbanned
allowing wages of the unskilled to risaibstantially.Employment creation for unskikke
workersslowed downconcurrently(Lewis, 2001) The stronginfluence of labour unions has
continued into the postpartheid era, with high wage preniig workers that are covered by
collective bargainingagreementgMagruder, 2012; Bhorat et al., 201Furthermore, these
agreementare associated witsubstantiabmployment losses. The result is that wage growth
has exceeded productivity growthunemploymentose though the increase ipblessness

has not stoppehligh wagedemanddgrom continuing(Fedderke, 2012; Klein, 2012)

In addition to political changes, social and demographic shifts emerged,avwgiiadual
feminizationof the labour force aha surge in entry for individuals born after 1§Casale &

Posel, 2002; Burger et al., 2014he latter shift occurred due to changesettucation
policies that disallowed learners (who had not yet passed sufficient numbers of grades by
specified ages) to continue with theichooling. Instead ofontinuing their schooling in
Further Educationral Training (FET) colleges, margntered the labour niget. In the face

of the labour demand constraints mentioned abdkheselarge longterm increases in
participation have coributed to rising unemploymentBanerjee et al.(2008) again
emphasizehat the growth infemalk labour force participation is unlikely to reverdee to

new social norms so that social change hasdirectly contributed to unemployment.
However, it is not certain whether the pattern among recent generations is also permanent in
nature: could we exgct participation rateststabilise or reverse somewhat as individuals
from affected cohorts agelleviating pressuren the large stock of unemploymei@&nerjee

et al.(2008) howevers ugge st t hat oSranarkehis uhlikelyitaceacafmm! a b

its high unemployment equilibrium through salfijustment, but instead requires intervention.
1.2. Wage flexibility and spatial heterogeneity

Despite assertions that the labour market does not resalftgorrect in responsé high

unemploymentKingdon & Knight(2006a)do find that wage flexibilityin response to slack



labour market conditionss as high in South Africa as in developed, low unemployment
economiesThese findings raise the question whether the labour market does in fact have the
ability to selfadjust for large labour surpluses through wage moderatibhe llective
evidencepresented aboveuggests tt this has not been the casereality. In addition,
macroeconomists would not agree, maintaining that wages are dovynwigid, with

sustained growth even in economic downtyffsdderke, 2012; Klein, 2012Zyourie (2011)

emphasizs that labour market researchers from the macro and micro traditions do not interact
sufficiently with each othersd work. I n this
opposite tahis one piece ofmicroeconometric evidencealling for a re-evaluationof wage

flexibility . Other microeconometric studies (for instance, Magruder, 2012) also do not support

the notion of wage flexibilityln light of Ki ngdon & (20Q6a)jownhsurgrise that

South Africa (as unique as it igpparently conforms to ainternationalfi e mpi r i c al | aw
e ¢ 0 n o (Bilamckflower & Oswald, 2008)wage curve estimation will be-evaluatedn

Chapter 2 Wage curves estiate the relationship between individbiedvages and local
unemployment rategor the regions in which they liveMost economigs wage cur ve
elasticities armegative. When unemployment is high, wages can serve as a moderating factor

for surplus labour byalling. If the relationship is abseat positive the labour market can be
considered inflexible, and even small labour surpluses are unlikely to be cleared through

slower wage growth.

Chapter 2 of this dissertation addreses discrepancy between ekigt microeconometric

and macroeconomic evidencaiggesting thapreviousresults confoundong-run and short

run phenomenon. Research in other countries has showiit ikatmportant to account for
spatial heterogeneityn wage curve analysisespeciallywhen bargaining iscentralized
(Albaek et al., 2000; Daouli et al., 2013ylagruder (2012) illustrates the importance of
centralizedcollective bargainindor wage setting in South Africa. Additionally, his empirical
labour marketmodelsemphasizehe role of accounting for spatial heterogeneity in South
African data. Because of the availability of a longer time period of labour market data, it is
now possible to account for spatial heterogeneity more adequatelytersdhat was not

possible using theross sectiodata that Kingdon & Knight (2006a) did.

In addition, Chapter 2 addresses a concept that is not formally investigated by earlier
research. Given that wage curve estimates are reliafitooald unemploymetrates, most

researchers use geographic dem@oos that are immediately available in surdaya. Some

researchers suggest that the smaller the demarcation, theicloseri s t o appr oxi mat i
conditions. However, whemgagesetting factors are ifiorm across large areas (suchndsen

minimum wages and collective bargaining agreemeatgr multiple districls if unct i onal 0

labour market may be much larger than initially assumed. The chapter illustrates that
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choosing the incorrect demarcation famge curve analysis biases results towards zero,
thereby favouring conclusions that would suggest inflexibilltfis occurs whether labour
markets are chosen to be either too small or too large compared to the oplimuost
existing studies internatiafly this may be inconsequential, as they find large negative
elasticities. However, in instances where wages are only moderately flexible, it is possible
that one could conclude that they aigid if one chooses a stdptimal local labour market
definition. Instrumental variablegstimates are investigated poovide a solution to this
problem.

Finally, Chapter 2also hidnlights thatthe standard proceduréhat accourst for reverse
causality and measurement error in wage curve analisenot satisfactorywhen
unemployment is time persistent and spatial heterogenedtynigdtaneouslymportant Time
lagged instrument®r unemployment are weak when spatial fixed effeetaove the large
persistent component of unemploymenthis study proposes using spdlti lagged
instrumentsWhile the latterinstrumens are strong,they arepotentially not exogenous, but
presenta robustness check to estimates that only account for spatial heterogBesity.
estimates accounting for spatial heterogeneity, optink@bour market size and reverse
causality,conclude that wages are inflexible in South Africa, and do not respond to high local

unemployment.
1.3. Childhood reach and recall data

An emerging literaturén South Africa considerincome mobility within household, either

over short time period¢Finn et al., 2014; Lechtenfeld & Zoch, 201@¥)across generations
(Piraino, 2014)However, there is growing interest internationally to statg-run mobility
over indivi,dndétostéomesbdyand incofdmond & Currie, 2011; Cunha

et al., 2006) In particular,can poor childretive aswell-off as rich children once they reach
adulthood? Are gaps iwelfare dependent on early life circumstances, and are interventions
necessary in early childhood to prevent the same fyapspersistingater in life? Various
studies consider effects @thoolattainment and performanckealth or obtaimg jobs in
adulthood

Internationalstudies ornthe reach othildhood most oftenrely onlongrun cohort studies,
which are rarely available in the South African corftékth e al t er nati ve i s
recall assessment of childhood circumstancegxplanatory variables for adult outcomes.

Chapter 3 assesses whether thedi&ators are suitable fthis type of researchn particular,

2 One exception is the Birth to 20 data that follows an urban South African sample that was born in
1990. This data is not publicly available, hence few economists have worked on childhood reach in
South Africa. An isolated example of such work is condubte@asale et al. (20}4
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responses to various retrospective questions are compared in two waves of panel data.
Objective measuresofchiidko od ci rcumstances ask children t
levels. These measures are compared to questions that ask respondents to rank their
socioeconomic status at age 15 on a ladder with six rungs. Should responses that relate to the
samepoint n i ndi vi dsba largely cansisht everdime; them the datalilsely to

be reliable. However, as chapter 3 illustrate=sgch oftheseindicators ispoorly recalledin

South Africa Firstly, adults have low response rates on retrospectjuestions especially

those that ask respondents to provide information about their padeatseason is thatany

South Africansnever livedwith both biological parents during childhqodecause of the
migrant labour system and the low marriage ratesorgmthe black supopulation
Furthermore, it is possible that this indicator is more suitable for measuring intergenerational
mobility rather than lifetime mobility: it directly represents parental endowments, while only
indirectly pointing to childhood @rcumstances resulting from parental human capital.
Additionally to selective responseurrent socieconomic circumstances resiftanchoring

of the past onto the presefversky & Kahneman, 1974)especially for the subjective
ranking of socioeconomistatus Hence, a tradeff arises: the subjective ranking elicits high
response rates but with poorer consistency over time; objective recall of parental education

has low reporting rates, but greater consistergss time among respondents

Neither measure may therefore be entirely suitable to conduct estimédag-nin mobility.

Take the case of anchoring in the subjective rankingre@t shocks to outcome variables

(such as employmerin adulthoodl also influencer e s ponde ntosd the gasto!l | ect i
Consequently, an artificial relationship arises if these indicators are regressed against each
other, based purely on errors in perceptiédhile repeated measures of the same indicator

(using panel data) could potentially serve as instniméor each othemeasurement errors

must be uncorrelated across tifwe this to be a valid identification strategiiowever,
persistentanchoringerrors precludehis type of causal analysids a result, alternatiwsare

required to credibly use respective data to modife courseand intergenerational mobility.

1.4. Generational labour force participation and heterogeneity in aggeriod-

cohort analyses

As noted before, labour force participatibas experienced Bngrun rising trajectoryin

South Afica. In particular, females have progressively entered the labour market, as their
education levels have risen, marriagées have declined and they have becomee likely

to head household€asale & Posel, 2002)hile it is easy to conceive of such a movement
as a prmanent generational rise in participatitvat will not reversejncreasedor other

demographic groupsay not share this property. In particular, previous research that has



focussed on additively separatirapbur force participation into life cycle, business cycle and
generational components, shows that black individuals born after 1975 entered the labour
market insubstantiallygreaterproportionsthan earlier generation®urger & van Fintel,

2014) Will this distinct cohort behaviour disappear, with labour force participation
resembling that of other generations once they &gyether words, it may be possible that

only a temporary cohort effeeixertedinfluenceearlyinthe e | evant difenyele ati onods
If this is the case, this particular cohort, that is also prone to higher levels of unemployment,

may also only need temporary policy assistance. In contrast, if the cohort effect is permanent,

it is likely to have far reaching consequences, with tadgietierventions required throughout

the I ife cycle. Hence, what some prablemrhay obser ve
rather be a problem of a specific generatiBoch a situatiorwould require substantially

different policies to solvecompared tavhen the youth of all generations must be targeted

The estimators that separate these effects asaymieri, howeverthat cohort components
arepermanent, anthatdifferences across generations are constant at all points along the life
cycle. Hencesubstantial heterogeneity is ignorédhese assumptions are not nretreality
(Glenn, 1976)Age-periodcohort estimators are highly debatadhe literatureeven without
relaxing the assumption of permanent cohort effactsous methods attempt to solve for the
fact that the three components are perfectly collinear, but neveghedpresent distinct

phenomena

Chapter 4 assesses, using a Mabdelo simulation study, kether any of the array of
estimatos adequatelyrecovers the agperiodcohort components from a simulated data
generating process that resembles South Afric.
simulation study is the first to also relax the assumption of a permanent cohort effect, by
allowing for an interactive age profile: the result is tlsaimecohort affects can only be
present in parts of thefdi cycle. The generated process resembées/outh surge in
participation for onegroup of labour market entrantBat subsequently slows down and
normalizes later in life.In addition to some of the standard estimators proposed in the
literature, adaptations of these to include interactive components are explored. The latter are
highly flexible, borrowing from noiparametric innovations in the sttcal literaturgHastie

& Tibshirani, 1990) and also adapting the prominently used Intrinsic Estin{&iang et al.,
2004)to include fully interactive solution$n addition, testable restrictions based on the fact
that second derivatives of profiles are unique, are also extended to the interactive case
(McKenzie, 2006).After establishing the effectiveness of each estimator, the interactive
solutions are applietb South African labour force participation data. The analysis confirms
thata portion ofcohort effectfover and above lngruntrend)may be nofpermanent, and

thatsome ofthe generational rise in participation is likelyslow downlater in the lie cycle.
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However, additional data from later periods should be monitored to confirm or refute these

changes, prompting future research in this area.
1.5. Summary

The research questions contained in this dissertation focus on policy questions relating to

SouthAf ri cads | abour ma r k e t and ddistandimyepmblemsene t r i c

presented in each instance. Firstly, while existing microeconometric evidence on labour
market flexibility contrasts with the literature from the macroeconomic strand, Chapter
illustrates that this discrepancy arises because of the inability of cross section data to
adequately identify these effects. Wage curves that fully account for spatial heterogeneity,
appropriate local labour market boundaries and reverse causaligl thae South African

wage setters are insensitive to labour market conditions. Secondly, Chapter 3 assesses
whether retrospective data can fill gaps in the knowledge of life course mobility and
childhood reach.Anchoring in recall assessment of childhoaedcioeconomic status
potentially prevents this possibility without further research. Finally, Chapter 4 adapts age
periodcohort estimators to account for potentially fprmanent generational effects.
Simulation studies and applications to South Afritsyour force participation data highlight

the importance of acknowledging this type of heterogeneity. Assuming additive components
in ageperiodcohort components poses the danger that policies that should only apply during
a section of cycdenarret inmcdy rleicftd y extended

The microeconometric techniques applied in each chapter highlighgtamatard approaches
must be reonsidered to arrive at correct conclusions about labour market phenomenon. This
dissertabn contributes to the exiting literature by making recommendations on how to
credibly build various models to understand South African labour market conditions. It
illustrates shortcomings in past estimates, and provides means to make better policy

conclwsions.
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Chapter 2

Wage flexibility in a high unemployment regime:
spatial heterogeneity and the size of local labour

markets

2.1.Introductio n

South Africads economy consistently ranks amon
f i r dissrétionaboutwages that they papeir employeegWorld Economic Forum, 2014)

Rigid labour laws and strong unions are regularly cited as constraints to employment creation,

with wages growing faster than labour productiyfgdderke, 2012; Klein, 2012; Banerjee et

al., 2008) Despitehigh structural unemployment, wage demands have not moderated, even

during downturns in economic activity. Collective bargaining agreements have also
contributed to this situation, with substantial wage premia that limit job creation capacity,
especially mong smaller firmgMagruder, 2012)Legally, wages that are negotiated between

groups of firms and unions can be extended to entire industries, even to firms with anly non
unionizedworkers. As a result, many firms have littlscretionwith regardshe wages that

they pay, with wagsetting far removed from an individual workignm match.

However, annual rankings of wage flexibility are based on subjective assessments, with little
concrete evidence to support them. One pigcmicroeconometricesearch that measures
flexibility in wage setting surprisingly concludes that South African workers behave similarly

to those in the rest of the world: when local labourkaia conditions are slack, wage
demandsare apparently modeext so that firms are able twffer lower wages in less
favourable economic climates. Kingdon & Knight (2006a) estimate wage curves using cross
section data, and conclude that the elasticity of individual wages with respect to local
unemployment ratess close t0-0.1, a widely cited figure that is established for most
developed economies. This result is so consistent across studies that it has been termed an
Afempirical |l aw of e ¢ Blarechfiowers&OOsvial 2008} Is highr i gi nat o
unemployment economies it is unlikely, however, that wages can drop sufficiently to clear
labour surpluses. Wages may already be closddeer boundo enable subsistence, so that
downward adjustment is not possible, even if unemply grows. Additionally, in other
countries with high degrees of centralized bargaining, wages have been found to be

insensitive to high local unemploymg@tbaek et al., 2000; Daouli et al., 2013)



The results of Kigdon & Knight (2006a) therefore contrast with two commonly understood

regularities about the South African labour market: that wages are sticky downward in
response to the protection of workersd interes
structual as it is, that wages are not a primary mechanism by which the labour market
imbalance is corrected. The authors also express their surprise that despite multiple
robustness checks, their results confornthtwse ofinternational labour markets, rathéan

one that faces the rigidities that South Africa does.

This chapter questions whether wage flexibility is as high in South Africa as existing
estimates have suggested, or whetheringtead conforms to reports of rigidityin
macroeconomic research (Fedkk, 2012; Klein, 2012and other microeconometric studies
(Magruder, 2012)It builds on previous literature to provide a concrete métiw@ge curve
elasticitiesi by which to evaluate whether wage setting does respond to labour market
conditions, espgally where they are severely slack. A first objective is to highlight the
importance of spatial heterogeneity in the estimation of wage curve elasticities. International
evidence suggests that this is particularly important when centralized bargaipergasive
(Albaek et al., 2000) Regional unemployment may have persistent components (as
determined by institutions such as separate development and collective bargaining), which
should be modé&td with spatial fixed effectsThis framework allows for the separation of
shortrun from long-run wage adjustments to local labour market conditions, a possibility not
yet considered in the South African context. Previous estimates were unable to account for
spatial heterogeneity effévely, due to the lack of time variation in survey data. Additional
periods of Labour Force Survey (LFS) data allow for these estimates to be updated, fully

accounting for spatial heterogeneity.

Secondly, this paper highlights the consequences of dstgnavage curves with
demarcations that do not naturally constitfutectionallocal labour markets. Most authors
assume that smaller regions better represent local labour market boundaries. However, it is
(for instance), possible that when institutionglswas bargaining councils cover multiple
small regions, that larger geographic areas natuiatggrate Given the availability of
various demarcations in the LFS data, this paper establishes the best approximation for
Ainatur al 0 | ab o urncanmaveys.dnpartaritlyy wa§edflexibility canfbe vastly
underestimated if regions that are either too sroaltoo large are chosen to conduct
estimation. Finally, wage curve estimates usually solve for reverse causality and measurement
error by instrurenting with time lagged unemployment rates. Data limitations again
precluded this approach in previous studies for South Africa. However, this study shows that
this instrument is weak when spatial heterogeneity plays a central role in estimation, and

fixed effects remove common variation across time. As an alternatpegjal lags are
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proposedexploiting geographic variation in unemployment as an instrumd@asounting for

each of spatial heterogeneity, reverse causality and potentially incorrect labarketm
demarcations estimate confirm that South African wage setters are inflexible in their
response to slack labour market conditiohbese results suggetttat the data limitations

faced by Kingdon &Knight (2006a) led to conclusions that were at odds with what
macroeconomicand other microeconometricesearch has shown to be a reality. This
contribution emphasizes the importance of addressing various methodological concerns in a

high unemployment regn with high degrees of spatial heterogeneity.

The rest of thishapteris structured as follows. Secti@® briefly interrogates the literature
that links local labour markets and spatial heterogeneity. Sez8osurveys the wage curve
literature, wih a specific focus on the conditions under which wage inflexibility is measured:
both empirical elementsuch as the optimal radius lhich to measure labour markets and
spatial heterogeneity) and institutional rigidities are considered. Set#lomtroduces the
dataset and empirical strategy that have been adopted, while s&6timutlines a full set of
results. Sectio.6 concludes.

2.2. Spatial heterogeneity and local labour markets

Wage flexibility estimates require the identification of spatiatauthiat constitute local labour
markets. These geographic units are determined by various equilibrating economic forces,
notably the ability of labour and firms to move across regions, in order to find the best
opportunities. Hence, the review first focasen how various spatial equilibria arise and/or
persist, with specific references to South Africa. Thereafter, the reach of local labour markets
is explored in light of labour market institutions that are regionally defined. Each of these

subsections indbrms the discussion that follows.
2.2.1. Spatial equilibrium

South Africa has a segmented labour market along multiple dimensions: barriers to entry into
the informal sector raise unemployméiingdon & Knight, 2004) the apartheidnigrant

labour system separated individuals over sgRosel, 201Q)as did segregation within cities

and job reservation within firm@ariotti, 2012) While some of these characterisations are to

a degree specific to the current situation, labour markets are rarely homogenous across space
within most countriegMoretti, 2011) in equilibrium, regions may have vastly different
productivity levels, wages and capacity ®mployment creation. This contrasts with the
product market, where the law of one price predicts that arbitrage will lead to equilibrium
with fairly uniform product prices across space. Potentially equivalent equilibrating forces in

the labour market comi@ the form of migration of workers towards regions offering high
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wages and where favourable conditions entail a high enough probability of finding a job to
warrant a move. Similarly, firms may find it profitable to locate where wages are low,

productivity is high and hence create employment.

Nevertheless, wages and employment levels rarely reach a point of uniformity across regions,
despite movements of people that should achieve this. For instance, the seminal contribution
of Harris & Todaro(1970) postulates why urbanization in developing countries typically
occurs despitdhigh unemployment levels therehéir twosector model suggests that the
attractive highexpectedvages (adjusted for the distribution of employmerobabilities) in

urban areas pull individuals into economic hubs, despite a long queue of workers already
pursuing the same ideal. The net benefits of migrating to urban regions with higher potential
wages (but also a greater risk of joblessness) oghneimore secure, but lower wage in the

subsistence rural sector.

On the labour demand side, firms in many cases do not relocate to regions where labour is
cheap and relatively abundant (such as rural areas), but stay in highly productive regions.
Economct hubs are therefore often centred on highly rewarded, productive inputs, rather than
profiteering through finding locations with low input costs. Nominal wage differentials across
regions in the United States are large and spatial patterns are pewistettielongrun;

they correspond to similarly persistent patterns of labour productivity and innovation, which
are in turn a function of agglomeration econom(i®®retti, 2011) However, real wages
(where local prices araccounted for, rather than national time variation) appear to have a
more uniform spread, disincentiwgy people to move to high income regions; the rigidity in

this case is the high cost of living, particularly in terms of property.

The Roser(1979)and RobacK1982)framework predicts that (in a scenario where labour is
perfectly mobile) if a particular city experiences a productivity shock, this will reflect in both
nominal wage ah property price adjustments, so that real wages remain constant.
Consequently, benefits of productivity shocks accrue in the form of capital rents, but none go
to workers, and so real wages always equalize across regions. Moretti gaa&ialize this
model (through small elasticities of both labour and housing supplgitcount for the case

which labour cannot move voluntarilysuch rigidities are relevant to economies such as
South Africa, to the extent that apartheid regulations effectively liivitausing ad labour
supply to black in regions that were designated for whiteigure Clin Appendix C shows

that in this countryjong-run wages (that do not adjust for local prices) are spatially diverse.
As predicted by the model, even real wages aiohbwever, differ by region itongrun
equilibrium. In particular, productivity shocks in regions where housing supply is less elastic

than in other regions, can benefit property owners as opposed to wéparheidera urban
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regions were productiveub restricted, while homelands regions had fewer limitations on
labour and residential supply to the black population group. Hence, this model predicts that in
the pretransition period, positive productivity shocks would accrue to land owners as
opposedd workers. With the (relatively) free expansion of urban informal settlements in the
postapartheid period, this model supposes that shocks to productivity may benefit workers to

a greater extent than was the case in the past.

By all expectations, South fAca should have experienced movements leading to a new
spatial equilibrium that allowed workers to take advantage of freedom of movement.
However, many spatial patterns from the past persist, with homelands remaining high
unemployment regions (in contta® both the Harris & Todaro (1970) and Moretti (2011)
predictions). It is therefore likely that other rigidities (such as collective bargaining councils
and barriers to entry into the informal sector) exist that raise the costs of job search in
productive urban regions, so that even though internal migrationobesrred the post
apartheid equilibrium has not settled at a point of spatial uniformity.

Given the particular restrictions mentioned above, South Africa offers an interesting case
study of theexistence of separate local labour markets. Labour demand has traditionally been
concentrated near mines and in metropolitan regions of white apartheid South Africa, while
the dominant location of (unskilled) labour supply was purposefully decentralized to
homeland regions by the apartheid reginiée former were small pseudttdependent

Afstatesod that were <created by the apartheid

determination was instated. Black South Africans were effectively only citizens of these
fist at es 0 ( wtedognize by ¢he iatermatonal community), even though the only
viable labour market opportunities were available in the designated white areas of South
Africa. A migrant labour system developed, whereby blacks were only allowedrtoin

white South Africa with permits, and were omgcognizel as temporary residents. Families
stayed behind in the homelands, while only employed blacks could realistically migrate to
industrial centres. However, migrant workers remain primarly odedeto their sending
households, and likely return home at selected inte(RPalsel, 201Q)

As a consequence, a spatially divided labour market resulted, with few viable opportunities in
the homelands and unemployment rateat twere approximately double those of other
regions. As apartheid laws were repealed in the early 1990s (though free movement of
workers from all race groups was allowed as early as 1986), it should be expected that the
spatial duality of the labour markevould diminish.Posel (2010) established that while
patterns of temporary migration to economic centres continued well into thagaotteid

era, that a slow moving shift towards permanent settlement in the recendugt(ializel)
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regions has stardeto emerge. Additionally, household income from remittances has started to

decline, suggesting that a new spatial equilibrium could be emerging Hajparsheid South

Africa. However, despite large movements of people to areas of greater economig, activit

complete spatial equilibrium has not been achieved, with high unemployment still
concentrated in rural areas. One potential explanation for this slow change is the important

role that social grants have pl d@gvemovideda r ur al h
public safety net that have allowed unemployment to persist in some regions, potentially
crowding out the reliance on private remittance trangfiesen & Woolard, 2009)

Importantly, these factors inform our understanding of langspdial equilibria. Kingdon &

Knight (2006a) conclude that homeland regions tend to have concurrently high levels of
unemployment and relatively high wages, while a negative relationship exists in other parts of
the country. Spatial separation has createtindislabour markets over the lomgn. Will
migration eliminate these differences over time? And is the negative relationship-in non
homeland regions reflective of this longn equilibrium or representative of shoun wage
flexibility in the labour maket. The rest of this chapter differentiates between these two
effects.

2.2.2. Defining local labour markets

Local labour markets can potentially be defined as the geographic regions or demographic
groupings from which workers source information avidch theytake into accounin their

wage sdtng decisionsin particular his includes tte labour market conditions experienced

by other peers withimn n d i v iradegraulpsard locality. This definition falls in line with

the concept that Kigdon& Knight (2006b)used to test whether the reeaarching employed

were a part of the labour market. By way of wage curve estimates, they found that wage

demandsalso factored in the stock of local discouraged workers, with largeficisetts

relating these variables (as opposed to only modelling the searching unemployed as surplus
workers). Hence, they conclude, the fs@marching are a part of tlke factolabour market,

even if official definitions do not acknowledge this.

The ltemat ur e i s, however, sil ent on whatlf preci sel
labour markets (in the wage curve tradition) are fairly homogenous over large regions, then

wage setters would respond to unemployment rates in much the same way jpatts @é the

country. However, in countries where unemployment is highly dispersed, and where
differences are large across regions (as well as time persistent), the local labour market should

be narrowly defined, and accounting for fixed effects is impbrtAs shown below, the
unemployment is geographically dispersed in South Africa, so that the latter is an important

consideration. In contrast, however, the more centralized bargaining is, the more homogenous

14



labour markets are likely to be across larggions, so that fewer regions of analysis could be

used.
Often demarcations available in survey data di
to assume t hat the small er the region, t he mo

Similarly to Kingdon & Knight (2006h)it is possible to establish whether other regions or
demographic groups should be included or excluded from a particular grotggefsdt e r s 6

il ocal o | abour market, depending on warddet her th
groupso | addtionrsintoreecaolnte The regional dimension takes on the form of

an area of a certain geographic reach, for which wage setters take labour market conditions

into calculation when bargaining: if the labour market is trulyometi in reach (and spatially

undivided), then the national unemployment rate is of importance in influencing wage
demands; if, however, it is of much smaller size (such as a district or city), then information

from further afield is disregarded in wageting decisions. Some studies note exactly this

finding, by establishing that wages are more sensitive to national thanegiabal

unemployment rategDaouli et al.,, 2013) This is especially true where bargaining is
centralized.ln such contexts, bargaining extends the borders of what would otherwise be

small local labour markets to include large areas, as wages are set across broader regions.
Hence, slackness of the labour market in close proximity of workers does not influagee

setting decisions as much as they would had bargaining not been centralized, so that
information from further afield is assimilate
labour market. This is confirmed theoretically and empricially in Nordiot@ms (Albaek et

al., 2000) and has potentially important ramifications for the analysis of South Africa, given

the large influence of bargaining arrangements.

The wage curve literature provides a tool to investigateaihis other researafuestiors in

this dissertationby considering how large regions must be for information on labour market
conditions to flow and influenceiage sding decisions. By delimiting units of measurement
to Al ocal 0 | ab o u rantlydavé mtusforn definitian hin, these stpd@s),
the research that has followed on from the seminal work of Blanchflower and Gi4@84)

has consistently found that wages respond downwards to higher local upm@pioates.

Individual level (indexed by) monthly earningsare regressed on regional unemployment

rates as follows:
1 T@Odi ¢ Qi 1 11k Jo')(}?dedir‘]d&b Q! w ‘ 6 ¢®

The time indext] indicates hat individual level panel data could be used to also account for

individual fixed effects; however, in many cases data limitations entail that estimates are
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conducted with repeated cross sections, allowing researchers to control ondgitoral

fixed effects, indexed by. In cases where only single cross sections are available, fixed
effects can only be introduced for regions with an area larger than those for which
unemployment rates are calculated. As discussed below, this strategy may not remove all

forms of unobserved spatial heterogeneity and lead to biased estimates.

Estimates of are most often arouneD.1, reflecting the downward pressure on wages
exerted by excess labour within a regiorhis typical elasticity suggests that as the
unemploymaet rate increases by 10 per cent, wages fall by 1 per cent in response to labour
market slacknes®ecause this figure is found in such a wide range of countries, it has been
termed an fAempi r i qBanchflovews& Qefald, 2008) Manyn studiesod
therefore use it as a benchmark to evaluate whether wages are flexible or not. It can also,

however, serve as an indicator of the definitd.i

Labour markets may also be defined by actual daily flows of commuters (as opposed to
temporary migration patterns across large distances). Individuals weigh up the potential wage
benefits of distant jobs against the time and monetary costs of gettingsto whorkplaces,
optimising their decisions across space. Monetary costs include both daily transport
expenditures and also the potential cost of relocating if individuals own homes far from their
place of work. Simini et al2012) adjust traditional gravity models, and show that
commuting patterns can be accurately predicted based on population sizes between start and
end locations, but importantly also the size of the population within a radius (centered at the
startinglocation) equal to the distance between both locations. Each of these quantities reflect
job availability in plausible alternative local labour markets in which individuals could

conduct their job search at the same cost.

Recorded journeys to work havele n used to delineate opti mal
South Africa(Nel et al., 2008)By this definition, points located within delineated economic

regions are more connected with other places that are also found witl@rctméises, rather

than with points outside. Because their data is related to commuting to work, the optimal
regions they find by implication delineate local labour markets. Their analysis also shows that
functional economic regions often do not correspaadcurrent politically determined
demarcations. The practical implication for researchers is that household surveys that are
designed to measure regional labour market conditions do not necessarily capture local labour
markets information correctly, aseth are most often stratified by administrative rather than

economically functional regions.
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The empirical analysis in this study will test whether previous definitions of local labour
markets that have been used by researchers are appropriate. Oncedefiréiens are
clarified, the ultimate objective is to establish whether the labour market is as flexible as the

wage curve estimates of Kingdon & Knight (2006a) suggest.

2.3. Wage arves in high unemployment regionsi the role of regional

heterogeneity

In ther recent entry in the Palgrave Dictionary of Economics on the wage curve as an

Afempirical | aBlancbfowere& Gswatd 1f2008)serpress their surprise that the
wage curve holds in a country with &a,itunempl oy

is uncanny that the elasticity is just as high as cases measured in their original work on OECD
countries (Blanchflower & Oswald, 1994). Their assertion is based on the evidence of
Kingdon & Knight (2006a), who used the 1993 South African PSL8@ tb estimate an

elasticity of individual wages related to broad unemployment rates of survey clusters. Their
estimates are also remarkably closelto 1, despi te South Africabds hi

In contrast, a comprehensive matzalyses of thevage curve literature suggest that muted

elasticities arise when unemployment is particularly highough mostly noslinearities in

unemployment are rejected statistically (Nijkamp & Poot, 2005). The intuition for this

apparent contradiction derives frotle poor potential for declining wages to clear

particularly large labour surpluses (specifically if wages have to drop to below reservation or
subsistence levels). Should unemployment be persistent and high ionteeun, it is

possible that the wagdekibility implied by the wage curve does not conform to the
Afempirical | awo . I ndeed, Fedderkebs (2012) co
AnSouth African | abor mar ket conditions are un
persistent unempjome nt do not prevent r e amhphasizelthatr cost s
not only do wages fail téall in some high unemployment scenarios (as suggested by-a non

linear wage curve), but in some circumstances they are even aiske to

However to fully reconcile the conflicting predictions on the nature of the relationship
between wages and unemployment, it is necessary to sephoateun adjustments from
long-run ones. It is apparent that in some settirg®rtrun nonresponsiveness of wages to
unamployment exists concurrently witbng-run tradeoffs, such as in the Nordic countries
(Albaek et al., 2000)Without making provision for this in microeconometric models, the two
effects are likely to be counfounded. The msthis paper therefore attempts to understand
how empirical wage curves should ideally be estimated to characterise various modern

developing country labour markets, especially those with high levels of bargaining,
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segmentation and unemployment. In marar, this paper turns to the role of (permanent)
unobservable regional heterogeneity to accountldagrun relationships. An additional
object is to establish optimal definitions of regions and labour markets for which the

empirical law holds.

Two reasons could explain why the existing evidence for South Africa conforms to
international results from low unemployment countries, while it contradicts expectations for a
high unemployment economy. Firstly, the work of Kingdon & Kni{t06a)documents a
point in time before the large and steady rise in-ppsttheid unemployment took place
(Burger & von Fintel, 2014)and before many of the labour laws that they cite for apparent
inflexibility were revised to become more strict. Secondly, because they are limited to work
with a cross section, the effect they capture cannot distinguish between transient changes in
the labour market anlbngrun factors. The result is that the estiem potentially confound
these two effects and that (as in the case of Nordic countriesharerun adjustments in
wages exist, but that the negative relationship is an observandengfrain equilibrium that
manifests in the data hisis also the cse in Greecavhere no transient wage flexibility is
observed in relation to high unemployment, while a lm®rgn tradeoff exists(Daouli et al.,
2013) The reasons in this case are similar, with loghtraliation of bargainindpeing linked

to labour market inflexibility.

Kingdon & Knight (2006a) acknowledge potential difficulties by adding a quadratic in
unemployment for the South African specification, so as to allow for a section on the
unemploymentvage profile that is flagr than the rest of the curve. In most international
contexts, significantly positive ndimearities are predicted only for sections of the wage
curve that are not actually contained in data; the high South African unemployment rate,

however, means thatis potential phenomenon cannot be ignored.

Kingdon & Knight (2006a) further explore these issues by segmenting their models into high
and low unemployment regions. Their analysis focusses on differences between previous
Ahomel and-b oae t a fonk.0An insgygificantly positive wage curve relationship
existed in homeland regions (with high unemployment and concurrently high wages after
conditioning on relevant factors), while a strong negative wage curve holds in the rest of
South Africa. Resultsuch as these highlight the importance of regional heterogeneity where
unemployment is not only high, but where it is widely dispersed along the spatial dimension.
However, the latter finding still stands in contrast to assertions that South Africa has an

inflexible labour market.

Magruder (2012) investigates another feature of the South African labour market that has a

strong spatial definition, and which provides clues in the distinction betisegrrun and
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shortrun wage flexibility. Collective bargaing takes place in many industries, where
dominant firms and unions set up wage agreentbatoften become applicable acresgire
regions. Under the provisions of the Labour Relations Act, the South African Minister of
Labour has the discretion to emte a bargaining council agreement to an entire industry
within a particular geographic jurisdiction, regardless of whether firms employ workers that
were members of the unions that constitute the bargaining council. Consequently, districts in
which wages @ bargained up tend to witness lower employment creation, especially
amongst smaller firms, which tend to be in disproportionately low concentration in South
Africa.

Magruder (2012) uses these distttel spatial discontinuities to identify what caxdirectly

be viewed as behaviour that is contrary to a wage curve irapastheid South Africa, but
through a specific channel: in the presence of a bargaining council, wages increase by 10
21% and employment drops byl8%. These wage premia results aesy close to other
estimates using alternative identification strategies, which show that bargaining councils are
important for raising wages, as opposed to only-fiemel union negotiationéBhorat et al.,

2012)

However,Magruder (2012¢mphasize that not all of unemploymeit South Africacan be
explained by a bargaining council effect, but acknowledigel®ngterm structural nature
(Bhorat & Hodge, 1999)This distinction between the Igrandshortrun is important for
understanding the results of his study, and to inform the interpretation of wage curve
estimates. While he finds an implied positive relationship between employment losses and
wage increases in similar dt® that of Kinglon & Knight (2006a), it is likely that this
represents only a transient wage curve relationship (through the collective bargaining
channel), because of the appropriate treatment ofitiragiant spatial fixed effects in his

models.

The introduction of iked effects, however, raises multiple questions, which have been
addressed in the literature in various manners, often dictated by data availability. Firstly, what
is the appropriate geographic definitlevelon of
at which to measure unemployment for wage curve purposes? Potential answers to this
guestion have been discussed above. A related question is: which accompanying fixed effect
should be used in a wage curve specification to account for unobseated Ispterogeneity

associated with labour market institutions (such as collective bargaining) and political

% He uses Labour Force Surveys, which were collected by Statistics South Africa in the first half of the
2000s decade. Thesbhareda similarsurvey design witlthe 1993PSLSD used by Kingdon & Knight
(200&). The essential differee is the luxur of the time element which Magder (2012) enjoys in

order to account for spatial heterogeneity effectively.
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configurations (such as the former homelands system)? Secondly, what is the empirical
importance of accounting for fixed effects, and which typdaté is required to support such

an analysis?

While the groundbreaking work on the wage curve (Blanchflower & Oswald, 1994)
advocated the introduction of regional fixed effects in the standard specification, it did not
have the same impact as establishgdhe Scandinavian researchgibaek et al., 2000)In

some cases the introduction of regional fixed effects amplifies the elasticity (see for instance
Papps (2001)), while in others they are muted (see for instance Baltagi, Blien, & Wolf
(2000)). Blanchflower & Oswald (1994: 18Emphasizé their incluson to distinguish

betweerong-run andshortrun differences in the wagenemployment relationship.

Suppose that the population regression function contains regional fixed effectsapnd
optimal local labour markets are defined by an unknown radasfollows:
1 T@hi & Q¢ "Qf FTTTE€EQaNaE OO - 0:€(2. 2)

Without accounting for regional fixed effects, estimates of shertrun wage curve
coefficients deviate from the population coefficiet¢pending on the relationship between

the unemployment rate and the fixed effects:

f & 1Qd 1 “N* g (2.3)

Given that mtand that the relationship betwethe unemployment rate and fixed effects
is positivepositive,]  will be underestimated (or biased towards zero). Alternatively, if the
long-run relationship (the correlation between unemployment and the regional fixed effects)

is negativel, will be overestimated (or more negative than it should be).

A positive long-run relationship is empirically verified in the United States (along with a
negative transitory wage curve) (Blanchflower & Oswald, 1994), while a nedatigeun
relationshippersists in the Nordic states (with a statistically insignificant transitory wage
curve) (Albaek, et al., 2000). lng-run negative relationship in the latter case explains why
unemployment elasticities are overstated when not accounting for fixed ¢ffextgh small

numbers of regions in their analysis could be confounding this analysis).

Why, then do the Nordic results differ from t'l
learnt for South Africa? Albaek, et al. (2008mphasizehe role ofcentalizedbargaining in
driving these results. Under highbentralizedbargaining regimes, wages are likely to be

unresponsive to highéocal unemployment, as they are set at a more central regional level.
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Recent firmlevel evidence for Germany estimateparate wage curves for workers who
negotiate at the firm level and workers that are covered by sgitterbargaining agreements
(Blien, et al., 2013)Wages are not at all responsive to local unemployment when workers
benefit from sectoral agreementswayer,unionizedworkers that negotiate only at the firm

level do display wage curve behaviour. The implication is that the further removed the
negotiation is from the firm, wages tend to become less flexible, as agreements do not take
local labour marketonditions into sufficient account.

Given the provision for sectoral determination in South Africa, the high wage flexibility

found by Kingdon & Knight (2006a) is surprising, and requires further investigation. It is

likely that spatial heterogeneity hamt keen effectively accounted foSome sectoral

bargaining councils areentralizedat the national level in South Africa, while others

ecompass large districts. In each of these cases, bargaioegralizedo a level beyond the

immediate frmortwn, so that wages may al so not be as r
conditions. The following section will follow up with a review of the literature, with the role

of bargaining in mind in generating results di
2.3.1. A metaanalysis of wage curve studies and regional heterogeneity

Nijkamp & Poot & s-anal@sts ehbwys thatincluslingiragignal imed effects in
wage curve specifications reduces elasticities by an average of 0.035 percentage points,
though this fdl is not statistically significant across the specifications they survey.
Accounting forlongrun wage sdtng dynamics therefore does not detract from the wage
curve as a transitory empirical law in most instances. However, most of the studies they
surveyare taken from developed country evidence, where unemployment is not as high, and
also not as dispersed across regions. They also do not explicitly explore the dimension of
centralizedbargaining in determining differefdng-run equilibria, as noted abevHowever,

one of their examples specificallgmphasize the role of centralized bargaining in
distinguishing between Bbngrun and ashortrun wage curve(Albaek et al., 2000)The

object of this section is to highlight the main features of their 1aetdysis, but to also study
whether their conclusions on fixed effects can be potentially differentiated along the lines of
the degree ofentralizedbargaining within an econompddi t i onal | 'y, t he numbe
labour markets in each study is highlighted, in order to understand whether researchers use
small or large regions to find their effects, and by implication to learn about the size of local

labour markets in wage curggudies.

Most studies utilise repeated cross sections, and present evidence of wage curves with and

without regional fixed effects; in these studies it is possible to include fixed effects at the
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same level at which unemployment rates are calculated dthe ttme dimension that is
present in the series of data. In a few cases a single cross section survey is used by necessity,
and fixed effects are included for regions that are geographically larger than the level at
which unemployment rates are calcutht&his raises the question whether fixed effects for
regions larger than those for which unemployment rates are estimated can effectively remove
the long-run component of thevage sding relationship. Before exploring these dimensions

in light of Nijkamp& P o @Q0%)®verview, the context of South Africa is sketched.

Kingdon & Knightoés (2006a) work is a case in |
separatéong-run from shortrun wage curve effects. In thabsence of multiple datasets with

geographic variation, they resort to using eness sectioal survey. Consequently, they are

not able to introduce regional fixed effects at the same level of aggregation as the
unemployment rates they measure. As a rsgdaest option, they include fixed effects for

regions with larger geographic definittonHowever, even within these larger regions,

substantial heterogeneity exists in unemployment rates. Despite some provinces clearly

having higher unemployment ratesarerage, it is evident that the heterogeneity within these

geographic units is nemegligible. Notably, unemployment is highly correlated with the

apartheid homeland demarcations.

Figure 21 shows that this is true even in the 204 period, some years after the
homeland system was abandoned by the-jpassition regime. Many provinces (asHigure

2.3), display substantial variation in unemploymeuithin their boundaries, with homeland
subregions standing out as high unemployment areas. This contrast is particularly stark in the
northernmost Limpopo province of South AfricAVhile this province is a high
unemployment region as a totalitiFigure 23), it also contains many magisterial districts
with substantially lower levels of unemployment that are directly adjacent to high
unemployment districts. As discussed above, this persistent situation is potentially the product
of social grants that hawpanded more rapidly in homeland regigRg&enaar & von Fintel,

2014) unemployed individuals live in households with recipients of grants and remain
isolated from main labour market cent{€$asen & Woolard, 2009)Alternatively, the costs

of migration mg be high, as existinand rights would be forfeited if individuals decided to

move from the homelands to enter the urban labour market.

Not accounting for this level of heterogeneity is potentially important for wage curve
analyses. It is firstly evident hat a provi nce potentially cannot

purely by the differences in unemployment within these administrative regions. However, if

* They include provincial fixed effects (the demarcationssa@vnin Figure 23), while estimating
unemployment ratef®r survey clusters.
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wages setters disregard these differences and factor average unemployment rates within
geographiclly dispersed social networks into wage bargaining, then a province or even a
larger region could nevertheless be regarded as a local labour market. The alternatives should

be investigated by conducting various wage curve analyses, testing the robus$tness o
estimates to the labour market demarcation chosen.
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Legend
HomelLnd1995

MD Unempl 2000-2004
[J10.0-0.0

[ 0.0000 - 0.0872
[]0.0872 - 0.1744
[]0.1744 - 0.2616
[]0.2616 - 0.3488
] 0.3488 - 0.4360
[ 0.4360 - 0.5232
[ 0.5232 - 0.6104
[ 0.6104 - 0.6976
[l 0.6976 - 0.7848
Il 0.7848 - 0.8720

Figure 2.1 Broad magisterial district unemployment rates- 20002004

Source: Own calculations from LFS262004. The unemployment rate is for #h&ire labour force within the region, calculated by the broad definition and pooled over the
period
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Figure 2.2 Broad district council unemployment rates- 20002004

Source: Own calculations from LFS262004. The unemployent rate is for the entire labour force within the region, calculated by the broad definition and pooled over the

period.
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Legend
DC_unempl_2000-2004
[10.1789 - 0.2155
[]0.2155 - 0.2521
[10.2521 - 0.2887
[] 0.2887 - 0.3253
[ 0.3253 - 0.3619
[ 0.3619 - 0.3985
[ 0.3985 - 0.4351
I 0.4351 - 0.4717
B 0.4717 - 0.5083
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Legend
prov_unempl_2000-2004
[10.0-0.0
[10.2597 - 0.2824
[]0.2824 - 0.3052
[10.3052 - 0.3279
[ 0.3279 - 0.3507
[ 0.3507 - 0.3734
[ 0.3734 - 0.3962
I 0.3962 - 0.4189
B 0.4189 - 0.4417
Bl 0.4417 - 0.4644
Il 0.4644 - 0.4872

Figure 2.3 Broad provincial unemployment rates- 20062004

Source: Own calcutins from LFS200€004. The unemployment rate is for the entire labour force within the region, calculated by the broad definition andgxabled o
period.
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Furthermoreif it is true that labour markets are defined by areas smaller than a province, the
heterogeneitywithin provinces will not be accounted for by introducing fixed effects
representing this larger geographic level. Given that unemployment is of aelomg
structural nature in South Africa, it is not sure that incorrectly defined fixed effects can purge

the wage curve relationship from this feature adequately.

Finally, Card (1995) highlights issues with degrees of freedom when regions are few: to
illustrate, should 9 provincial unemployment rates be used to model individual wages, the
wage curve elasticity is not based on the number of individuals, but 9 multiplied by the
number of surveys used. As a result, standard inference using aggregated datairto expla
individual level outcomes is potentially misleading, if the number of aggregate units is small
(Moulton, 1990) Using smaller regions would have the benefit of more units of observation
to cover the map, and which reducesigpems for statistical inference. In this study, standard
errors are clustered at the relevant geographic unit to account for this problem, as is done
elsewhere in thevage curve literaturéSanzde-Galdeano & Turunen, 2006)

Kingdon & Knight (2006a) takexiccount of the first and third concerns in their study by
estimating unemployment rates at the survey cluster level, which covers substantially smaller
areas than provinces. However, their use of cross sectional data does not allow them to
address the send concern, so that it is likely that sufficient letegm heterogeneity remains
unabsorbed by fixed effects estimation. Other studies suffer the same limitations
(Blanchflower & Oswald, 1990; WintdEbner, 1996). In each case, the introduction of fixed
effects at a level of aggregation larger than the unemployment rate reduces wage curve
elasticities, though does not render them insignificant (as is the case in other studies).
However, the potential remains that the elasticity remains overstated. Thibilfigsis

discussed in more detail below.

While Nijkamp & Poot (2005) conclude that the introduction of fixed effects does not have an
overall impact on the elasticities that they survey, some specific differences nevertheless
emerge. As noted above, theverview does not pay much attention to the problem of using
few (but large) regions to proxy for labour markets, and also does not consider the role that
fixed effects can play whecentralizedbargaining is high. The rest of this section provides
somere-interpretation of their evidence, which also potentially explains why Kingdon &
Knight (2006a) obtain results that are not expected for an economy such as South Africa.
Table2.1 draws together most of the estimates they review (bar for those framodkeof

Blanchflower & Oswald (1994)), but now explicitly focusses on study dimensons relevant to

® Unemployment rates should ideally alse treated as generated regressors, mitteconservative
standard errorbeing implemented. While acknowledging this shortcoming, it is beyond the scope of
this study to consider the effects of this potential problem on statistical inference.

27



the current question, namely the number of regional unemployment rates, the number of
regional fixed effects, and also the potential dentralizedbargainiry to dampershortrun

wage fluctuations. The latter is achieved by comparing countries by measures of the degree of
centraliation of their collective bargaining systems (lverson, 1998) and the prevalence of
central bargaining (Driffill, 2006). The purposé this attempt is to highlight under which
circumstances various empirical strategies generate wage curves that should be scrutinised

more carefully, and to give potential explanations for some of the deviations from the norm.

Starting with studies ofauntries that have lower levels @éntralizedbargaining, US and UK
estimates are robustly in line with the wage curve, even when accounting for regional fixed
effects. The exception is the repeated cross section estimate of Blanchflower & Oswald
(1990),which becomes statistically insignificant when fixed effects are introduced. However,
this exposes a problem of limited degrees of freedom rather than bias (Card, 1995), as only 11
regional unemployment rates were constructed. This questions the validitatistical
inference rather than economic factors that lead to the apparent inflexibility that is measured.
The specifications of Wagner (1994) suffer the same problem, so that the insignificance after
fixed effects are introduced can potentially nae kttributed to the relatively high

centraliation of bargaining that prevails in Germany.

However, other estimates for (East and West) Germany are also rendered insignificant by
regionalfixed effects (Baltagi, Blien, & Wolf, 2000; Baltagi & Blien, 1998)espite defining

larger numbers of regions. As a result, the potential role éen&ralizedbargaining channel
reemerges. Other estimates for Germany (Pannenberg & Schwarze, 1998; Buettner, 1999)
remain significant but small after conditioning on gl dummies. For Germany (with
relatively highlycentralizedbargaining institutions), the evidence could be consistent with the
claims of Albaek, et al. (2000) that wage curve elasticities are either small or insignificant in

the presence of strongbertralizedbargaining.

However, antipodean studies (in regions with only slightly lower degreesmifalized
bargaining than Germany) do not follow this pattern. Australian repeated cross sectional data
(Kennedy & Borland, 2000) yields smaller (yet siggaht) estimates of the elasticity after
introducing fixed effects, despite a small number of defined regions and moderate levels of
centralizedbargaining. In the case of New Zealand, the elasticity becomes more strongly
negative (Papps, 2001). Belgiantiemtes (Janssens & Konings, 1998) follow a similar
pattern to those from Australia, with similar limitations in terms of humbers of regions and

within a similar bargaining environment.

Turning to highly centralized bargaining regions, Albaek, et al. (Z)Oattribute their

insignificant elasticities (after introducing regional fixed effects) toctr@ralizedbargaining
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systems that operate in the Nordic countries. However, small degrees of freedom could just as
likely be playing a role in this case, othiban the reasons that they offer. Their choice of few

but | arge regions may, however, be justified
be potentially larger where central bargaining prevails. Furthermore, Austrian estimates
(Winter-Ebner, 196) 7 with a sufficient number of regions (though a small number of fixed
effects)i remain statistically significant once controlling for region. This is true despite it

being at the extreme of tleentralizedbargaining spectrum; however, the lack of additional

cross sections entails that higher level regional fixed effects were not likely to mop up the full
degree of heterogeneity that was present in the data. This is similar to the case of South
Africa.

Ovenll, then, evidence farentralizedbargaining as the mechanism for insignificant or small
shortrun estimates does carry some credibility, and is potentially masked by the existing
metaanal ysi s6 inclusion of many stoerdralized wi t h
bargaining, and in some instances low effective statistical degrees of frébijkamp &

Poot, 2005) The evidence on the number of local labour markets and fixed effects is also not
unambiguous from this metmalysis. However, understanding levels of heterogeneity within
these regions (perhaps also along the lines of bargaining countglsalia) is a potential

route to uncovering why definitions of regions are as important for wage curve analysis as
their presace in the literature suggests. This paper will not repeat a-anatgsis taking

these specific factors into account, but will attempt to illustrate these features using a series of
repeated South African cross sections. In this context, collective biagaplays an
important role in thavage sding mechanisn{Bhorat et al., 2012; Magruder, 20134s a
result,shortrun wage flexibility could be limited, while Bbng-runtradeoff may nevertheless

emerge. Spatial hetogeneity is therefore a potentially important component of the analysis.
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Table 21 Summary of wage curve studies and their regional fixedffects

Centralization Collective bargaining
coverage
Author Country Period Data type | Number of FE Regions Impact of introducing r egional FE Index® Score | 1980 | 1990 | 2000
u% rates

Blanchflower & | Britain 1981 Cs 65 9 | Elasticity remains significantly negativg 0.177 3+ 70 40 30
Oswald (1990)
Blanchflower & | Britain 19831987 | RepCS 11 11 | Elasticity becomes insignificant 0.177 3+ 70 40 30
Oswald (1990)
Wagner (1994) | W Germany | 1979;1985 | RepCS 10 10 | Elasticity becomes insignificant 0.377 5-- 80 80 90
Wagner (1994) | W Germany | 19841990 | RepCS 9 9 | Elasticitybecomes insignificant 0.377 5-- 80 80 90
Bratsberg & USA 19791993 | Panel 1376 1376 | Elasticity becomes smaller, but remainy 0.071 2 26 18 14
Turunen (1996) significant
Winter-Ebmer Austria 1983 CS 99 regions X 9 | Elasticity becomesmaller, but remains | 0.431 6 95 95 95
(1996) 3loccupations significant
Partridge & USA 19721991 | Statepanel 48 48 | Elasticity is positive, but becomes 0.071 2 26 18 14
Rickman (1997) smaller
Baltagi & Blien Germany 19811990 | Panel 142 142 | Not significant for allworkers, except | 0.377 5-- 80 80 90
(1998) when instrument added
Janssens & Belgium 19851992 | Indiv Panel 11 11 | Remains negatively sigficiant 0.321 4 90 90 90
Konings (1998)
Pannenberg & E Germany | 19921994 | Indiv Panel 35 35 | Elasticity negatively significant with
Schwarze (1998) regional FE, buhotwith individual FE
Buettner (1999) | W Germany | 1992 RegPanel 325 325 | Small but negatively significant 0.377 5-- 80 80 90
Albaek et al Nordic 19891993 | RepCS 81to 19 81019 | Large regioru% insignificantwith same | 0.459to | 5-to5 | 70to | 70to | 70 to
(2000) Countries FE; limited effect for district level 0.538 90 90 90
Baltagi et al E Germany | 19931998 | RepCS 114 114 | Fixed effects kocksignificance,
(2000) instruments bring it back
Kennedy & Australia 19821995 | RepCS 7 7 | Elasticity becomes smaller, but remain 4 80 80 80
Borland (2000) significant
Papps (2001) N Zealand 19861996 | RepCS 60 30 | Elasticity becomes stronger 4 60 60 25
Blanchflower Eastern 19911997 | RepCS 6 to 42 6 to 42| Elasiticty becomes smaltesignificant in
(2001) Europe most estimates; sometimes insignificarn

Source: Own summary sfudies intuded inmetaanalysis of Nijkamp & Poot (2005CS = Cross Sectio@entraliation indexfrom Slverson (1998)centraliation score &collective bargaining coverage indicators

from *Driffill (2006).
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2.3.2. Regional heterogeneity and wage curve bias

This section proceeds to outline how the wage curve specification can be distorted by
inappopriatelyaccounting forspatial heterogeneity, and furthermore considering the impact
of measuring unemployment at the incorrect spatial dimension. In each case, the potential
bias for estimates is considered in order to establish the most credibl® watiniate the

relationship using South African data.
As before, suppose that the true wage curve is represented by:
I T@oi & Q¢ Qf F1TT6EQENmO QT w: Q:é (2. 4)

where Q= “: _ 0 : ,iandt index indviduals and time respectivelgndi”

indexes a set of geographic reference regions. The latter are true (but unknown) functional
local labour markets, for which individuals take the full set of information into account in
their wage demats. The size and number of these regions within a country depends on how
spatially polarizd the labour market is, but may also be influenced by social network
connections that bridge regions with very different labour market conditions. Should labour
market circumstances be fairly homogenous across space, and workers able to migrate freely
into another region or industry, the optimal region may be fairly large. In the South African
case, these optimal regions have the potential for being smaller thdmeircotuntries, owing

to the spatial segregation introduced by the homeland system. While labour market movement
between these regions has been liberalised after apartheid, the spatial patterns along very
small regional lines still persist (as is evidentRigure 21). However, even collective
bargaining and temporary migrati¢iosel, 2010fan extend the labour market to encompass
regions that are spatially far aparhis could occuthrough the working of social netwotks

which are found to be very important for job search and hiring in South Africa (Hofmeyr,
2010; Schoer, et al., 2014)

Should equation (2.4) be estimated without adding any regional fixed effects, the standard
result holds that coefficients of interest may be biased and inconsistent if any of the covariates
are correlated with the unobserved heterogeneity that is absartedhe error term
(Wooldridge, 201Q) As highlighted by equation (2.3), bias depends on ltdrerrun

relationship between wages and unemployment

2.3.2.1. Fixed effects for ncoptimal regions

Suppose, however, that a lacking tigienension in the data disallows fixed effects to be
added at the same level of spatial aggregation at which the unemployment rate is calculated.

Where spatial differences are important, it may be preferable to account for heterogeneity at a
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geographic levMehat is typically larger than the optimal labour market, a strategy followed by
Kingdon & Knight (2006a). Suppose that it is still possible to calculate unemployment rates
for true local labour markets, but that fixed effects for larger regions andtrieduare

included as follows:
I T@hi & Q¢ Of T 1T T6CEQanaé waQéwd: B 8 (2.5)

B:g| =*:is now a weighted faver

where'(® ‘ 6 and’

= ZO
fixed effects of all ofthe true unknown sutegions (° of which the larger regioni ( is

comprised, with the optimal region specific deviations (from this average being absorbed

into 6 o : |, =
Hence,
so that

N w y z nz

nafQa 1 —38 (2.6)
where

GEDTCE QaNnae ddQt 0
6ebT@E QanNN - —B: | :06bTCEQENN - (2. 7)
O

Given that this suoptimal fixe d effect does, not i mo p up o a

heterogeneity in a true but unobserved labour market, bias emerges, as in (2.6). The first term
of equation (2.7) determines the inconsistency that would arise if no fixed effects were
included in the spdfication, as highlighted in (2.3). The second term in (2.7) represents the
potential reduction in this bias that results from at least including the rougher fixed effects.
However, suppose that large degrees of spatial heterogeneity exists within ¢énedlistrirt

(i than in each of its component districis’)( so that one district (say) with a large
population (large <) is a high unemploymesitigh wage district (in the HarrBodaro
(1970) sense), while other districts have (say) close to zercelations between
unemployment and thHeng-run wage fixed effect. The consequence of this would be a large
between district correlation (large first term), and a small sum of within district correlations
(small second term), so that the overall corretatbetween unemployment and the
unobservable heterogeneity is not eliminated by the rougher fixed effect. Essentially this

suggests that if area fixed effects attempt to account for large levels of heterogeneity across
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subregions, it stays likely that tisates will remain biased and inconsistent if this
heterogeneitywithin the larger regions is substantial. Shotildaccount for much of the

variation in* z as opposed tp -, this strategy will result in minimal bias.

2.3.2.2. Optimal Labour Market Sizior Wage Curve Analysis

Since most studies in the wage curve literature are silent on what should be the size of the
foptimal 6 | abour market, and no clear prescrirg
should be calculated, other potential (unredic problems may arise as a result. Wagner

(1994) and Kingdon & Knight (2006a), for instance, recommend that unemployment rates
should be measured at | ower l evel s of aggrega
however, assumes that other factoushs ascentralizedwage sding and demographic

networks across large distances do galvaniz small regions into larger definitions of

Al ocalityo. Presumabl vy, mo st applied work rel
available in survey data, whids often dictated by the sampling design, or political and
administrative divisions. Kingdon & Knight (2006a) state this explicitly, noting that their

choice of locality was datdriven and not bsd on institutional knowledge. Where local

labour marketsaturally fill these boundaries (such as where minimum wages and bargaining

are defined regionally), this is unproblematic.

However, extending the analysis above, it may be that unemployment rates that are calculated
for larger than optimal geographic regs, could compromise the estimation of the elasticity

if labour markets are truly smallSuppose now that unemployment is calculated for a larger
region {) than is optimal and used to estimate (2.8) below. Unemployment is now assumed
to be measured Wi error( :¢ ) that is multiplicative with the unemployment rate of the

unknown optimal labour market region’ d,
TT@O1 ¢ QT T 1 TCEQANGE WAaRHO M
I I TCEQanat g Qg o QU

I 11 TCEQanat g QEpd 0 (2.8)

whereU Bl ¢ ,= _ 1T 111C:=p o]

0

so that

® While this discussiofocuses on regions that are larger than optimal, the resarisfer to a situation
where regions may be smaller than optimal, which also induces measurement error.
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A & 1Qd | “N° (2.9

0

This specification now yields a composite error term with two additional components that can
be potentially correlated with unemployment. The sedena in equation (2.9) is associated
with the incorrect specification of fixed effects, while the first is of interest with regards to
suboptimal labour market size. Under classical measurement error assumptions, the
inappropriate size of the labour markeill reduce the absolute value of wage curve
estimates. This will be true when labour markets are defined as either tomsinalllarge,
compared to the optimal size. As® &1 € 7Q -¢ T, Or as measurement eri@iue to
incorrect demarcatia) becomes equally dispersed across sptme bias is removed. As a
result, the maximum wage curve estimates (in absolute value) will be obtained for labour
markets that are most appropriately defined in the data. Any demarcation smaller or larger in
area vill yield a muted wage curve elasticity. For definitional purposes, therefore, locality can

be defined as regions for which wage curve elasticities are largest.

Each of these measurement concerns can be addressed by respectively introducing
appropriate fied effects in order to isolate the transitory wage curve effect, and by defining
locality according to geographic regions that are known to operate as separate labour markets.
However, knowledge about optimal labour market size is not necessarily ava#éable
acknowledged by Kingdon & Knight (2006a). Alternatively, one could instrument to account
for this type of measurement error. Apart from inappropriate reach, choosing local labour
market demarcations that are too small may also lead to attenuationelaitesl to the
sampling frame: if surveys are stratified to be representative of geographic regions that are
larger than chosen areas, unemployment rates may be constructed with too few observations
to reflect the population of that place. A tremfé exists in calculating representative
unemployment rates for fewer, larger regions, and having gregdiss sectical variation
achieved by calculating more unemployment rates for smaller regions. Instrumentation is

therefore vital to account for all typesmkasurement error.

While instrumental variable¢lV) are commonly used in the wage curve literature, the
purpose is never explicitly related to measurement error. Rather, researchers instrument to
account for possible firectional causality that introdes additional bias to estimates.
Kingdon & Knight (2006a) argue that wages that are bargained beyond +oliadng levels

induce higher unemployment, a proposition that others have also suggested to be true for
South Africa (Fedderke, 2012). Conseqlienestimates of wave curve elasticities will be
biased toward zero. Kingdon & Knight (2006a) illustrate this by their use of clestdr

indicators as instruments.
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The standard IV approach followed in this literature assumes that local unemployrasnt rat
are predetermined, so that time lags thereof are used as instruments for curreiBaithgs

et al., 2012) In the absence of a time dimension in the data, Kingdon & Knight (2006a) did
not follow this route. While fixeeffects reduced wage curves estimates to insignificance in
Turkey, adding lagged instruments brings them back in line with the normal benchmark of
0.1 (Baltagi et al., 2012)This confirms the direction of bias resulting froaeverse causality.
However, IV results ignore the measurement error issues discussed here. If, for instance, the
same incorrect labour market demarcation is usedlliperiods, measurement errors will
surely be correlated over time, renderitig IV endognous andestimates inconsistent.
Additionally, if a large component of unemployment rates is time persistent, adding fixed
effects will strip substantial variation from both the current and lag periods. Thesriesalt
weak instrumentEach of these faots calls for alternative instrumentation strategies. This
paper explores the use of two other instrunfents

Firstly, a spatial discontinuity is exploited: unemployment rates jump at former apartheid
homeland borders. They increase, the further theyrara the bordemwithin homelands,

while they decrease with distanoatsidethe homelands. However, this instrument is time
invariant and correlated with labour market demarcations, so that it is not compatible with
fixed effects estimation. Secondly, spéitilags of unemployment rates are used as
instruments Magisterial district unemployment rates are weighted within adptermined

radius (of 200km) from the centroid of the disfti®Veights are represented by the inverse of
the distance between the tmid of one magisterial district from the centroid of another. In

so doing, information that is spatially distant is given less weight in the composite
unemployment rates, under the assumption that variables have greater influence on each
other, the closethe geographic proximityArbia, 2006) Magruder (2012 instruments for
bargaining council status in a magisterial district with the status in a larger district council,
similarly to this approach. However, if the local labouarket is in actual fact larger than the
boundaries of the magisterial district, wages will be directly influenced by unemployment
rates further afield, so that this may potentially result in an endogenous instrument. These

eventualities are discussedevh necessary.

” A third approach was also followed unsuccessfidlyd is not shown in the teRainfall deviations
from along-runtrend, as collected bBylatsuura& Willmot (2012)are potentially correlated with
labour market conditions in developing countridswever, given the diminishing role of agriculture
in the economy, it is no surprise that this was a weak instrumeatdtegs of specification.

® Robustness checks use other radii. However, the instrument is weak at other intervals.
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2.4. Data and gproach

To explore these potential problems with wage curve estimates, we turn to the context of
Kingdon & Knight (2006a), who find a wage curve for South Africa using cross sectional
data in 1993. While they are able to estimateemployment rates for fairly small
geographical regions survey clusters, which are smaller than magisterial districts (as in
Figure 21) T their use of a cross section survaevents them froncontrolling for fixed

effects at that same spatial level. They therefore estimate approximately 360 cluster level

unemployment rates and include only 9 provincial fixed effects.

This study employa seri es of cross sections from Sout't
enumerated twice yearly in March and September by Statistics South Africa. The period

spans September 2000 to March 2004, and is able to cahtorirun changes in earnings

and unemplgment. These particular rounds have been chosen because they allow for the
identification of individualsé place of reside
magisterial districts as iRigure 21, then larger district councils as Figure 22 and finally

provinces as inFigure 23°). The various demarcations allow fpotential locallabour

markets of various sizes to be differentiated, as well as multiple levels of regional
heterogeneity. Furthermore, this period is known fonsistent measurement of labour

market status and earnings over ti(Beirger & Yu, 2006) While this time was marked by

robust economic growth, unemployment continued to rise concurrently. It is therefore of

interest to know whether wages moderated inaesp to growing unemployment (or whether

they tracked positive economic growth more closely). Furthermore, the empirical analysis

seeks to understand whether existing highgrun unemployment influences the wage

setting relationship.

Unemployment ratesre based on the broad definition, following the recommendation of
Kingdon & Knight (2006b). Discouraged workers are classified as part of the labour market
through their similarities to the searching unemployed and also because wage setters take the
stockof discouraged workers into account when framing their decisions. Individual monthly

log earnings are used with a Hmg specification, so that the coefficient of interest represents

° Magisterial districtsare administrative boundasi¢hat were adhered to in the apartheid idawever,

many postapartheid sampling framesed these small units, and data in various years can be linked at
this geographicdvel. District councils areew administrative boundaries that were introduced in the
postapartheid era for the purposes of local governmtmy oversee smaller localumicipalities

These 55 regions are larger than the magisterial districts, and are nwmaflyised of a humber of
former magisterial idtricts. South Africa has a second tier of governance, divided into 9 provinces
since 1994. Other rounds of the LFS catnbe linked to magisterial districts or other small regions,
without additional information. Later datasets, such as the National Income Dynamics Study, enable
precise location of households if secure data is retrieved. At the time of writing, this watorot yet
available.
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an elasticity. Standard Mincerian controls are included, as well aswegel covariates, in
much the same way that Kingdon & Knight (2006a) did.

Initially, specifications probe the question whether wage setters are more likely to respond to
unemployment rates of small regions within which they live (magisterial distracts)hether

they take information from larger areas into account. Should the latter be true, it suggests that
labour markets are not as small as magisterial districts, and that mechanisms that centralize
wage setting (such as bargaining and networksatgoay. In each of these specifications, the

role of spatial heterogeneity is tested, to understand whether the high levels of wage
flexibility previously recorded for South Africa is transitory or letegm. Instrumental
variables account for using potelly inappropriate labour market demarcations and other
measurement errors, as well as reverse causality. Results are differentiated by race and
gender, in order to establish whether demographic groups have specific responses to
(geographically) local lour markets in their wage dematfddf labour markets are still
segmented by race (as was the case under the apartheid dispensation), thiee éxeected

that blacls respond to overall labour market conditions most acutely, as they also make up the
mgority of the population (both the employed and unemployed). Other groups, in contrast,
may not factor overall labour market conditions into their wage setting agreements if they do
not fall within the network of the majority of the populatidwditional analysis in Appendix

A al so reports separate elasticities by indiuvi
the firm that they work in, in order to understand the role that collective bargaining plays in
wage flexibility™.

Appendix B extends thianalysis by estimating local unemployment rates specific to various
racial networks, to probe whether crasgial effects are present: do blacks respond to white
labour market conditions andce versa? Furthermore, the aspect of geographic reach is
incarporated into the croswmcial analysis by estimating elasticities using spatially lagged
unemployment rates at various distances. While it would be preferable to construct spatially
lagged unemployment rates using fgrained regional definitions, the tdadoes not allow

this, and the unit of analysis remains the magisterial district for this section of the analysis.

19 Race and gender are obvious classifications, as they distinguish very separate groups within the
labour market. However, &altagi et al. 2012)show for Turkey, skills, age and education may

present appropriate categorizations. Younger, less educated workers there are more responsive to high
unemployment, likely due to their limited bargaining power. Kingdon & Knight (2006a) also present
separatestimates for the black sydopulation, as well as various demographic groups. While each of
these heterogeneous effects is potentially very real in the South African context, the separation of
effects by sulgroup is limited to two additional cases irpapdices. Appendix A considers differences
by union membership and firm size, while appendix B explores responses to unemployment rates of
own races and other races.

1 Bargaining councils are not measured directly as is dorhbyat et al. 2012) Only wnion status is
contained in the data. Given the larger role for sectoral agreements in wage determination in South
Africa than for unions directly, this proxy for collective bargaining is poor.
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Despite the fact that indicators arenstructed so that spatially distambits are down
weighted, the estimation of unemployment ratesiegnographic network shows how racial
ties diminish the effects of wadeasdingreldtiionst ance ul

that stretch beyond isndividual s6 i mmediate | oc

A priori expectations suggest that optimal local labour markets magfireed at the district
council level (and in some cases magisterial districts), for the simple reason that bargaining
councils are defined by these boundaries, and have been effectively used in the identification

strategy of labour market effects elseveh@lagruder, 2012)
2.5. Results

The discussion commences with resdiitsn Table 22 thathi ghl i ght vari ous r ac
wage setting responses to local unemployment rates of the entire population in their region

(where locality is defined at three levels: magisteriaridist, district councils and provinces).

These results illustrate three features: firstly, that size of the region at which unemployment is
measured matters; secondly, that accounting for unobservedintiar@gant spatial

heterogeneity is influential in ¢hSouth African context; and thirdly, that not all groups are

equally sensitive to overall labour market conditions within their regions. In addition, the role

of reverse <causality and measur ement error i

estimats in later sections.
2.5.1. Optimal labour market size

Starting with the first observation, column 1 B&ble 22 estimates the responsiveness of
individual wages to overalbroad unemployment rates within magisterial districts, with
separate elasticities estimated by race and gentller geographic fixed effects are included.
Since magisterial districts are the smallest geographic units observed in labour market data, it
is also the smallest possible labour market definition that can be delineated by this study.
While Figure 21 highlights that broadly speaking, adjacent magisteriafidisthave similar
unemployment rates, in some cases aggregating to larger geographic regions would
potentially introduce measurement error of the kind that is analysed in equation (2.9) above.
The discussion first focuses on the black population groupgd@n & Knight (2006a),
without appropriate spatial fixed effects, found a wage curve for the population as a whole,

with a slightly weaker estimate for the black adpulatiort®. For black males, an estimate of

12 Analysisin Appendix B differentiates how various groupspesd to regional unemployment rates

that are delimited to race and gender groups.

131n results not shown, the specification of choice does not render a wage curve for the population as a
whole, with or without spatial fixed effects. This is also refledtethe lack of wage curve behaviour

for the other population groups.
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-0.076 is statistically different from zeed the 10 per cent level of significance, and is close
to the standard magnitude @1 found in the international literature. The elasticity for black
females is only slightly smaller, but statistically insignificatibwever, both genders among
this graup have elasticities that are not statistically different fr@rfh, while this proposition

is rejected for all other groups.

Moving to column 5, where unemployment is estimated at the district council level (but no
fixed effects are accounted for), thegeacurve estimates are about twice the magnitude in
absolute value for the black population group, though they are also less precisely estimated.
While the coefficients are not statistically different from zero at conventional significance
levels, they ar@lso not statistically distinguishable frof1 for the black population group.

In sum, moving to the district council level has raised wage curve estimates, but also raised
standard errors. Because wage curve magnitudes are more negative when usohg dist
council unemployment rates, predictions from equation (2.9) suggest that this demarcation is
a more appropriate labour market definition than magisterial districts for the black population

group.

In column 8, where provincial unemployment ratesum®ed in estimation (without any fixed
effects), the magnitude of wage curve estimates for the black population group turns positive.
Importantly, moving to this larger regional demarcation shifts the coefficient away from a
large negative magnitude. Thiarcbe explained by measurement error that is introduced by
choosing a labour market definition that is too large in geographic reach. When
unemployment rates are calculated for geographically large regions (but whaepisuls
display large levels of hetogeneity within these borders), coefficient sizes move away from
the norm of-0.1 towards zero, as equation (2.9) predicSiven that a maximally negative
value is obtained for estimates using district council unemployment rates, this appears to be
the most optimal labour market definition that can be discerned in the data. Both smaller and
larger labour market demarcations vyield less negative estimates; one reason is that
measurement error from swiptimal labour market demarcations is present. Estisnasing
magisterial district unemployment rates are, however, more efficient and yield wage curve

behaviour for the black population group.
2.5.2. Spatial heterogeneity

Turning to the second concern, the importance of spatial heterogeneity is also clearly

illustrated in the South African context. For each of the specifications, unobserved spatial

14 Equation .9) predicts that the coefficient would tend to zero and not necessarily switch to a positive
value, so that factoiether than labour market definiti@me also at gly here Neverthelessthese
estimates indicate that provinces do not define labour markets well for the black population group.
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heterogeneity is accounted for, starting with rough fixed effects for provinces, and
progressing to those for smaller regions (district councils and magisterialtdjsttiolumn 2

is akin to the estimation of Kingdon & Knight (2006a), where magisterial district
unemployment rates are used with provincial fixed effects. Notably, the point estimate hardly
changes for the black population group, though it is more effigi@stimated relative to
column 1. These results, using similar methods, align very closely with the estimates for 1993
by Kingdon & Knight (2006a), where a wage curve elasticity0o®72 is found for black
South Africans. Given the concerns highlightadequations (2.6) and (2.7), it is however
potentially necessary to account for fixed effects of geographically smaller regions. Column 3
does so using district council fixed effects, raising their number from 9 to 55. Again,
coefficient estimates are nstibstantially influenced. At this juncture one might conclude that
black South African wage setters are highly responsive to local unemployment rates;
furthermore one might add that the conclusions of raatdyseqNijkamp & Poot,2005)

that fixed effects d not alter conclusions, apply in this instance .also

However, the multiple time periods in the data allow for the estimation of column 4, where
magisterial district fixed effects can be included alongside unemploymestastimated at

the same level. The coefficient for the black population becomes statistically insignificant,
and is now also distinguishable frofl.1 at the 1% level. In other words, black South
Africans do not exhibit transient wage curve behaviour @pggopriate controls for spatial
heterogeneity are introduced; rather, the negative relationship may indicate -eriang
spatial equilibrium, rather thahortrun responses of wages to slack local labour markets. In
light of equation (2.6), the finer fixed effects reduce the inconsistency that rougher fixed
effects cannot. In fact, these estimates concur with the assertions that wages are inflexible,
and that laboumarket conditions do not influence how demands are for(Redderke,
2012) Rather, one might argue, collective bargaining and unionization lead to simultaneously
higher wages and unemployment, and an inflexible labour mé@viegruder, 2012)Results

in Appendix A explore this proposition further, showing that the null effect that is observed
here is dominated by union members in larger firms.-Maonized workers are responsive

to local labour meket conditions, though they are less sensitive to local unemployment when
they work in large firms. This result indicates that collective bargaining agreements are

extended to these types of workers, and contributes to wage inflexibility.

A similar exercse is repeated for unemployment rates estimated for larger regions. Column 6
introduces provincial fixed effects when unemployment is estimated at the district council
level, with inconsequential changes in the wage curve magnitude. However, once district
council fixed effects are introduced in column 7, tmesviously significantly negative

estimatefor blackscollapses to a magnitudbat is statistically indistinguishable froeero.
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This result isgenerally true for all demographic groups, except fer white population,
which has a robustly large positive elasticijotwithstanding, the coefficiestfor black
malesis ten times the size of estimates using magisterial district unemployment rates with
appropriate fixed effects. Provincial fixed effeet@hen estimating unemployment rates for

the same region type (in column-9Jo not alter magnitudes substantially, but this is from a
baseline estimate in column 8 that was already positive. In sum, finer fixed effects tend to
reduce the inconsistency wage curve estimates in South Afrifix the black population

and provincial unemployment rates are inadequate at capturing local labour market
conditions. A transitory wage curve is unlikely in all specifications, though inefficient
estimation could belouding this result.

Up to this point, only wage curve estimates for the black population group were analysed.
This is because this group constitutes a majority of the population, andcaisoatesthe

overall unemployment rate used in these estimatgerestingly, other groups are not as
responsive in theiwvage sding to the overall unemployment rate within their regians.

most cases, estimates are statistically insignificant, except for whites (and in some cases
coloured males)Regardless of spdication, estimates for the white population group are
positiveandstatisticallysignificantin most instances. They are, however, alwstgsistically
distinguishable from:0.1. Does this constitute a deviation from wage curve behaviour? At
first glane it does, and one might falsely conclude that white individuals raise their wages in
defiance to slack labour market conditions, asserting a strong bargaining position. However,
these results rather suggest that white individuals constitute a distioat lalarket, and that

they potentially temper their wages only when unemployment is high within their ownrr ethno
demographic network. This eventuality is investigated in greater detail in Appendix B.
Without any spatial fixed effects, whites wages are diantly negatively correlated with
therowngr oupds wunempl oyment rate, suggesting that
market. However, once introducing appropriate fixed effects, elasticities are insignificant, so
that white individuals are gendlsanon-responsive to local labour market conditions of all

groups.
2.5.3. Measurement error and reverse causality

The fixed effect analysis does not account for measurement error explicitly, nor for reverse
causality.Table 23 presents nst r ument al variabl esd esti mates,

effectd®. Results without fixed effects are discussed first, in order to understand only the role

% Instead of a twestage least squares (2SLS) estimator, a control function approach is followed. In the
first stage unemployment model, no differentiation by race and gender is introduced. The second stage
contains a residual from the first, but allows ittrumented variable to be interacted with
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of measurement error and reverse causality. Specification 10 follows the standard in the
literature, by using the time lagged log unemployment rate as an instrument f
contemporaneous local unemployment. Instruments are strong, with a first stage F statistic of
183.81, and the Hausmann test concluding that results differ significantly from the OLS
estimates. As is standard, instrumentation increases the absoluteof/ahee wage curve
elasticity, indicating higher wage flexibilifBaltagi et al., 2012; Kingdon & Knight, 2006a)
While it is possible that reverse causality is eliminated, it is also likely that measurement error
as®ciated with incorrectly chosen demarcations is accounted for. For instance: the estimates
for black males and females in specificationidTable 23 (using instrumated magisterial
district unemployment rates without fixed effects) are very close to comparable estimates in
specifications in Table 22 (usingdistrict council uneployment rates without instruments or

fixed effects). Hence, it is possible that the instrumentation strategy corrects for using a
labour market demarcation that is too small (magisterial district), yielding estimates that
would have arisen had a moreurat labour market definition been chosen (district council).

Using the homeland border discontinuity as an instrument yields even larger estimates, with
wage curve behaviour now emerging for all race and gender groups (specification 11). The
spatially lggged unemployment instrument provides a comparable specification in column 12.
Similar identification strategies, using district councils as unemployment regions, also yield
large wage curve elasticities in columns 15 and 16. Geographic instrumentsrefer¢he
potentially fruitful alternative to time lags.

Results from instrument al vari abl esd estimat e:
This clearly illustrates that measurement error and reverse causality are influential in South

Africa, so tha results may be understated. However, the instruments have removed not all

forms of endogeneity, as secti@rb.2. illustrates the importance of spatial heterogeneity for

estimates. For instance, contemporaneous and lagged unemployment rates bothacontain
commontime persistentstructural component. Should this be correlated in any way with

wage fixed effects, IV estimates remain inconsistent. It is likely litvag-run wages are

related tdong-run unemployment, so that corrections for spatial hetereityeare required in

IV estimates of this kind also.

Specifications 13, 14, 18 and 19 instrumanmid introduce appropriate fixed effects for
magisterial districts and district councils respectively. Time and spatial lags are used as
instruments, though theomeland border discontinuity is discarded due to its-timariance

and perfect collinearity with spatial fixed effects. For both demarcations, time lags yield large

demographic classifications. While standard errors should be adjusted to be more conservative, this is
not implemented hergmbens & Wooldridge, 2007)
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negative (but statistically insignificant) wage curve estimates. The instrument®waesel,
particularly weak, with first stage F statistics below 1. As a result, these large, inefficient
estimates are biased and inconsistent. Given that the first and second stages are stripped of the
time persistentcomponent of unemployment by the imustion of fixed effects, the
correlation between the transient components in consecutive periods is poor. While other
studies successfully use this instrumentation strategy with fixed efialtagi et al., 2012)

it is notuseful when local unemployment is structural and permanent in nature, with little of

the variation occurring acrotisne

Alternatively, specification 14 instruments with tlspatial lag. Variation across space
remains intact after fixed effects removelindual means over time. Instruments are now
strong, with a first stage F statistic of 22.99. The Hausmann test reveals that introducing
instruments to the fixed effects specification has, howew@rchanged estimates compared

to specification 4 so tha wages remain inflexible Elasticities are either statistically
insignificant or positively significant for the various demographic groups. The same estimate
using district council unemployment rates again yields large and insignificant elasticities,
though the instrument is again weak.

In all cases when instruments are weak, elasticities are overstated; whenever they are strong,
elasticities are closer to zero once fixed effects are introduced. While the potential exists that
the spatial lag is neverthess endogenous to watfespecification 14 is the best estimate that
attempts to solve for each of spatial heterogeneity, reverse causality and measurement error.
Even without instrumentation, spatial fixed effects reduce the wage curve elasticity to zero.
The implication is that wages are not responsive to local unemployment in South Africa,
concurring with the sentiments Bedderkg2012) but rejecting earlier evidence by Kingdon

& Knight (2006a) on econometric growd

181f wage setters actually take largegion® u n e mmt ta®synto @ccount when bargaining, the
instrument will be correlated with wagdsectly, rather than indirectly through owdistrict
unemployment. As a result, the exclusion restriction may be violated. Appendix B illustrates this
possibility.
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Table 22 OLS wage curve estimates with variousegional unemployment rates and fixed effects specifications, by race and gender

Dependenvariable:log(monthly arnings)- OLS 1 2 3 4 5 6 7 8 9
Unemployment reqior Mauaisterial district (x354) District council (x55) Province (x9)
Black nale -0.076* -0.082**  -0.074** -0.004 -0.148 -0.114* -0.041 0.089 0.173
(0.040) (0.033) (0.032) (0.029) (0.095) (0.063) (0.069) (0.166) (0.152)
2 Black female -0.067 -0.075*  -0.067* -0.028 -0.104 -0.086 -0.027 0.014 0.106
M (0.041) (0.038) (0.034) (0.038) (0.098) (0.092) (0.097) (0.145) (0.137)
B Coloured rale 0.029 0.081* 0.071** 0.062* -0.141*  0.013 0.071 0.174* 0.348*
o (0.043)  (0.042) (0.035) (0.033) | (0.068) (0.072) (0.076) | (0.083)  (0.181)
- % Coloured émale 0.014 0.061 0.051 0.043 -0.188**  -0.037 0.021 0.067 0.243
5 = (0.059) (0.060) (0.051) (0.048) (0.093) (0.090) (0.090) (0.113) (0.206)
kA £ Indian rale 0.101 0.075 0.071 -0.025 0.172 0.140 0.207 -0.103 0.010
g 5 % (0.075)  (0.062) (0.062)  (0.073) |(0.138)  (0.135)  (0.149) | (0.166)  (0.176)
> ;E, ot Indian male 0.103 0.076 0.069 -0.038 0.115 0.069 0.137 -0.172 -0.067
3 G s (0.073) (0.059) (0.053) (0.053) (0.236) (0.213) (0.215) (0.285) (0.312)
g % -\5, S White nale 0.106** 0.128***  0.128***  0.146** | 0.078 0.159** 0.218*** | 0.264 0.423**
g S 2 % (0.048) (0.041) (0.039) (0.039) (0.078) (0.070) (0.078) (0.146) (0.153)
- White female 0.128***  0.160***  0.155*** (0.169*** | 0.114 0.212**  0.271** | 0.326** 0.489**
(0.039)  (0.035)  (0.036)  (0.038) | (0.070) (0.065) (0.076) | (0.130)  (0.193)
Age 0.107***  0.107**  0.106** 0.104*** | 0.108***  0.108** 0.107*** | 0.110***  0.110***
(0.003) (0.003) (0.003) (0.003) (0.005) (0.005) (0.005) (0.007) (0.007)
Age2 -0.001** -0.001*** -0.001*** -0.001*** | -0.001*** -0.001*** -0.001*** | -0.001*** -0.001***
(0.000)  (0.000)  (0.000)  (0.000) | (0.000)  (0.000)  (0.000) | (0.000)  (0.000)
Education -0.030** -0.029*** -0.030*** -0.030*** | -0.025*** -0.025*** -0.026*** | -0.019* -0.020*
(0.004) (0.004) (0.004) (0.004) (0.006) (0.005) (0.005) (0.009) (0.009)
Education 0.011*** 0.010*** 0.011** 0.011*** | 0.011** 0.010** 0.011*** | 0.010***  0.010***
(0.000)  (0.000)  (0.000)  (0.000) | (0.000) (0.000)  (0.000) | (0.001)  (0.001)
Period FE & Race x Gender FE & Region Contro| Y Y Y Y Y Y Y Y Y
Province FE (x9) | N Y N N N Y N N Y
DC FE (x55) N N Y N N N Y N N
MD FE (x354) N N N Y N N N N N
Constant 3.581***  3.424***  3.447**  3.656*** | 3.059** 2.488** 2.800*** | 4.939** 1.527**
R-squared 0.538 0.543 0.547 0.556 0.535 0.539 0.542 0.529 0.53
N 186353 186353 186353 186353 186731 186731 186731 186731 186731

NOTES: * p<0.1, ** p<0.05, *** p<0.01. Own calculations from LFS 2606 2004. Monthly earnings measurediatlividual level and deflated by national CPI. Unempl
measuredby broad definition, agjeographic leel indicated irheadingsAdditional controlsfor regional education compositiomegional occupation compositiomegional
sector compositianStandard errorglustered ageographic level avhich unemployment is measuraa parentheses.
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Table 23 Instrumental Variables wage curve estimates with variousegional unemployment rates and fixed effects specificationby race and gender

Dependent ar: log(monthly arn) 10 12 13 14 15 17 18 19
Unemployment region Magisterial district (x354) District council (x55)
Instrumental variable Time lag Border Spatial g | Time lag Spatial hg | Time lag Border Spatial hg Time lag Spatial g
Black nele -0.141* -0.329%** -0.320** -0.828 0.027 -0.294** -0.496*** -0.046 -0.230 -0.809
(0.063) (0.093) (0.141) (3.344) (0.089) (0.120) (0.163) (0.349) (1.142) (2.541)
Black female -0.144** -0.324*** -0.316** -0.859 0.003 -0.263** -0.445%** -0.002 -0.226 -0.795
(0.057) (0.088) (0.134) (3.347) (0.090) (0.108) (0.165) (0.315) (1.145) (2.529)
- Coloured nale -0.036 -0.236*** -0.258* -0.759 0.073 -0.328*** -0.384*** -0.038 -0.141 -0.697
% (0.063) (0.083) (0.132) (3.344) (0.081) (0.096) (0.134) (0.335) (1.168) (2.539)
s Coloured &male | -0.060 -0.274%*= -0.294** -0.784 0.035 -0.371**= -0.422%** -0.084 -0.192 -0.746
- ; (0.078) (0.085) (0.136) (3.346) (0.081) (0.121) (0.144) (0.350) (1.158) (2.553)
§ % Indian nale 0.024 -0.142* -0.131 -0.859 0.009 0.056 -0.124 0.274 0.043 -0.560
2 < % (0.091) (0.083) (0.155) (3.352) (0.104) (0.190) (0.136) (0.332) (1.182) (2.535)
o *2 = Indian female 0.022 -0.143* -0.131 -0.880 -0.005 -0.082 -0.179 0.219 -0.107 -0.630
5 9 3 (0.090) (0.081) (0.150) (3.355) (0.093) (0.240) (0.229) (0.356) (2.197) (2.546)
3 E o White mele 0.067 -0.107 -0.135 -0.657 0.179* -0.020 -0.163 0.177 0.065 -0.550
g 38 % (0.0712) (0.103) (0.137) (3.354) (0.090) (0.094) (0.151) (0.335) (1.151) (2.534)
= © = White female 0.052 -0.077 -0.107 -0.668 0.212** -0.048 -0.100 0.213 0.061 -0.497
(0.051) (0.095) (0.135) (3.345) (0.092) (0.088) (0.146) (0.333) (1.160) (2.556)
Period FE Y Y Y Y Y Y Y Y Y Y
Race x Gender FE Y Y Y Y Y Y Y Y Y Y
Other Controls Y Y Y Y Y Y Y Y Y Y
DC FE (x55) N N N N N N N N Y Y
MD FE (x354) N N N Y Y N N N N N
Constant 3.471%x* 2.576** 2.588%** 2.394 3.693%* 2.243** 1.566 3.598* 2.466 0.528
R-squared 0.542 0.547 0.546 0.561 0.563 0.541 0.544 0.535 0.547 0.542
N 161843 173362 172618 161843 172618 162389 173740 186731 162389 186731
p-value of Hausmanrest 0.063* 0.001*** 0.049** 0.805 0.731 0.057* 0.048** 0.749 0.866 0.768
F statistic of first sage 183.81 30.908 47.31 0.044 22.99 47.532 27.713 14.139 0.031 0.005

NOTES: *p<0.1, ** p<0.05, *** p<0.01 Own calculations from LFR200® to 2004a. Monthly individual earnings deflated by national CBroad Unempl measured at geographic level indicated in
headings. Additional contralé\ge, Agé Educ, Edug region educomposition, regin occup composition, region sector compositiStandard errorslustered at geographic leyel parentheseontrol
functionsdo notadjug standard errors in 2retage Border IV measures straight line between regional centroid bosgstformer apartheidhomeland border, with a discontinuity at the border. Spatial lag

IV represents the spatially weighted unemployment rate within a radius of 200km of regional centroid. Time lag IV rgpresents o u s
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2.5.4. Long-run equilibrium

South Africads unempl oy mdomgrunfactosskatesalientiniss st ruct u

analysis (Bhorat & Hodge, 1999). Accounting for fixed effects sepes thelongrun
equilibrium from the tansient wage curve. The high wage flexibility recorded by Kingdon &
Knight (2006a)may confounda true zero transient effect withl@eng-run tradeoff between
wages and unemployment, in much the same manner as in Nordic co(fitrask et al.,

2000) This section investigates this possibility.

Figure2.4 plots the wage fixed effec{that are extracteffom various specificationsagainst
magisterial district nemployment raté§ The fixed effects represent the lengn component

of wages Coefficientsthat areestimated(with the inclusion offixed effect$ in Tables 2.2
and 2.3 however, represent shattn relationshipsDifferences between coefficient estimates
and the relationships depicted in Figure thdreforeemphasise the importance of separating
long-run relationships from shertin wage curve estimateSpecification 4n Table 2.2(with

no instruments) yieldsiXed effects that are negatively related to unemployment. Similarly,
specification 12 inTable 23 (with spatially lagged instruments) yields a negativag-run
relaionship. In both of these cases, a null effect was found for transient wage curve estimates.
In contrast, specification 10 imable 23 yielded an insignificantly rgative (but biased)
shortrun elasticity, with a positive relationship in theng-run shown in the figureThe most
trustworthy estimates therefore point to zetertrun flexibility, but a longrun tradeoff
between regional unemployment and wages. AgpeC shows that thiongrun elasticity

associated with the neénstrumented results iRigure2.4 is remarkably close teD.1'®,

Biased estimates rendeslortrun wage curve with déong-run spatial equilibrium that would
agree with migration models in the Harris & Todaro (1970) tradition. Kingdon & Knight
(2006a) therefore find a solution that confounds ghertrun inflexibility of wages with a
long-run equilibrium that reflects migration to regions with relatively high wages and low

unemployment.

Y This demarcation is used because all instruments were weak when using district councils.

18 Appendix C also attempts to isolate lenm historical and geographic factors that contribute to this
long-run tradeoff. While these influences wages, only current fgtmucture within districts alters the
long-run relationship to any degree.
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Figure 2.4 Relationship between wage fixed effects and broad local unemployment rates

NOTES: Own calculations from Labour Force Surv@®00b to 2004afi N o I VO wuses fixed eff e
specification 4 inTable2.2 A Ti me | ag | VO uses fi xCable2Bf freSpad flmgml| ¥Ypeci
uses fixed effectfrom specification 12 iable 23. Unemployment is measured by the broad definition, for the

whole population, at theagisterial district level

2.6. Conclusion

While many studies agree that South Africa has a rigid labour market together with
inflexibility in wage determinationpne piece ofexisting microeconometric evidence has
concluded the opposite (Kingdon & KniglQ06a). However, this chapter has highlighted

the importance of correctly defining local labour markets, accounting for spatial heterogeneity
and using instrumental variables that are not reliant on time variation. The standard approach
of using time lagge instrumental variables is not appropriate in a country where local
unemployment is persistent. This study proposes the use of spatially lagged variables to
identify the wage curve. Each of these microeconometric solutions removes bias of a different
variant. In sum, adjusting for shortcomings yields a metric that points to an inflexible labour

market, providing an updated view of previous evidence.

Firstly, this paper has shown that in thleortrun wages are not very responsive to local
labour market caditions, oncelongrun effects are netted out by appropriate spatial fixed
effects. While instrumentation (in order to account for using inappropriate labour market

demarcations and reverse causality) raises the magnitude of elasticities, combininththis wi
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fixed effects again yields a zero relationship. This concurs with macroeconomic evidence,
suggesting that South African wage setting does not appear to respond to slack labour market

conditions over time.

The best local labour market definition in seywdata appears to be the district council. Two
potential reasons can be offered for this finding. Firstly, smaller magisterial districts are not
adequately sampled in household surveys and unemployment rates therefore lead to
attenuated wage curve estimst However, instrumentation successfully alleviates this
problem. Secondlyand more plausibly)district councils are more appropriate, because
collective bargaining agreements often cover regions that are larger than magisterial districts,

but smallerhan entire provinces.

Additional results suggest that the overall null effect is dominated by unionized workers,
particularly those that work in larger firms. This matches the notion that collective bargaining
agreements extend negotiations to entire regiand industries, limiting the adjustment of
wages when labour market conditions are slack. In particular, respondents working in small
firms exhibitshortrun responses to local unemploymeNbn-unionizedworkers as a whole

are more flexible in wage gitg.

This is not to say that there is no traufébetween wages and local unemployméoing-run

local wages are correlated with local unemployment, in compliance with usual wage curve
behaviour when the preferred specification is investigated. Heheelongrun spatial
equilibrium consists of high wagew unemployment (urban areas), though some former
homeland regions still pay (relatively) high wages in the face of high unemployment.
Estimates that do not separ&iag-run from shortrun scenarios enfound two time horizons,
reflecting only thdong-run equilibrium, but falsely concluding that there is flexibility in the

shortrun.

South Africa does not follow the typical developing country pattern due to its high
unemployment ratéFields, 2011)and because iteng-run spatial equilibrium is not one of
high wagehigh unemployment urban regiodarris & Todaro, 1970)Nor does it strictly
comply with the international norm shortrun wageflexibility in response to slack labour
market conditiongBlanchflower & Oswald, 2008jlue to centralized bargaining institutions
(Albaek et al., 2000)The shortrun rigidities found by this aper suggest that the labour
market is unlikely to adjust to high unemployment through wage adjustment. As a result,
migration is unlikely to occur to regions with high unemployment, which moddoatgsun

wage demands in those areas. This provides otential explanation for the relatively low

levels of migration following the removal of spatial restrictions by the-gpattheid regime.
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Chapter 3

Errors in recalling childhood socioeconomistanding: the

role of anchoring and household formation

3.1. Introduction

The central influence of early life circumstances on outcomes later in life is a link that economists
now recognizewidely (Almond & Currie, 2011) Diverse life choices are enabledlimited by the
environmentin which children grow upranging from early cognitive development to schooling

choices and reaching as far as labour market prospects late in the life cycle.

Longitudinal life course surveys provide the ideal source of datainvestigate the relationship
between childhood inputs anddatlife outcomes. However, th#atahasto be collected over long
periods of time; the surveys are typically verpensive to administer; and thdata thereforés often

not available in deeloping countries. In the absence of longitudinal data, retrospective reports of
earlier life circumstances provide an alternative means of assessing the influence of childhood on
adult outcomes. Foexample, retrospective data ised when studying theffect of childhood
socioeconomic position on adult health outcolidsKenzie & Carter, 2009)

In this study, we evaluate the reliability of retrospective reports of late childhood (adolescence)
socioeconomic statUSES) using data collected in two waves a longitudinal household survey.

The survey was conducted in South Africa, a developing country with high inequality and low levels

of social mobility, both within and across generati@isaino, 2014; Lechtenfeld & Zoch, 2014; Finn

et al., 2014) andtherefore a country wherghildhood circumstances should have a long reach on

diverse outcomes such as schooling and labour market prospects. We consider whether various
reportsof late childhood socioeconomic status, collected from the same adultssecatve waves

of the survey, are affected byrrentdemographic and economic characteristics of the respondent, as
opposed to representing true reflections of the past. We evaluate two measures of childhood
socioeconomic status for this type of anchorgffpct: thed ucati on of tdnétheadul t 6

adul tdéos recall of the househol débs economic stat.?

Childhood socioeconomic status among adults is most commonly measured using information on
parental (and typically paternal) occupation alueation at the time of the adult's childhood.
Importantly, this information is reped byresponderst in their adult livesand not by the parents

themselves. A number of studies that assess these particular retrospective reports generally find
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evidencesupporting their reliabilit{Berney & Blane, 1997; Kriegler et al., 1998; Batty et al., 2005;

Ward, 2011) However, in developing countries such information may be less useful. In South Africa,

for example, large numbers of children grow up in shp@Elent households, typically headed by

mothers. This is a consequence of low marriage rates and a migrant labour system, implemented
under the apartheid regime, where many fathers continue to work and live in urban regions away from
their families (cf.Hill et al., 2008 Posel & Rudwick2013. As ar esul t , i nformati on
education or occupation is often not reported or may be irrelevant. Similarly, adults may have
difficulty recalling mothed sducatiof’. Arguably, these indicators are also more uskfiestablish

the extent ofintergenerationalrather thanife-coursemobility. This is because parental education
directly represents a previous generationos e
socioeconomic status during childhood.

An alternative measure of childhood socioeconomic position is that provided by retrospective
(subjective) appraisals of economic status. For example, respondents may be asked to rate the
economic status of their houwvemhgl poadtr 6sadme 6p dicr
to the economic status of other households. Only a few studies verify the usefulness of such data.
Ward (2011) andstraughen et a[2013) compare consistency in subjective appraisals of childhood
socioeconomic status as® different, but closely related individuals (siblings, or mothers and
daughters). The studies find low concordance betweenfartidy reports of socioeconomic status,

but this is at least partly because subjective assessments are provided by pifgobnt

In this study, we use replicate retrospective reports on childhood economic status, collected from the
same adults in consecutive waves of a South African panel study, to assess the reliability of recall data
on economic status during childhoodh particular, we investigate whether there is evidence of
anchoring in retrospective reports, whereby changes in current circumstances are systematically
associated with changes in retrospective reports of the same individual ovefHte 2007)

Tversky & Kahneman (1974) define anchoring as a cognitive process, whereby individuals assess
their current circumstances and then obtain their view of anptréyd by applying an incremental
changeto this initial anchoring pointHence, the past can be imssted incorrectly in light of
assessments of current circumstandd®e longitudinal approach followed here also allows us to
control for timeinvariant heterogeneity (such as an innate ability to remember past events and other

personality characteristicsising fixed effects estimation. Intfamily studies that are typically used

¥ Moreover, it is not clear what domain of childhood is measured by parental attribatpsr et al(2002) for
instance, suggest that parental education measures the chéiésinal environment, while parental

occupation measures the material environment during childhood. Each is a measure of one facet of childhood
socioeconomic status. The former is potentially more suitable to assess the path of education decidiens over t
life cycle, while the latter attribute affects the financial position of households and credit constraints that
influence future choices.
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to gauge reliability of retrospective data are not able to account for these-ppesific omitted

factors.

Finally, the paper discusses the implications of anchoring foirealpanalysis. Measurement errors
usually lead to biased estimation of regression coefficients. As a result, anchoring compromises
causal estimation of childhood reach. While other authors have used repeated measures of the same
assessment to conducttins u me nt al v a r(Crasdiely & Isednedy,200R)msaid absa not

a solution when anchoring effects are persistent. Additionally, this has implications for the literature
on household bargaining, which uses recalled childhood background chistiastéor identification
(Browning & Bonke, 2009 Browning & Lechene, 2003

In the next section, we review the literature on childhood recall and in section 3 we describe the data
analysed in the study and our methodology. Section 4 presents the agslilisdiscussion of the
implications of poor recall for microeconometric analysis, while section 5 concludesiamaarizs

the main findings.
3.2.Review: the use of retrospective and subjective data

Retrospectivedata ispotentially useful to explore therlg reach of childhood in adult life. Most of

the research on the dependencelifef cycle outcomes on childhood circumstances focuses on
developed country populatioridlmond & Currie, 2011; Cunha et al., 200@)his is at least partly

because of the availability of loregtablished surveys that track individuals from young ages into the

labour market, for instance the National Longitudinal Survey of Youth (NLSY) in the United States.
Conducting suctongrun studies incurs high monetary costs because individuals need to be tracked

or followed, which involves potentially large distances if participants are spatially mobile. Attrition is

also likely to be severe in such a scenario. Furthermore, the commencerseah af study with a

cohort of youths will only yieldongrunout comes at a much | ater dat e,
periodo for conclusions to be drawn. These diff
developing countries. Yet, giveghe potential for chronic poverty and low levels of income mobility,

it is precisely in these regions that an understanding of the reach of childhood factors is particularly

important.

In the absence dife courselongitudinal data, recall data & potentially important alternative. In
contrast to birth cohorstudies, retrospective data fsa v ai | a b | (Haasqz2007:215)| and
guestions asking adults to recall socioeconomic conditions during childhood are easily included, and
at relatively lowcost, in existing survey$lowever, the usefulness of tldata requires that adults are
able to provide a reliable recall of their past, and that this recall is not substantially influenced by the

current characteristics or circumstances of the individua
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In their study of the quality of retrospective data in a developing country s&8oget et al(2001)
describe four typical patterns of errors in recalling the past. The first concerns the length of recall,
whereby the longer the period of recafietmore likely the past will be remembered with error. We
would therefore expect childhood to be recalled with greater error among older adults. However,
where replicate retrospective reports are provided by the same adult, we would not expect
inconsisteng in these reports to derive from length of recall errors, particularly if the retrospective
assessments are collected in relatively close time proximity to each other. In this case, length of recall
errors should be strongly correlated over time, withoasistent error surfacing at both reporting

occasions.

The second type of recall error concerns the salience of what is being recalled. Circumstances and
events wil/ be recalled with | ess err-aghamingf t hey
events, or particularly severe or opportune circumstances, are likely to be remembered with less error.
Hence, childhood socioeconomic status may only be particularly memorable (and recalled correctly)

if adults lived in extreme poverty or wealth dsildren. However, severe childhood circumstances

may also result in nearandom norresponse among adults, particularly when these circumstances are
associated with instability and fr e(ylekenzi¢ & change
Carter, 200).

Third, peopledés recall of the past may be infl u
of past events incorrectly. In particular, memorable events may be recalled as having occurred more
recently than they did. In this case, adults weltperienced distinct upward (or downward) mobility

during childhood may remember this transition as having occurred more recently (for example, during

the early stages of adulthood). Telescoping therefore may result itimldemobility between
childhoodand late adulthood being overstated.

The fourth type of error in recall undergirds e
e v e n(Bravo et al., 1986)occurrences that are easier to recall are reported as having occurred

more frequently.In the case of childhood socioeconomic status, if many temporary shocks to
consumption would have affected a household, an individual might recall more permanent depressed

economic circumstances, despite their-penmanence.

A further problem that affecthe reliability of recall dia is related to anchoring, Ggnitive bias

which was not investigated bgecket et al(2001) Anchoring occurs when retrospective reports are
influenced by the current circumstances or status of the respondent (HaasF2007). e x amp |l e, ad
assessments of socioeconomic status during childhood will be anchored by their current
socioeconomic status if they project these circumstances backwarisky & Kahnemar(1974)
emphasizethat under uncertainty individuals tend taake judgments based on beliefs that are

simplified by a number of heuristics. While simplification reduces the cost of making fairly good
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judgments, errors do arise. Anchoring entails that individuals choose a starting information set, from
which adjustmets are made to conclude on another reference point. In the case of assessing past
socioeconomic status, individuals first consider their current position, and then adjust backwards by
an increment which reflects their perceived rise or fall in the incastebdition between the starting

and end point. Most experiments show that the starting point is influential for the final estimate, even
if the degree of adjustment could be corrétversky & Kahneman, 1974)Hence, if current
circumstances are out ofetfordinary, estimates of the past will be biased in the same direlétion.
anchoring occurs, however, then the usefulness of retrospective data in exploring the reach of
childhood is greatly compromised.

The literature that evaluates the reliability aradidity of retrospective data is relatively limited, and

there are even fewer studies fromvdloping countries (where such recall measwesid be

particularly valuable in the absence of birth cohort studies). Moreover, the collection of replicate
retrogective reports in longitudinal datasets is not common. Survey designers often choose to
Abenchmar ko to reduce interview time (Beckett e
respondents about information that they provided in the previausiyeo that a relevant reference

point is established for subsequent answers. Consequdiffidyent reports from the same individual

are not collectedandfew studies can therefore test for evidence of anchoring in retrospective data.

One exception ia study byHaas (2007)which evaluates reports on retrospective child health status

in a developed country. The study finds that ordinal retrospective reports (across two waves of the
Panel Study of Income Dynamics in the United States) are exactlyteon$es approximately 55 per

cent of respondents, with some marginal shifts to adjacent categories also prevalent in the data. In
order to eliminate these fine differences at category thresholds, measures are also dichotomized,
elevating consistency to pend 90 per cefit Strong consistency suggests that childhood health is a
salient characteristic that is recalled accurately by adults. The study also finds that evidence for
systematic differences in length of recall is weak, with older individuals iregcdhieir childhood as
consistently as younger respondents. However, educated and white individuals were more consistent
in their responses over time. Investments in human capital therefore brought about a potential learning

effect.

A few studies assesbkd validity of retrospective data on socioeconomic status specifically. Some
research compares adultsé recall of childhood ci
years earlier, during childhood (Batty et al. 2005; Brown 2012). Other stenbdisate the reliability

of retrospective reports by comparing assessments of childhood socioeconomic status provided by
different family member$ from pairs of adult female twins (Kriegler et 4098} siblings (Ward

2011); or mothers and their adultudgters (Straughen et al. 2013).

® This is also done to eliminate insubstantial anchoring effects at the margin.
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The findings from these studies are not consistent. Batty et al. (2005), for example,ordport
"moderate" agreement bet ween retrospective 1 epoc
collected early in life (54 pecent of responses corresponded). Brown (2012:21), in contrast, finds
itypically small o differences bet ween adultséo
information that had been collected durheng chil
likelihood of inconsistent reports was far higher among those living in larger households, the less

educated and among those wWehs stable family backgrounds.

Studies which compare retrospective reports provided by different family members tyfirwlly
strong concordance when these reports are on fa
Ward 2011), but far weaker agreement on subjective reports of childhood socioeconomic position
(Ward 2011, Straughen et al. 2013). Krieger et al. (1,988 example, compare responses from pairs

of adult female twins omarental occupation and education during childhood, collectedcioss

sectioral survey. Their resultshowstrong concordance in the recall of father's education (91 per cent
agreemet), and slightly lower concordance in the recall of father's occupational status during
childhood (80 per cent). However, there is no evidence that the extent of agreement varied according

to the education or social class of respondents.

Ward (2011) alsd i nds strong correspondence between sibl
socioeconomic status when this is measured usi
concordance is far lower for a subjective question on how financial statusditoctuil compared to

that of other families, even when the seven ordinal responses are grouped into broader categories.
Similarly, Straughen et al. (2013) identify low agreement between mothers and their daughters in how

they assessed the economic statushradt f ami |y during the daughter és

options, ranging from fivery pooro to fiwell to dc

These findings may suggest that subjective measures (or individual perceptions of economic status)
are recalled wth greater error than more objective measures, and indeed both Ward (2011) and

Straughen et al. (2013) advocate the use of objective indicators of childhood socioeconomic status
(such as parental education and occupation). However, in both studiestiselgesessments from

two different family members are compared, and therefore neither analysis can control for the

possibility of persosspecific response patterns in these assessments. In contrast to recall of parental
education or occupation, howeverarious family members may have different perceptions of

childhood economic status, influenced by individual experiences since childhood.

In this study, we take advantage of replicate reports, provided by the same individual in two waves of
a longitudinaldataset, to assess the reliability of recall data on perceived childhood economic status.
Any changes in reports can be attributed to occurrences dretive two surveys, and are fikely to

be influenced by events before that. We consider whether afiffat reports vary systematically
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according to the demographic and economic characteristics of the respondent, and we focus on
whether there is evidence of anchoring in these reports. In particular, we assess whether changes in
current household income@&an changes in individual sé assessmen:
vill age income distribution, al ter i ndi vidual so6

whether recall answers are coloured by current experiences.
3.3. Dataand methods

The data for the study coradrom a national panel survey for South Africéhe National Income
Dynamics Study (NIDS). We consider data from waves 1 and 2 (collected in 2008 and 2010
respectively), where a series of questions was asked abowasseffsed cient and retrospective
relative economic status advery adult(15 years and older) resident in the household. Additionally,
adults were asked to recall the educational attainment of both biological pamettis. first wave

16802 resident adults werergeyed, whilethis rose t®1613 in the second wavas new households

were incorporated into the surved5113 of these respondents were interviewed in both rolihds.
spacing of the waves is only two years apart, so that inconsistencies in retrosggciite are not

likely to be the result of systematic differences in recall periods since childhood. For similar reasons,
telescoping is unlikely to be influential. However, the time between the surveys is long enough so that
shortrun changes in househlor individual circumstances could have led to anchoring among

respondents. The models presented below explicitly test for correlates of anchoring.

A first question asked individuals to rate their current household incelaté/e tothe distribution of
theirvillage or suburkin 5 bing from much below to much above average. While this question could

have framed answers to subsequent perceptions, the reference group for all other questions was
altered to quiz individuals onational rankings, and the s@las also changed to a more abstract
categoriat i on . These questions asked individuals to
ladder with six rungs, the first representing the poorest South Africans and the sixth the richest.
Firstly, househlols were asked to assess this ranking for their household when they were aged 15, a
subjective measure of relative adolescent socioeconomic status nationally. A-upllgwestion
assessed the same for r espond e whavedbeen primedeoypthe h o u s ¢
same ranking at age 15 due to the ordering in the questionnaire. To minimise such framingéssues,

use the measure at the local leteetapture arrent subjective income statand the national ranking

to capture subjectiveccioeconomic statust adolescence

While the assessment of adolescent socioeconomic status may be useful to explore the reach of
childhood into later life, one of its weaknesses is that it does not capture circumstances in different
periods of childhood (MKenzie & Carter, 2009:23). Furthermore, the subjective nature of the

guestion makes it prone @ number of reporting biasesHowever,it is potentially easier for
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respondents to provide assessments of their own experience than to answer questiotheiabout
parent sé educ at. iThsnfactarnsd particalasly relavant m nSouth Africa, where
(especially black) children have distinctly low probabilities of living with biological par@risel &

Rudwick, 2013)In many instancefathersare abset because of the migrant labour system that leads

many men to work in locations distant from their families; additionally, both marriage and
cohabitation rates are low among blacks, so that children are unlikely to live with both parents. Whilst
remittanes from fathers are nevertheless an important source of income for families, children have
limited direct contact with fathef®ladhavan et al., 2014However, many children also live without
mothers, but with grandparents (Duflo, 2003). Household foomgiatterns raise the potential that
individuals do not know as much about their pa
experiences. As a result, response rates on questions about parental education are poor, and one could

expect greater levelsf uncertainty in responses, leading to lower concordance in responses over time.

The retrospective data &ssessed for consistency across the two waves of the panel, by establishing
the proportion of identical responses over time along various demadagmiptensions. In addition,
kappa statistics are presented to measure concorf{faoben, 1960)These measures adjust for the
probability that agreement was achieved purely by chance:

I 6(3.1.)

Kappa varies from 0 (perfect discordance) to 1 (perfect concorddwhegative values indicaténat
observed agreemelis less than expected by changbey rarelyoccur However, some estimates
below have negative lowerbounds on confidence intervals. Total agreement is simply the proportion
of respondents that gave the same answer tvdbance agreemeii$ defined as the product of
respectivemarginal probabilitieat each ratindor categorie®f the variableHowever, accounting for

the eventuality of random agreement makes these statistics relatively conservative in their conclusions
about concordance. Nevertheless, most researchers in social and medical sefenaeskappa
statistics to understand the consistency across rattaggpa measureely onthe assumption that
assessments apovidedindependerty. In the current application this is not the case, as the same
respondent provided the two assessméeiag compared. This was also the case in the work of
Crossley & Kennedy 2002) where concordancef answers for the same respondemias
establishedKappa statistics araeverthelespresented for the purposes of comparison with other

literature.

Concadance for parental education is measured in categories representing no schooling, primary,
incomplete secondary, matric and psstondary education, which represent important thresholds in

i ndividual sé6 schooling car erusedas Hopendent earigbleswrh e r e

56



models, they are measured continuously. This is because the various groupsaltaiotthe same

number of years in each category

To avoid measuring discordancé the subjective rankinglue to small changes across gaty

margins (such as from ladder rung 5 to 6), a broaakegoriation of childhood socioeconomic status

is also investigated, where rungs are considered in groups of two. The grouped measure only has 3
rungs (representing flpposaed tofbrimithk drigieab questiod. A Bitilarg h 0 )

approach is followed with currente p or t s 0 nposition éhithe vilhge antom® distribution,

where 5 original categories (from Amuch bel ow
groupedsimpy into 3 groups representing fibel ow aver e
most other studies compare individualsé respons

the analysis presented here studies consisterey time for thesameindividuals to control for

personspecific response pattetns

It i's not possible to test for the full val i dit)
which the retrospective measures can be compared (Beckett et al. B0QEver it is possible to

establish whether particular individuals are prone to change jtligimentsof the same reference

point. The key question is whether systematic differences in the reliability of retrospective data

surface according to the sociodemographicamdenteconomic characteristics of respondents.

Following the descriptive analysis, these propositions are tested using various regressions. Firstly,
cross sectiorregressions model the difference in childhood SES assessments across periods as a

functionof wave 1 characteristics and other changes:

Y'YOUY q

I 1 YyYo'y n 1 YO N I YOO Qbodn 06 @& 6 Q

[ OO QbdN Ve @E aQ T YO'Y @ @ - é(3)2

wherei indexes individualsy defines regions represents timey is a vector of demographic

characteristics; is a timeinvariant region fixed effect and is a random error termiYO"Y p, is
represented by recall of individual sé6 position

distribution, as well aseportsof parental education.

While thisOLSregression is not technibaspeaking a first difference regression (as it includes some
variables in levels), it allows us to understand wibelse period indicators, along with changes in
circumstancesyere associated with adjustments rgports over time. Anchoring effects cabe
evaluated by changes tategoried subjectiveposition in thevillage SES distribution, and also
continuouslyreportedincome, while wave levelsof these indicators are included to understand

whether individuals with higher initial incomes tendedattjustChanges i n individua
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subjective weHbeing are introduced as an alternative source of anchofihgse questions asked

individuals to rank their satisfaction with life on a scale from 1 toFLQ.r t her mor e, t he fi
valueof thedependentariableis includedin levels in ordeto understand whether mean reversion in

reporting exists, as is found in actual income dakchtenfeld & Zoch, 2014and most other

phenomenon reported over tirfleversky & Kahneman, 1974)

However, these regressions do not adequately control fofitivaeant unobserved factofsuch as
ability to recallor inherent personality traitsps they only include district fixed effectBherefore
individual fixed effects regredésns are also conducted, including persorel intercepts in the
specification.The disadvantage of this approach is that many of theitivagiant covarates included

in regression (3.2above cannot be included
YOYn 1 17YOY n T OgIQbon Ve dEGQ T - .33
with each of the indices as before,is an individual fixed effect and is a time fixed effect.

With two waves of data, coefficients frorixdd effects regressions are identical to first differenced
regressiongWooldridge, 201D As a result, it is possible to interpret all coefficiemsegression

(3.3) as marginal changes in retrospective reports for a change in the covariates dwer ybar

period despite all variables being specified in lev8eparate analyses are conducted by gender, age
cohorts and race grougsecause these covariates do not vary across Tiheegreater length of recall

for the oldest groups is investigateg Hifferentiating results by ageohorts Additionally, age
differences may also be representative of generational differences, whereby older individuals may
have a differenlikelihood to maintain strong family ties. The result would be better recall on parental
education. Race analyses are conducted to capture a multitude of differences resulting from former
separate development policies. Controls for education are introduced, astudies have shown that

the better educated are more consistent in their recall over time (Haas, 2007).

In addition, fifteen year olds in wave 1 are also analysed separately. This group is of particular
interest, because retrospective data abimctimstances at age 15 enumerated in wave 2, only two
years after the reference period. This additional analysis sheds light on whether length of recall is an

important feature of retrospective reporting.
3.4. Results

3.4.1. Descriptive analysis
This section assesses the quality of two types of recall data on childhood circumstances. We weigh up

the benefits of using objective measures of parental education (with lower variability but also lower

response rates) against subjective measures ofhobidd SES (with higher variability and higher
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response). We would expect objective assessments of parental education to be measured more

consistently by respondents over time. However, the context of South Africa, where nuclear families

are often fragmenteduggests that this information is also more likely to go unreported in a survey

interview. In contrast, individuals may be more willing to rank their childhood socioeconomic status

subjectively, as this information relates to their own experiences rdterthose of their parents.

However, because thmeasuresare subjective, there may be more variability across time, and in

particular, these retrospective reports may be influenced by changes in current circumstances.

Before analysingchanges in retroggtive reportsthis section firstinvestigates theawillingness of

respondents to report retrospectively. In particular, we compare whether objective mgzserdal

education) or subjective indicators (socioeconomic ladders) have better response rates.

Table 31 provides an overview of the sample adultsthat appeared in both waves of the NIDS

panel. Overall, nearly twthirds of respondents rated their childhamtioeconomic status in both

rounds of the survey. In contrast, parental education is particularly poorly reported, with response
rates less than half that of the subjective measdree r al | |,
educat.i

most demographic classifications, it is not as large as we might expect given the nature of family

on

response

rates

ddication. Howevdr, ealthéugh thikfference is statistically significant for

formation in South Africa.

Table 31 Proportions of adult respondentsin balanced panel that reported various recall

measures
_ Mot her Fat her

Childhood SES| £ cation Education N
Overall 0.655  (0.004) [ 0.291 (0.004) | 0.277 (0.004)** [ 15113
Female 0.861  (0.004) | 0.405 (0.006) | 0.373 (0.006y** | 7135
Male 0.471  (0.006) | 0.189 (0.004) | 0.191 (0.009 7978
Black 0.693  (0.004) | 0.323 (0.004) | 0.311 (0.004y** | 11689
Coloured 0.602  (0.010) | 0.172 (0.008) | 0.142 (0.007)** | 2231
Indian 0.485  (0.032) | 0.154 (0.023) | 0.158 (0.024) 241
White 0.360  (0.016) | 0.206 (0.013) | 0.206 (0.013) 952
16-30 years 0.632  (0.006) | 0.144 (0.005) | 0.160 (0.005y** | 5803
30-45 years 0.640  (0.008) | 0.321 (0.007) | 0.294 (0.007)** | 4013
4560 years 0.683  (0.008) | 0.412 (0.009) | 0.377 (0.009y** | 3152
60+ years 0.702  (0.010) | 0.457 (0.011) | 0.416 (0.011)** | 2113
No school 0.373  (0.008) | 0.273 (0.008) | 0.262 (0.008)* | 3405
Primary school 0.769  (0.008) | 0.401 (0.009) | 0.368 (0.009)** | 3026
Incomplete Secondary| 0.742  (0.006) | 0.246 (0.006) | 0.243 (0.006) 5144
Matric 0.696  (0.010) | 0.241 (0.009) | 0.217 (0.009)* 2206
Postsecondary 0.707  (0.013) | 0.343 (0.013) | 0.337 (0.013) 1315

NOTES: Own calculations from NIDS waves 1 and 2. Figures represent the propodiuitefaged 16 years and oldter
the balanced panel whieported the indicator in both waves of the datgh standard errors in parenthesbso-sided F

test of differencebetween response rate n

*10% level.Attriters were excludeffom the analysis.
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Males aresignificantly less likely to provideetrospective reports of all types compared to females.
Whites and Indians are also less likely to respond compared to the less affluent blaakgrophis

is also true for parental edation, for which one would expect black respondents to have lower
response, as they are more likely to live without paferResponse rates increase with age for all
measures, though differences between young and old are starker for the objective gadweatain
responsesResponse rates increase dramatically when adults have some education, rather than no
schooling. This is the case particularly for the subjective assessment of childhood SES, suggesting
thatthe ladder question was more easily undexstoy individuals with some educatfénResponse

rates for parental education are also considerably higher among adults with some, rather than no,
education. A possible explanation is that individuals who have some school experience are also more
likely to have a better reference for what the educational attainment categories in the survey question
represent. However, it is not clear why response rates for parental education then fall among those
with incomplete or complete secondary educatidre qualityof the data is therefore compromised

by highly selective response patterfowever,these patterns also suggest @dlts may have been

l ess willing to guethas totprovwde a sulpeativecasdessrientesd that ghe i o n
reports of the famer may be of higher quality among respondedmntshe absence of longitudinal life
course data, recall data may therefore naaltle toreflectivdy estimatethe reach of childhood for a

nationallyrepresentativadult population.

Selective response farbjective questions indicates that those who were uncertain about parental
education declined to answer, while it is possible that those who did offer this information were more
certain about the true value. In contrast, subjective questions elicit hagtiityy responses, though

they are potentially less accurate. The rest of this section compares the consistency of reports of these
two measures over time, conditibnen having responded to thetn@spective questions in both
surveys.Table 3.2 presents a set of concordance indices, both for the overall sample and for various
demographic groupings. Proportions of consistent responses for indivatwalss time, as well as

kappa measures of concordance are presented for the relative childhood socioeconomic status
measure (in both its original form, and with a coarsgegoriation to eliminate the effects of fine
marginal changes). The same analysisconducted on parental educatibm assess whether
consistencys indeechigher amongst those who respeddue to the objective nature of the question.

In addition, 95 percent confidence intervals for the kappa measures are included to analysansignific

differences of concordance across groups and indicators.

2|t is potentially true, howevethat the more affluent white and Indian populations are concerned with the
privacy of their information, and tend not to report these recall measures

%2 Again, a potential explanation is that more affluent individuals wish to safeguard the privacy of their
information, though this is not verified.
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Only 34 per cent of respondents recall the subjective ranking of childhood socioeconomic status on
six rungs identically across the twear span, while more than double tipercentageprovide
consistent reports for parental education measures in five catéjobespite better response rates

for the subjective measure, it was answered less reliably. Furthermore, kappa indices are close to zero,
suggesting that recall is highly erratic over tilhew concordance for this type of measure agrees

with existing evidencealthough in previous researdifferent individuals were asked to provide

recall information(Ward, 2011 Straugha et al. 2013 This study shows that it is not the unit of
analysisthat drives this result. Given that comparisons here are fioadbhe sameindividual, our

findings indicatethat people are less consistent wtarswering subjective compared to objective

guestions.

Moving to the second column, where reports of childh&ES are grouped into only thrieger
categoriesresponses are more stable over time, with about doublpetltentagebeing identical
across waves (62.5 per cent). Hence, many changesports across two wavese due tosmall
adjustments to rankisg moving from one rung to an adjacemhg However, the kappa measure is

still decidedly modest at 0.079, with a 95% confidence interval that overlaps with that of the kappa
measure for the finelgategoried subjective appraisal. Hence, it is diffictdt conclude that the
relatively high concordance for the broad measure is a sign of consfétekaitionally, even the

three rung subjective measure is not as concordantly reported as the 5 category objective parental
education measures. This is partaoty visible in the kappa measures, which are low for both of the
SEScategoriations, but much higher for the recall of parental education.e/thé nature of these
measures isery different, thedescriptive evidenceleaty indicatesthat parental edation is more

consistently reported than childhood SES ladders, despite poorer response rates.

Females (who havsubstantially higher response rates) also provide marginally more consistent
responses to all measures than magdthough kappa measures sholat the difference is not
statistically significant. Blacks, based on kappa confidence intervals, provide statistically significantly
fewer concordant answers compared tdotireds on all measures. Whipercentage of consistent
answers are somewHhatver for whites and Indians, they are not distinguishable from the other races

due to imprecision in kappa statistics.

The unschooled had the lowest response rates in the education distribution, but offered the highest

percentage of consistent answersrass waves on all indicators. For the subjective measures,

% Comparisonscrossobjective and subjective measures are, however, not clear cut, as concordance is also
dependent on the number of categories by which each is measured, and the thresholds and distribution of the
underlying latent variable that determine the categories. One can expect higher concordance when fewer
categories are used, and also where there are high concentrations of respondents within particular bins.

2 Appendix D documents transitions in reportisfichildhood SES. Many individuals who initially indicated

being in the upper tail of the SES distribution at childhood adjusted reports downward by more than one step in
wave 2. Those at the bottom largely changed reports by one step, but almostiguatys and downwards.
Consequently, grouping adjacent steps in other combinations is unlikely to improve concordance substantially.
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however, kappa confidence intervals overlap for each of the respondent education levels, so that no
education effect appears to be preséwat. reports ormparental education, kappa statistics éase
significantlyamong respondents with more educatiGomparisons of kappa confidence intervals for

the recall of mothér @nd fathed ®ducation suggest that the former was mmiéably reported

amongst the less educated. This pattern concurs véttegrievels of absence of fathers in childhood
compared to mothers. However, the difiece does not arise for betextucated groups. Henaehile
educationgenerally appear® minimise recall error of objective measufes also found by Haas

(2007)t al so reduces the inconsistency of recallin

Given the short time (relative to time since childhood) between the evaluations, it is also unlikely that
other errors such as length of recall are contaminating re€dtxordance in SES rungs tends to be
insensitive to respondent age, with small differenceseirtentage and insignificant differences in

kappa statistics. Recall of parental education does, however, depend on age: kappa confidence
intervals overlap owlfor groups aged between 30 and 60. Individuals under the age of 30 recall their
parentsd education with | east consi stency, whi |
Response rates reflected the same pattern. As a result, length of reaallchildbood is not
problematic; rather, other potential reasons may hold. Older respondents may be part of a generation
that has more integrated family links, or have had the timegsteblish these links.

A slightly different test is implemented rable 33, by comparing the agreement between responses

only for individuals who were 15 years old in wave 1. This limits the length of recall from the
reference period 0 a maxi mum of two years. Confidence 1in
the childhood SES measure include zero, so that the group closest to the reference period changed
their assessment dramatically in wave 2, despite having experienced thedrecaht most recently.

This evidence suggests that substantial updating occurs in a short space dhésechanges are

not likely to be the function of recall tim@arental education wagportedwith higher levels of

consistencyalthoughconcordaneis lower than for the population as a whole.

Overall then, there is considerably more variability and less concordance in replicate subjective
reports than in replicate reports on parental education. Moreover, the comparison of the subjective and
objecive measures suggests a tradie between response rates and consisteitigh rates of
subjectiveanswersare linked withlower concordance. In contrast, low reporting rates on parental
education are accompanibg moreconsistentlata, suggestinthat oy the most certain individuals
respondedAlternatively, becauseducation igypically more persistent over the lifetime (as opposed

to variability of currentSES), recall may also be bettér.the final partof this sectionwe explore
descriptively wiether changes in current assessments are related to chrargmsts of each of these

indicators.
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Table 3.2 Proportions of respondents with identical responses over time, with kappa statistics
and confidence intervals

Childhood SES$ GroupedChildhood SES  Motherd Eduatiorf Fathed Eduatiorf

Overall 0.340 0.625 0.726 0.727
Kappa 0.047 0.079 0.497 0.471
95% ClI (0.035 ; 0.060) (0.080; 0.097) (0.478 ; 0.517) (0.451 ; 0.491)
Female 0.337 0.621 0.734 0.743
Kappa 0.043 0.069 0.497 0.476
95% ClI (0.027 ; 0.059) (0.045 ; 0.092) (0.472 ; 0.522) (0.4%0; 0.501)
Male 0.345 0.633 0.710 0.698
Kappa 0.053 0.096 0.497 0.460
95% ClI (0.033; 0.074) (0.066 ; 0.126) (0.463 ; 0.58) (0.428 ; 0.492)
Black 0.337 0.628 0.724 0.726
Kappa 0.030 0.036 0.438 0.393
95% ClI (0.016 ; 0.044) (0.016 ; 0.057) (0.415; 0.46) (0.371;0.416)
Coloured 0.364 0.640 0.766 0.726
Kappa 0.077 0.1 0.640 0.589
95% ClI (0.043; 0.111) (0.081 ; 0.180) (0.571;0.708) (0.518 ; 0.660)
Indian 0.308 0.530 0.649 0.658
Kappa 0.066 0.118 0.467 0.522
95% CI (-0.037 ; 0.169) (-0.045 ; 0.281) (0.259; 0.674) (0.332;0.711)
White 0.335 0.545 0.694 0.745
Kappa 0.075 0.119 0.472 0.571
95% CI (0.015; 0.135) (0.028 ; 0.211) (0.361 ; 0.584) (0.464 ;0.678)
16-30 years 0.329 0.613 0.533 0.551
Kappa 0.033 0.081 0.359 0.355
95% CI (0.013 ; 0.054) (0.051;0.112) (0.319; 0.399) (0.316 ; 0.393)
31-45 years 0.346 0.625 0.702 0.713
Kappa 0.053 0.069 0.502 0.489
95% CI (0.028 ; 0.077) (0.033; 0.106) (0.465 ; 0.539) (0.451 ; 0.526)
46-60 years 0.356 0.635 0.764 0.771
Kappa 0.062 0.083 0.474 0.470
95% ClI (0.035 ; 0.089) (0.045 ; 0.122) (0.435; 0.512) (0.431 ; 0.509)
60+ years 0.340 0.643 0.873 0.872
Kappa 0.030 0.075 0.522 0.501
95% ClI (-0.003 ;0.062) (0.027 ; 0.123) (0.478 ; 0.566) (0.455 ; 0.548)
No school 0.398 0.711 0.954 0.939
Kappa 0.045 0.035 0.251 0.134
95% ClI (0.007 ; 0.082) (-0.015 ; 0.085) (0.195 ; 0.308) (0.082 ; 0.185)
Primary school 0.380 0.665 0.783 0.780
Kappa 0.018 -0.001 0.357 0.258
95% ClI (-0.01 ; 0.045) (-0.039 ; 0.037) (0.312; 0.402) (0.212; 0.303)
Incomplete Secondary 0.322 0.609 0.612 0.617
Kappa 0.018 0.038 0.400 0.369
95% CI (-0.003 ; 0.038) (0.009 ; 0.068) (0.363 ; 0.436) (0.333 ; 0.405)
Matric 0.321 0.588 0.588 0.598
Kappa 0.044 0.117 0.438 0.449
95% CI (0.013; 0.074) (0.071; 0.164) (0.388 ; 0.488) (0.396 ; 0.501)
Postsecondary 0.314 0.535 0.583 0.612
Kappa 0.063 0.109 0.441 0.479
95% CI (0.026 ; 0.00) (0.051 ; 0.168) (0.388 ; 0.494) (0.425 ;0.533)
N 9899 9899 4396 4181

NOTES:Own calculations from NIDS wave 1 andThe first row ofeach cell gives the proportion of identical reports for
individuals across waves; the second row presents unweighted kappa statistics, while the third row is the 95% confidence
interval of the kappa statistic. All statistics are calculateddeialemograhic characteristics based on wave 2 values. The

sample includes all adults older than 3Briginal measure in the data, with a category for each of six rBRgags are
grouped into three cat egdGrioeusp e(diliomtion giNe Rd eao a nSc iid o Igih g ¢
Ailncompl ete Secondar yS&Schmddryngdc HMaltirng® fAPost
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Table 3.3 Proportions of 15-year olds in wave 1with identical responses over time, with kappa
statistics and confidence intervals

Childhood SES Grouped Ch SES Mothe® Eduatiorf Fathed Eduatiorf

Overall Prop 0.309 0.593 0.604 0.594
Kappa 0.014 0.065 0.464 0.434
95% CI (-0.051;0.078) (-0.032;0.162) (0.302; 0.627) (0.296 ; 0.571)
Female Prop 0.319 0.612 0.593 0.571
Kappa 0.021 0.052 0.454 0.43

95% ClI (-0.068 ; 0.111) (-0.081; 0.186) (0.252 ; 0.656) (0.261 ; 0.598)
Male Prop 0.298 0.573 0.619 0.63
Kappa -0.001 0.071 0.473 0.397
95% CI (-0.094 ; 0.093) (-0.07;0.211) (0.226 ; 0.72) (0.152; 0.643)
N 359 359 48 69

NOTES:Own calculations from NIDS wave 1 andQ@nly individuals that were aged 15 in wave 1 were includ@d.first row

of each cell gives the proportion of identical reports for individuals across waves; the second row presents unweighted kappa

statistics, while the third row is the 95% confidence interval of the kappa statistic. All statistics are calculated for

socialemographic characteristics based on wave 2 values. The sample includes all adults oldef@m@ynkbmeasure in the

data, with a category for each of sixrufi@ungs are grouped into three “Graupeeliptor i es (Al
ANSchoolingd APrimary Schoolingodo Al nSemphetae ySSchmwaoddi wgdc ho o

Table 34 explores the relationship between changes in retragpautasures and changesndividual®
perceptions of wher¢hey rankin the currentvillage income distribution. The first row repeats the
information inTable 3.2, indicating that overall, for the six rungr(groupeahree rung) childhood SES
measure, 34.1 per cent (62.6 percenfagdessmentemain the same. An additional 27.2 per cent (12.7

per cent) of changes ithildhoodreports move in the same directios éhanges imankingsof current
incomein the village distributionby the finer (coarser) classification. Movements are dominated by
concordant upward changes in current and childhood rankings, at 15.8 per cent (8.1 per cent), with a
slightly smallerperentage(11.3 per cent or 4.6 per cent) exhibiting concordant downward adjustments.
An additional 16.4 per cent (7.6 per cent) of respondents report discordantly, with their changes in
childhood and current rankings moving in opposite directions across Aimemaining 22.3 per cent
(19.8 per cent) of changes in childhoorpotsainki ngs
their currentelative circumstancesiVhere there is a relationship between changes in cypesogptions

and changes in call of childhood SES, therefore, the modal response is a movement in the same
direction. In other words, mangespondents do adjust thgudgmentof the past in line with their

perceptions of the present.

A similar analysis is also shown for the recdllparental education. It this case, discordant changes
outnumber concordant changes, suggesting that individuals do not ezyhidsof parental education on

their perceived current position in the income distributidonvever this does not preclude tipessibility
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that these reports are anchored on another indidtdrgven that parental education requires the recall

of an objective quantity, it ikely that anchoring errors are much smaller than for subjective measures.

Table 34 Changes in reports on retrospective and current relative economic position

Change in direction oeports Proportion of respondents whieported retrospective
Childhood SES Parental Education

Past Current OriginaP?  Grouped | Fathed®s Motherd s

Unchanged 0.341 0.626 0.728 0.727
¢ ¢ 0.158 0.081 0.033 0.033
D D 0.113 0.046 0.051 0.049
¢ D 0.080 0.034 0.032 0.033
D ¢ 0.084 0.042 0.067 0.068
¢ Unchanged 0.120 0.088 0.036 0.035
D Unchanged 0.103 0.084 0.053 0.053
Total concordantltanges 0.272 0.127 0.084 0.082
Total discordantltanges 0.164 0.076 0.099 0.102

NOTES:Own calculations from NIDS wave 1 and®@riginal measure in the data, with a category for each of six rblRgags
are grouped into three cat©®gouped {(AtowdNofiBcddbedngodiRhi mh
Secondary SchoolSencgoon diaMayt rS cchoo ofil Pi onsgt 0

3.4.2. Regression estimates

We now turn to estimating the correlatescbnges in retrospective reports using first differenced OLS
(3.2.)and fixed effects regressio(3). This sheds light, for instance, on whetbleanges in perceptions

of current income ranking®ally concordant with retrospective repogsen once conditioning on other
factors such ageportedincome educationand persosspecific unobservablesTable 35 presents
regressions of changes ieportsof retrospective measures across wavwsceived relative urrent
socioeconomic status is clearly associated with changes in assessments of childhood SES. Individuals
who ranked their households a relatively high income stép wave 1were more likely taaise their
rankingsof childhood SESMoreover, individuals whahanged their assessment of curreconomic
statusrelative tothe villagetended to change their ratings of childhood in the same direction. Levels and
changes imactual household incomedd similar relationships with adjustments in retrospective SES
reports. Individuals also changed their childhood SES reports concordantly with adjustments to their
subjective welbeing.In contrast, hanging reports on parental education are not assoaciatie similar
movements irsubjective rankings of current income or life satisfactibinis confirms conclusions from
Table 34 that recall of parental educatidoes not appear tbe anchoredby changes in subjectiveports

of current circumstances. However, individuals wived in households with highdevels of reported

income andvith increases ithisincome tended to raise thegportso f t hei r afiomr ent s6 edu
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Each of the specifications also controls for the Idvein which the respective dependent variables
changed in wave,in order to understand whether regression to the mean occurred in reforarky
& Kahneman, 1974)This was the case for daidicator, whereby those with lower pri@portstended

to raise them.

While the descriptive stistics presented ifable 3.2 highlight that females were more consistent than

males in their reports of childhood SES, the regressinable 35 show that among those wiitd

change their reports, females raised their assessments more than males over time. No systematic gender
differences occur for assessments of parental education.d/disteraised their reports on all indicator

by the highest magnitudes. Age has no influence on changes in recall of childhood SES, confirming again
that length of recall is nat factor influencing the consistency of these repéttsvever, older individuals

tended tdower their reportsof parenal education over time. As education increased, individuals tended

to adaptanswers taall questionsupwards across waves, pointing to a potential learning effect. It is,
however, possible that parental education measures are anchored on own educatitdraratin current

socioeconomic status.
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Table 35 Correlates of changes in retrospectiveeports, differenced OLS regressions

OLS DChildhood SE3 DMotherd educatiofi DFatheb educatiort
Current village income step (0.242 0.001 0.004
(0.016)*** (0.071) (0.074)
DCurrent village income step|0.195 -0.068 -0.077
(0.011)**= (0.047) (0.048)
log(real pc HH income) 0.117 0.183 0.244
(0.014)**= (0.063)*** (0.065)***
Dlog(real pc HH income) 0.070 0.199 0.251
(0.013)*** (0.058)*** (0.060)***
Childhood SES step -0.978
(0.011)***
Motherd education; -0.525
(0.015)***
Fathed sducatiop, -0.537
(0.015)***
DSubjective well-being 0.024 -0.029 -0.025
(0.004)*** (0.016)* (0.017)
Female 0.045 -0.003 0.076
(0.021)** (0.098) (0.100)
Coloured 0.174 0.141 1.306
(0.052)**=* (0.270) (0.308)***
Indian 0.004 1.145 1.690
(0.096) (0.512)** (0.497)***
White 0.496 2.968 3.180
(0.065)*** (0.274)*** (0.289)***
Age 0.000 -0.027 -0.030
(0.001) (0.004)*** (0.004)***
Primary elucation 0.040 -0.281 -0.350
(0.038) (0.144)* (0.150)**
Incomplete scondary 0.153 0.478 0.341
(0.041)**= (0.166)*** (0.173)**
Matric 0.197 0.911 0.612
(0.048)*** (0.212)*** (0.220)***
Postsecondary 0.231 1.035 1.060
(0.053)*** (0.229)*** (0.236)***
Constant 0.091 1.310 0.130
(0.144) (0.653)** (0.689)
District council FE Y Y Y
R-squared 0.535 0.292 0.309
N 7882 3454 3280

NOTES: * p<0.1, ** p<0.05, *** p<0.01. Own calculations frolNational IncomeDynamics Study, waves 1 and Standard
errors in parentheseé®Original measure in the data, with a category for each of six rufiffisrenced over timeé’Measured in
years of education, differenced over time.

The remaining three tables in this sectidralfle 36 to Table 3.8) present fixed effects regressions
investigating the fat or s t hat i nfluence t hereporis énncgnérast td n

regressions reportad Table 35, unobservable traits are now also accounted foalyses are conducted
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for various suksamples to understand whether anchoring varies by Gr@&gecifications include current

relative positionin the village incomedistribution subjective welbeing and alsoreportedper capita
household incometo measre whether anchoring occurs based on changes in real economic
circumstances. As noted before, even though these regressions are specified in levels, they can be

interpreted in exactly the same way as first difference regressions.

For most sulsamples,cange s i n dubjedtivewanking aflcisrént inconmeoves concordantly

with changes in rankings of adolescent socioeconomic stafitabie 36. The adjustment is about @8

of a childhood step for every category jumppi@rceivedcurrent status. This estimate only slightly

lower than thatn Table 35, suggesting that fixed effects do not influence conclusions to a large degree.
The anchoring effect is similar @ss genders. However, the youth (16 to 29 yesdg)st their view of

the pastby about one fth of a step for every change in current ranking, while those older6thao so

by roughly half the amount. It is therefore apparent, together with the evidehabl&33, that length of

recall since childhood is not influential in changing percegtiohthe past; rather, the youtine more
prone to update their assessments over time, with a potential learning effect ocaarong older
individuds.

Reportedcurrent household income improvements significantly associated with a more optistic

view of the past for the overall populationTiable 36, though the effect is dominated by females, those

aged 3669 and blacksWhile not shown, these effects disappear once a more aggregated classification of
childhood SES is used as a dependent variable, suggesting that chaegest@tincome only result in

small shifts in evaluating the paStAdditionally, changes in subjective rankings of wading are also
significantly concordant with adjustments to childhood SES ranklhgstherefore evident thahanges

to currentperceptionshave a more importamble in explaining how people change their view of the past,

with a smaller emphasis on changes in manifest household economic circumstances. Individuals therefore
first form perceptions about their current socioeconomic stdssubjective welbbeing ater which

they adjustrom this anchor to arrive at their assessment of past socioeconomic status.

Education is introduced as a control i n most ref
changing assessments of adolescent socioeconomic, skdtiismany insignificant coefficients across

most specifications iTable 36. Estimates inTable 35 suggest that education does, however, have a
potential influence on changes in recall. However, the small time variations in the data cannot adequately

identify these relationships in fixeffects regressions.

% This approach is followed, primarily because these groups are persistent across time, so that the classifications
cannotbe introduced as control variables in fixed effects estimates.
% All other results are robust to this change in the dependent variable.
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Table 37 and Table 3.8 repeat the exercise with objeaimeasuresf parental education. Notably,
changes ini ndi vi dual s6 perceptions of their relative
changes in subjective weleingdo not have the same role to play in reporting on parental education as
they dd for childhood SES ladders. These results are similar to estimaledia 35. The exception is

that females who rated theielative income one categornyhigher reluced their estimate of parental
education by about one tenth of a y&2imanges irreportedincomes have more of a role to play in this
instance, especially faeportsof paternal education. A one percentagereasen household per capita

income raiseckstimates of fathér £ducation by close to one fifth of a yeaithough this effectsi
dominated by female respondents. The association increased from a statistically insignificant value for
those aged below 30 to roughly 0.3 years for the eld&Hg.association between changes in reported

i ncome and changes in r ecal Insisteftwitharichhoeng éffectSlesd uc at i o
association increases among older respondéstociationsor maternal education are weaker, so that
anchomg on income is less severe for this indicatodividuals therefore appear twe more certain

about maternal education than paternal education, as the reports of the former are more aoreistent

time. This concurs with the high levels of absent fisgtle South Africa.

Additionally, reportsof fatheb ® ducati on were particularly sensiti
gualifications. Males who matriculated during the petfimaeredtheir reportsof their fatheé sducation

by almost two years, which also agrees witkirailar pattern among thossged below 30. Males also

adjusted theireportsdownwards if they obtained a pestcondary qualification. While the effects are

much smaller compared to the group of @salblacks displayed a similar pattern. Herreports of

paternal education are potentially anchored on own education, but especially when individuals improve

their qualificationsTable 35 showed, however, thigvelsof own education are also influential.

The same cannot be said for learning about métleetucation levels. Individuals were more likely to

live with mothers during their youth and potentially recall information about them consistently. However,
all education coefficients are obtained from small samples of switchers, so that these resuts are
conclusive. Furthermore, ratings of own education could have been inconsistent, contributing to a

concordant i ncrease in individual s6 assessments o

In summary, individuals anchor their perceptions of past SES on percemfocurrent household
circumstances, but to some degree alsonanifesichanges in income. This type of anchoring is not as
prevalent when objective measures of childhood status are used. However, some learning does appear to

occur over time in assesgipaternal education, particularly if males obtain more education themselves.
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Table 36 Fixed effects regressions for changes meports of childhood SES

Dependent variable: Socioeconomic ladder rungatld (6Grungs)
Sample:| All Female Male Age 1629 Age 3059 Age 60+ Black
Current village incometsp 0.145 0.142 0.148 0.176 0.132 0.089 0.142
(0.012)*** (0.015)***  (0.019)*** (0.019)***  (0.018)***  (0.033)** (0.012)***
log(pc HH income) 0.037 0.055 0.018 0.027 0.041 0.031 0.049
(0.016)** (0.021)***  (0.025) (0.024) (0.024)* (0.058) (0.017)***
Subjective vell-being 0.012 0.009 0.018 0.021 -0.003 0.029 0.013
(0.005)** (0.006) (0.008)** (0.008)***  (0.007) (0.014)** (0.005)**
Matric -0.011 -0.105 0.141 0.052 -0.103 1.029 -0.048
(0.075) (0.101) (0.124) (0.089) (0.207) (0.460)** (0.082)
Postsecondary @ucation -0.034 -0.276 0.27 0.092 -0.022 0.486 -0.064
(0.095) (0.135)* (0.145)* (0.136) (0.194) (0.483) (0.107)
Year = 2010 0.096 0.102 0.076 0.01 0.128 0.156 0.12
(0.016)*** (0.020)***  (0.026)*** (0.027) (0.024)***  (0.045)***  (0.017)***
Constant 1.328 1.281 1.356 1.353 1.372 1.252 1.218
(0.108)*** (0.141)***  (0.175)*** (0.158)***  (0.175)***  (0.406)***  (0.113)***
Individual FE Y Y Y Y Y Y Y
R-squared 0.030 0.029 0.032 0.040 0.029 0.029 0.036
N 26838 15749 11081 11346 12087 3405 21440

NOTES: * p<0.1, ** p<0.05, *** p<0.01.Own calculations from National Income Dynamics Study, 2008 and 2010 waves. All variables are measured in levels, though
interpretation is the same as a first difference regresSiandard errors in parentheses
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Table 37 Fixed effects regressions for changes neports of maternal education

Dependent ariable:Mothee 6 s edueasti on i n vy
Sample| All Female Male Age 1629 Age 3659 Age 60+ Black
Current village incometsp -0.046 -0.105 0.032 0.037 -0.083 0.018 -0.03
(0.041) (0.049)**  (0.072) (0.12) (0.054) (0.054) (0.043)
log(pc HH income) 0.157 0.133 0.175 0.252 0.123 0.052 0.152
(0.057)*** (0.068)* (0.101)* (0.145)* (0.073)* (0.112) (0.061)**
Subjective vell-being -0.005 0.001 -0.005 -0.075 0.004 -0.003 -0.008
(0.017) (0.021) (0.03) (0.053) (0.022) (0.024) (0.019)
Matric -0.414 -0.509 -0.51 -0.919 0.138 2.572 -0.423
(0.394) (0.488) (0.661) (0.67) (0.807) (0.937)***  (0.444)
Postsecondary @ucation 0.108 -0.061 -0.065 -1.12 1.145 3.985 -0.006
(0.432) (0.592) (0.665) (0.981) (0.726) (1.051)***  (0.497)
Year = 2010 -0.418 -0.388 -0.519 -0.816 -0.416 -0.199 -0.392
(0.055)*** (0.065)***  (0.100)*** (0.177)*** (0.070)***  (0.077)***  (0.061)***
Constant 2.604 2.677 2.696 4.73 2.158 0.807 2.063
(0.394)*** (0.466)***  (0.704)*** (0.971)*** (0.531)***  (0.759) (0.406)***
Individual FE Y Y Y Y Y Y Y
R-squared 0.021 0.023 0.027 0.045 0.025 0.033 0.018
N 14887 9129 5757 4180 8073 2634 12239

NOTES: * p<0.1, ** p<0.05, *** p<0.01.Own calculations from National Income Dynamics Study, 2008 and 2010 waves. All variables are measured in levels, though
interpretation is the same as a first difference regresStandard errors in parentheses
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Table 3.8 Fixed effects regressions for changes ieports of paternal education

DependentariableeFat her 6 s easucati on in y
Sample| All Female Male Age 1629 Age 3659 Age 60+ Black
Current village incometsp -0.045 -0.133 0.061 -0.021 -0.035 -0.047 -0.033
(0.042) (0.054)**  (0.067) (0.117) (0.056) (0.063) (0.045)
log(pc HH income) 0.166 0.181 0.081 0.128 0.201 0.211 0.169
(0.060)*** (0.078)**  (0.093) (0.148) (0.078)** (0.112)* (0.065)***
Subjective well-being -0.002 -0.023 0.034 -0.047 -0.007 0.016 -0.011
(0.018) (0.022) (0.029) (0.048) (0.024) (0.027) (0.02)
Matric -0.854 -0.431 -1.542 -1.718 -0.272 1.049 -0.918
(0.348)** (0.452) (0.565)*** (0.615)*** (0.719) (1.096) (0.381)**
Postsecondary @ucation -0.665 -0.204 -1.061 -1.573 -0.348 1.525 -0.915
(0.394)* (0.527) (0.602)* (0.893)* (0.638) (1.008) (0.457)**
Year = 2010 -0.436 -0.39 -0.617 -0.760 -0.438 -0.256 -0.443
(0.059)*** (0.073)***  (0.097)*** (0.177)*** (0.075)***  (0.088)***  (0.066)***
Constant 2.554 2.453 3.216 5.17 1.724 0.000 1.946
(0.413)*** (0.525)***  (0.647)*** (0.977)*** (0.561)***  (0.775) (0.429)***
Individual FE Y Y Y Y Y Y Y
R-squared 0.022 0.021 0.048 0.045 0.026 0.025 0.022
N 16307 9758 6546 5147 8489 2671 13591

NOTES:* p<0.1, ** p<0.05, *** p<0.01.0wn calculations from National Income Dynamics Study, 2008 and 2010 waves. All variables are measured in levels, though
interpretation is the same as a first difference regresStandard errors in parentheses
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3.4.3. Implications for using retrospective cata

Recall of parental education is less prone to anchoring than subjective measures. However, response
rates in South Africa are low due to parental absence. Highly selective samples compromise the use of
parental education inditors in further analysig.he alternative would be to use subjective rankings

of childhood SES. In lighof the analysis abovi is clear however,that individuals base their
subjective perception of the past on current circumstances and exXents. result, they are
contaminated measures that are enumerated with error (potentially in both rounds of data). If
measurement errors are uncorrelated, it is warranted to use another enumeration of the same variable
as an instrument in analysing causal effécfer instance, to establish the childhood reach on adult
outcomes in the labour market. However, if persistent misperceptions contaminate data, IV estimators
only partially solve for these problems, as illustrated using Australian health rarfirassley&

Kennedy, 2002)ThelV reduces attenuation bias, though does not solve it.

Anchoring in perception data can have even more severe implications for IV analysis, beyond
correlated measurement errors. This presents an issue that is not commonly rHiselitdrature.

The reason for this is that the anchoring effect naayltfrom changes in the outcome variable (such

as employment or health), raising the level of measurement error in the assessment of the past. As a
result, reverse causality arisesrtfier attenuating coefficient estimates. Repeated measures of
childhood SES will suffer from the same problem, so that this approach does not lend itself to causal
analysis of childhood reach. The instrument will be endogenous to the outcome variattboang
represents a common measurement error to both enumerations. These issues may be of particular
relevance in a developing country, where life course studies are less pravalezgponse rates and
consistency of recall questions are poorer. Adddily, this type of measurement error compromises

the use of childhood measures in household bargaining m@felsning & Bonke, 2009; Browning

& Lechene, 2003)

3.5. Conclusions

Retrospective measures fill gaps in information where evaluated life histories are unavailable, and are
particularly important in developing countries. In South Africa, knowledge abfeutcourse
persistence could contribute to a broader literature orethgve lack of mobility within this society.
However, the reliability of such indicators becomes questionable when their scale is relative and when
subjectivereportsare sensitive to anchoring effects. This study has illustrated that subjegiorts

of childhood SES l&eit higher response rates thabjective measures of paternal and maternal
educationNevertheless, respongehighly selective. Additionally, the responses that were collected
are sensitive to changes in both perceived and manifiestnt economic circumstangesith the

former being more importantObjective measures, however, do not necessarily offer a better
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alternative, as advocated by others (Haas, 2007). While maternaltieduisarated with high
consistency and with minor amaing effects, this indicator hadistinctly poor respose rates.

Paternal education haven worseresponseFurthermore length of recall and highezducational
attainment mattesomewhat for changesine por t s o f f. Bhiss eeflebtigeof @ sbaietyat i o n
t hat is dominated by single parent househol ds,
fathers may not be trustworthy. A trad# between response rates and consistency of reporting
between different evaluations of the past these®xists, leaving substantially contaminated data with

which to assess the reach of childhood. Without detailed knowledge of the nature of measurement
error that arises in recall datts validity in further analysis is compromised.

Researchers should bevare of the fact that, especially where severe anchoring occurs, instrumenting
for childhood socioeconomic status with anotheport of the same indicator is not necessarily an
improvement on the situation. Potential anchoring on the adult outcomeledsiath as employment

status) may influence the dependent variable (the rating of childhood SES), as well as the instrument,
so that additional reverse causality is introduced by such an approach. Instruments are unlikely to be
exogenous, yielding incorssent estimates of childhood reach. Above the possibility of correlated
measurement errors over time, the effects of anchoring in causal estimation have not been studied in
great detail. This study alerts researchers to the potential pitfalls of estirif&tiogursemobility

with retrospective data, and prompts for additionaéstigation in how to use dredibly.
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Chapter 4

Separating temporary from permanent generational
change in labour force participationi heterogeneous age

period-cohort models for South Africa

4.1. Introduction

Substantial increases imdour force participatiopre-date thetransition to democracy in South
Africa, but have contributetb a rising unemployment rate in the papartheid periodBanerjee et

al., 2008) Shouldthe pressure to provide jshfor a growing labour forceot be alleviated, thiscan
result ina permanentigh unemployment equilibrium. It is therefore helpful to understand whether
various changes in labour force participation are likely to persist, or whether their efégatsverse

or dissipate over time. Participation increases cacldssifiedinto potentiallongterm movements

such aghefeminizationof the labour forcédCasale & Posel, 2002y the pull of higher wages since
the deregulation of black unions in the 197Dswis, 2001)i and possibleshortrun shifts, such as
largescale labour market entry following the implementation of a-ppattheid policy that was
devised to unburden the overcrowded schooling sy¢Bamger et al., 2014). The lattémited the
ages at which learnersuld stay in school. While Banerjee et al. (2008) note that some &drtge

run features are likely to have permanent effects on the labour market, it is not certain whether other
tendenciescould change behaviour over long time horizon The objective bthis paper is to

distinguish between generational change that is persistethanahich isemporary.

This objective is closely related to the literature on-pggodcohort (APC) analysis, which
decomposes demographic change into life cycle, aggrdigae and generatiespecific movements.

In particular,model identification strategies assume tpaberational change permanenthroughout
birth c¢ohqwhilelife cyclé tragpdtorias eepresent substantial variation over time for all
cohats, and periodic fluctuations are more temporary in nature, affecting an entire economy only in
certain periods. Should the rise in participation be primarily generational, new cohorts that added to
the labour market stock are unlikely to change theiabielur and leave the job queue. However, if
these groups behaved in this manner only for a part of their lifetimes, their participation rates may
moderate as they age, shedding a part of the labour surplus. Similarly, temporary eadt®my
variation may Bso reverse, prompting all cohorts to ease labour supply and reduce unemployment.
The central question of this chapter, therefore, is which components of generational labour supply are
likely to remain permanent. Might one expect participation to retuprdweious equilibria, thereby

lowering unemployment?
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Tests of these hypotheses, however, require methodological adaptations that have not been commonly
applied in either the labour economics or the more general APC literatures. In partidditive

APC models have standardly been applied in separating out generational from other time variation.
The one shortcoming of such a model is that cohort (or generational) effects are implicitly assumed to

be permanentGlenn, 1976)In the current context, cohespecific growth in participation is assumed

to remain constant over these groupso6 |life cycl
the plausibility of cohort effects that can be heterogeneous over the lite Tgcto so, models that

interact age and cohort profiles are estimated. By implication, some generations may behave distinctly

for subperiods of their lives, with the rest of their life cycles resembling those of other cohorts. In

such a case, change mayly be interpreted as temporary.

Interactive APC modelling presents various challenges, however. Because of akmmin
identification problem insimpler additive APC models, few researchers have extended this
specification to relax the assumption armanent cohort effects. In particular, because the current
year is just the sum of all/l groupsod birth years
multicollinearity. Interactive specifications with heterogeneous cohort profiles compousd thi
problem, with each of the cross terms also linearly related to each other. This chapter presents a
thorough investigation of a range of identification strategies proposed in the literature, ranging from
imposing behavioural assumptiofi3eaton, 1997jo the promising (but criticized) intrinsic estimator

(Yang et al., 2004)0 multidimensional noarametric alternative@dastie& Tibshirani, 1990)and

those that use maximum entropy principlBsowning etal., 2012) These estimators are evaluated as
contenders for offering a base solution to the heterogeneous cohort profiles that mosntilezlie
economic phenomenon. MorBarlo simulations show #t each of these approaches fasown

weaknesseis both additive and interactive scenarios.

However, the very practical approach of searching for testable behavioural restrictions in additive
models(McKenzie, 2006)an be eloquently expanded to delineate ndiftiensionalregions of the

data for which particular functional assumptions hold. This allows foeffeetiveimplementation of
interactive models. lllustrations with Labour Force Survey data highlight that previous studies
correctly identified cohort behaviour \itraditional methods. However, the expansion to interactive
methods indicates thatvhile a part of this cohort trend Iengrun and permanent, other distinct
patterns are likely to be temporary nature Rather, they represent a deviation in behavioura
subset of cohorts, and only for a limited period in their life cycles. In the foso®ario policy

would have tdocus onlong-run solutions, while in the latter case only tempygrentervention may

be requiredu n't i | t hi s gnoromalizesdHencd, this ehapieopuorides a nuanced view of
generational change, and using appropriate methodology sheds light oncamigbnentof labour

force participatiorare more structural in nature, and which are likely to dissipate.
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The rest of this chder proceeds as follows. Section 4fovides selectedhighlights from the
extensive literature on the APC problem, focusing on the array of existing identification assumptions
of the additive model. It also seeks to find potential solutions to the heterogs model. Section 4.3
embarks on a Mont€arlo simulation study to assess the adequacy of additive and interactive
solutions on a data generating process that contains heterogeneous age and cohorarmmofiles
cyclical time variationSection 4.4 apps the solutions to the labour force participation scenario that
was sketched above. Section 4.5 concludes.

4.2. Motivation and identification of APC models

4.2.1. Motivation for this study

The central question of this chapter is to understand the permanenceratigaabchange in South
Afri cads | a-hpartheid sthoaling policig®uogsrtet al., 2014)he feminization of the

labour force (due to higher educational attainment and lower marriage(2éss)e & Posel, 2002)

the increase in unskilledages since black unions were unbanned in the 1@#sis, 2001)and
changes in cultural norms have all contributed to the increase in labour supply. Whilst additive age
periodcohort (APC) decompositions are useful empiri¢cabls to separate the generational
component from aggregate time trends and life cycle effects, their previous implementation has
ignored the potential that generational effects can be temporary so that as cohorts age, distinct
behaviour might normalize iline with other groups. In such a case, the policy may therefore only
need to be temporary as the distinct behavioural pattern is specific to a generation only at a particular
point in their lives. Is the increase in labour force participation in Soutlca®dh permanent feature,

with younger generations likely to stay in the job queue in greater numbers even later in life? Or will
increases in participation slow down as these groups age, matching the behaviour of older
generations? Initial indications syggt that at least tHeng-run participation increases attributed to
feminization are unlikely to revergBanerjee et al., 2008However, it is not clear whether other
causes of labour force growth will be sustained. Toehis, existing work on APC analysis will be

interrogated and adapted.

Additive APC decompositions have long been implemented to separate distinct, but related, temporal
variation in demographic phenomena. Epidemiologists, sociologists and economists have found great
utility in their description of change. These models a@agous to business cycle analysis, which
separatesong-run trends from periodic fluctuations in the economy. APC analysis does much the
same, yet it follows micro units, and accounts explicitly for the heterogeneity in aggregate change
experienced by vayus age groups and generations. The typical additive model decomposes an

indicator of choiced ) into age|( ), period { ) and &) cohort components (with an exhaustive

set of dummy variables) using linear models as a basis:
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In any given period each individual of a certain age group can only belong to one year of birth. These
unique cells (henceforth also referred toaps cells) can be identified as the units of observation
repeated cross sections. This option is not only appealing, but also mostly valid if eachpafciles
contains a sufficient number of observations, usually one hundred or (Mergeek & Nijman,

1992)

The discussion of decomposimgmographic variablemto these three components haamarily
focussed onhe inability of saturated dummy variable linear models to uniquely identify these effects.
The design matrix is singular for the simple mathatperiod = birth year+ age, resulting in perfect
collinearity of regressors that, however, are supposed to capture distinct phenomenon. The central
pursuit of this literature has therefore been credible identification, and a multitude of identifying
restrictions has been proposed by researchers from a range of disciplines to arrive at estimates that
additively separate the three compongisaton & Paxon, 1994; Deaton, 1997; Yang et al., 2008;
Browning et al., 2012; Yang et al., 2004; Keyes & Lil@0Jiang & Carriere, 20147 selection of

these identifying restrictions will be discussed below. Regardless of the (sometimes seemingly
arbitrary) choice of restriction, the shapes of each of the age, period and cohort profiles tend to remain
the samewith only their slopes exhibiting differencédicKenzie, 2006) Despite these (mild)
consistencies, the ultimate choice of method is not a-clgacase, especially since divergent profile
slopes carmphasizene component of the decomposition in favotianother. For example, period
effects may be estimated as cyclicalsbortrun, emphasizing cohort effects instead. Alternatively,
long-run change could be estimated as a period effect, with little role for cohort change. The
difference is that the forem scenario is generati@pecific, while the latter change affects all cohorts

in the same way. Because each of the effects has a distinct interpretation, the sensitivity of estimates
to their associated identification strategy is the most importantd=nasion in this class of analysis.

Each of the effects will now bdiscussedn turn.

Period effects have the most intuitive interpretation and represent the circumstantial ebbs and flows
that affect all members of the population of interest at any potithe. For economists, this quantity

can represent two types of movement. Firstly, it could deloogrun change that is not specific to

age groups or cohorts. Secondly, it may represent a cyclical component of any time series, and is akin
to an instataneous movement, which may subside in the subsequent period. Period effects that
underlie economic phenomenon are often determined by the phases of the overall business cycle, and

trackhow shortrun macroeconomic movemenrdaffect micro behaviour
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Age efects capture life cycle behaviour of the typical individual, regardless of the generation they
belong to, or the economic circumstances within which they make their decisions. Typical life cycle
patterns are explicit in most microeconomic characterisatidrbehaviour: the most famous is the
concave earnings life cycle observed within most labour fofidscer, 1962) the accompanying
aspirations of individual{Easterlin, 2001)and the pattern of labour force participation that is
matched by these rets. The permanent income hypothggisedman, 1957listinguishes between
consumption patterns early in life (when individuals tend tesdise, borrowing from anticipated
future income) and later in life (when debts are paid off or existing precautisenangs are spent),
predicting a smoother pattern of expenditure over a lifetime relative to income. Each of these life
cycle patterns is central to economic theory.

Cohort patterns are easily confused with life cycle effects, as a grodgfarent birth cohorts
represent a number of age groups at any point in time. However, cohort patterns are often assumed to
remain permanent over time for groups that were born in specific years or are members of particular
generations. It is not difficult to imaginéat certain generations have distinct spending behaviour
(such as the new emerging black middle class in South Afaas, 2013) or attitudes (such as the
baby boomer generation or fgeneration YOo). Fur
groups: regulations that are enacted when individuals enter the labour market can potentially follow
them for the rest of their lives. Distinct labour market circumstances that are experienced by a specific
cohort (such as a recession) can have lasting effieat are specific to that cohort throughibsitife

cycle. For instance, Gregg and Toming005) document a longerm persistent effect on wages
following a period of initial unemploymen#dditive APC models assume the permanence of such
effects, with the understanding that behaviour is determined by cultural norms and traditions from

which certain generations do not deviate, and that initial conditions are slow to dissipate.

This latter assumptiois, however, restrictive if cohort shocks are not permanent, and generations are
able to adjust to changing economic circumstances. GiE9if6)e mp hasi zes t hat whi l
experienceso may affect specifi cdtathihstatudgso, gper man
that both ol d and new fA-“elattdooutcomes.i Thenvariatiorsis themafpré i c i t
not likely to be permanenEor i nst ance, spending patterns of
Africa may change in futurd=urthermore, life cycle patterns can potentially change over time, with
various generations following a distinct course as they age. In all of these circumstances, age, period
and cohort effects (though distinct in their interpretation) are confoundeachyo¢herThe only way

to relax the assumption of permanent generational effects (or identical life cycle profiles for all

generations), is to extend the APC model to be interactive.

To illustrate the need for temporary cohort effects, consider the exarhBouth African labour

force participation that has been analysed elsewhere using additive APC Ifibaelsr & von
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Fintel, 2014; Burger et al., 2014Regardless of identification assumptions, it is clear that cohorts of
blacks born after 1975 enteréte labour market disproportionately, over and above dtimgrrun
generational increases. A large part of this pattern can be ascribed to the introduction of post
apartheid schooling policies, which pushed emged learners out of classrooms and int jtb

gueue. This pattern manifests in large estimated cohort effects for the youngest generations, though
these differences may not be sustained across
individuals would have entered the labour markegn in the absence of the policy. Furthermore,
schooling policies in the past are unlikely to influence retirement decisions, so that the behaviour of
these cohorts later in the lifecycle may very well resemble those generations that preceded them. Such
patterns cannot be observed until data is collectedhfset cohorts much later in lif@ypically,
therefore, such eventualitiase rarely accounted for, due to a short series of surveys that do not span

entire lifetimes.

A more accurate reflection diiis situation is a differentiated age profile for younger generations, but
only at the beginning of their working lives. Recent generations show greater propensity for labour
market entry at earlier ages, while they may as well retire at the same agdieasgenerations.

Exactly these patterns are documented -parametrically by Branson and Wittenbe¢g007),
although their analysis does not distinguish between aggregate period effects and those that are
specific to some generatiartdence, this typefdehaviour prompts the need to model interactive age
effects for various cohorts, which accounts for generationally distinct age patterns, potentially also

only for certain parts of the life cycle.

While a scenarioof long-run change (such as feminizaticof the labour forcejs amenable to
estimation with additive APC modelsvhere one common cohort effect is establishedHose born

in the same yearthe schoolingscenariosketched herelefies APC assumptions, as the (distinct)
cohort effect also demds on the point in the life cycle at which these groups find themselves. Hence,
abstracting from the identification problems ofldaive models, additional misspecification arises, as

age and cohodre now also interactively intertwined.

Before discussig this central point, this paper first reviews some of the most widely used
identification strategies iadditive APC analysis. The objective is to inform identification strategies

for interactivesolutions, the ultimate goal of this research. Usuallyidestification restriction must

be imposed, so that the other coefficients can be estimated without further problems. However, other
solutions that do not depend on explicit identification restrictions have also been proposed in the
literature. Because AP analyses essentially amount to a design matpx \where the columns
represent the dummy variables from the saturated additive model) that has a rank of one less than the
full column rank, (@ cannot be inverted. This incomplete rank is associattdomie eigenvalue that

equals zero, which is symptomatic of the singularity of the design matrix. This deficiency is
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equivalent to the need for at least one restriction to estimate APC models. Hence,

O ® deeis not defined and requiraslditional identification assumptions.
4.2.2. Extending identifying assumptions ofadditive models to interactive models

Age-periodcohort (APC) decompositions have featured in the literature of multiple disciplines for
decades, and new proposals to solve aroidyproblem are still offered at regular intervals. Despite
early proclamations that t h i(Gennt 39p6g wittorecenaine al y si s
iterationslabellingi t mor e ext r e mel yFieaberg, d0i3)afiempthto pesfechisu e st o
model continue. It is, however, the descriptive appeal of APC estimators that lure researchers to
different variants thereof, and to find the most credible solutions to interpret their findings. Hence, it

is unlikely that applied scientists will aldon the approach, nor will their attempts to solve the puzzle

cease. However, given the continued proliferation of APC analysis, applied researchers should be
aware of the identification assumptions that determine their conclusions. More importantly, they
should be aware that some solutions that have b
live up to that promise, and should not be applied without careful thought about the influence of the
specific data generating procefisuo, 2013) This setion reviews some of the identification
strategies that have emerged in the last few decldesmch case the possibility of extending this

estimator to the interactive setting is evaluated.

4.2.2.1. Coefficieestrictiohased on behavioural assumptions

A priori theory can often simplify the identification of APC models. For instance, Mincerian earnings
functions(Mincer, 1962)entail the specification of a quadratic in experieraeafe). Following this
functional form for age effects allows cohort and pemffects to be flexibly specified without fear of
collinearity. The problem with this approach, however, is the rigidity that this imposes on an entire
life cycle, which may not hold precisely in the population. Gf2003) hasanalysedSouth African
wages in this manner Such an approach is amenable to interactive effects, with the possibility of
estimating various parametric age profiles for specific cohbidsvever, the validity of thquadratic

parametric assumptions is uncertaithout further vefiication.

Alternatively, many authors choose to restrict any one coefficient to zero or to be equal to that of an
adjacent group, such as forcing two time periods to have an equivalent effect. This was famously
proposed byasonetal. (1973) However, aBrowningetal. (2012)illustrate, results are sensitive to

such seemingly minor behavioural assumptions, and require clear motivation to be valid (such as two

adjacent cohorts that really did face identical lbeign common effects).

A widely-used methodh economics turns to restrictions on the period effects, so that they average to

zero and are orthogonal to tirfleeaton & Paxon, 1994; Deaton, 1997 do so, two time dummies
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are omitted, while the others are adjusted by the following transformattbmeluded in a standard

APC regression (instead of the usual time dummies):

n p n ¢ n o8 8 (4.2
whereP is the total number of periods contained in the data. Subsequently, the effectfref the

periods can be recovered as follows:
wZ wZ cu z E "Y C w z
“w Z cu z O.u z E "Y p w Z é ( 3)'

This orthogonality condition is steeped in the understanding of business cycles, @#mdftatin
fluctuations donot contain a sustained upward or downward trend. The behavioural assumption
underlying this strategy is that period effects average to zero overlLtimg-run trends in any data

are therefore relegated to cohort and age effects. For instance, growtoum force participation

may be represented by greater entry among more recent cohorts, while it is potentially true that all
cohorts entered in greater numbers. In this case, the behavioural assumption imposed by this
restriction would be incorrect. Wiilthis restriction is also theshased, and likely to be true for

many outcomes that are directly connected to economic activity, its value is limited if the data does
not extend over a sufficient section of the business cffaaton, 1997) Furthermore,if time
variation is trulylong-run and acyclical, this estimator could perform poorly. It is also not certain how

this restriction can be expanded to incorporate heterogeneous age and cohort effects.

Each of the methods presented above can potentiallyjnditévated by economic theory or by
observing empirical realities by which to derive identification restrictions. Most often these
assumptions go untested, however. McKenzie (2006) offers an approach that allows researchers to
explicitly test whether sedns of any of the APC profiles can bedelledwith a linear or quadratic

trend. If any portion of one of the APC profiles camt@delledparametrically, the rest of the model

can be estimated by exhaustive dummy variables. While the trajectories aesl sfagach profile

cannot be uniquely determined, the acceleration of each is independent of restrictions imposed.
Hence, shapes are unique, and structural breaks in the functional form are testable. An initial estimate
of an additive APC equation can bbtained using any method above, and then Wald tests can be
conducted to establish whether profile deceleration or acceleration changes for portions thereof. If the
rate of acceleration changes, a structural break is discdfried.any two consecutivegas, periods

or birth yearsthe (unique) rate of acceleration does not change, a quadratic functional form would
adequately define the section. This assertion can be tested for multiple sections along the profiles with

a Wald test of the following null hyghesis:
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A follow-up test applies a similar procedure, but assesses whether the profiles can be restricted to

linear portions. Linear profileslwaysexhibit zero acceleration, so that
Odh Q¢ e "QQarQ 1 f f f T f f T
whereQ AR QI ERNIND p8 0 (45

If both hypotheses are rejected for any section of the profiles, dumriabkes are introduced for the

nortlinear and nomuadraticsections.

The benefit of this approach is that one needs to find only one such restriction, even if a number of
them are statistically valid. If the statisticainclusionsalso concuwith economic observations, then

the combination of these criteria efs a solution that is satisfying along multiple dimensions. This
approach presents an alternative that is-meltivated and allows the researcher to apply flexibility in
their choice of structure, rather than atheoretical approaches (discussed belamyedfiable
behavioural assumptioffs Note, however, that implicit identifying assumptions do also apply:
despite the unique determination of the acceleration of profiles, it is impossible to determine whether
observations at the starting point of anyfieohave undergone acceleration, so thkttests are

conducted on a restricted portion of the data

Can this approach accommodate interactive profiesitple implementation could interact the sub
regions of the age and cohort profiles identifiedtig algorithm to incorporate heterogeneityhile

it is conceptually possible to calculate directional second derivatives (in other words, to find the
acceleration of profiles conditional on a value of another component, in order to allow for
heterogeney), the utility of this approach might be limited if similar structural breaks occur for all
groups. For instance, a break in period effects is unlikely to differ by cohort or age group if it is a
truly aggregate macroeconomic observance. Hence, testinfeorarious segments in an additive
setting may be sufficient. The combination of testability of behavioural assumptions and the

possibility of introducing heterogeneous profiles makes this an appealing approach.

4.2.2.2. Atheoretical approaches

Given the diffialty of contextually motivating some of the identifying restrictions proposed in the

literature, purely statistically motivated approaches have been pursued as an alternative. One of the

2" Because some discretion on the part of the researcher is rejsiret as identifying a break when the
statisticalevidence is marginally rejected, while economic evidence supportkig approach is not
investigated in the simulation study presented below.
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most cited and widely applied estimators for an additive model ipdiedbinthesec al | ed Ai nt ri
esti mat(ganget 4l.] 2804; Yang et al., 2008) does not require the researcher to make
behavioural assumptions about the data generating process, nor does it require parametric curve fitting
for subportions ofthe profiles. However, the estimator imposes @akecific geometric conditions

through the singular value decomposition, which are independent of cepamitic theory.

Practical implementation follows a principal components analysis on the rawadatggosed to a
covariance matrix). However, by the singular value decomposition, thnverible design matrix
ofrankQ 6 0 6 o 6 0 & pcan be rewrtten in terms of , the eigenvectors of
@ & (which together form the columns of a mafi¥kando , the eigenvectors @b ¢ (which together

form the columns oh matrixw) and a matrix wittonlyidi agonal el ementsodo t hat

square root of the eigenvaluestofo (_ ) (Johnson & Wichern, 2002, p.10This matrixc can also
include the base categories for each set of dummy variables in the model:

~.

® Y@ _80o0

B _%0o= B mzo o Youe €é @) 4.

Because four of the eigenvalum® zero by definition, thtnal summation in equation 4does not

influence &, and therefore removes four eigenvectors (which are in the null spa&¥®ofAs

discussed in Appendik, the new formulatioriYOowsewhich excludes each of the influenaefsall

columns associated with the zero eigenvalues, can be used to construct the intrinsic estimator. In
summary, one could therefore construct the design matrix using only the eigenvectors associated with
nonzero eigenvalues. In effect, the matrix iswnonly dependent on a sum 6f 0 6 o
eigenvectors, which are also orthogonal to each other. Completing the APC analysis on only these
eigenvectors (as opposed to the untransformed dummy variables) therefore eliminates all
multicollinearity problems: theedundant vectors are excluded from the analysis, yielding a new
design matrix of full rank. However, coefficient estimates have been rotated into another space (away
from the null space of the design matrix) by the prineguahponerdike transformationHence, they

should be rotated back into the standard APC space to enable usual interpretation. Thebaaiation

into APC spacémplies that each of the effects is no longer orthogonal to each other, as was the case

for the eigenvectors. As shown fullyr iAppendix E, the intrinsic estimator can therefore be

2 ysually the literature refers to only one zero eigenvalue and one restriction on the design matrix. However,
the approach of the intrinsic estimator also allows for the inclusion of the base categories of the dummy
variables for age, period and cohort effects in estimation. Given that each set of APC dummies is collinear with
the constant, these will also be asated with zero eigenvalues (the reason why they are omitted in usual OLS
applications)This raises the number of eigenvalues to four if base categories are also included.
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constructed using only the components of the singular value decomposition that do not correspond to

the zero eigenvalues, as follows:

7 WO Y8 (47)

The intrinsic estimator will always differ from other estimators using behavioural restrjatioless

0 © Hs the authors suggest an alternative geometric method to arrive at the solution to prove this
(Yang et al., 2008) An initial step establishes APE€stimates based on any of the coefficient
restriction methods; then, that coefficient vector is projected into thewumlbispace of the design
matrix, by removing the component associated with the zero eigenvalue (or the nulbkplaee
design matrix The result of removing the influence of the null space from the estimator will always
be the intrinsic estimator, regardless of the initial estimate. As a result, all additive APC estimates can
be seen as a rotation of the intrinsic estimator, but witlffereht level of influence of the null space
incorporated. Any APC estimator based on coefficient restrictions can therefore be expressed as:

a n | m 8 (48)

where g is the eigenvector associated with the zero eigenvalue of the design matrix. Each
behavioural restriction is represented by a different valuie ahd determines the degree of rotation
away from the intrinsic estimatoContrary to most interpretatiornthe IEdoesimpose restrictions in
estimation. Thais, the IEses| 11, which does impose a problespecific behavioural assumption

that remains unknown to the applied researchience, it is a purely mechanical approach whose
assumptions cannot be dpgranslated back into the real world with any ease. Because all estimators
based on one parameter constraint are simply rotated variations of the intrinsic estimator, it is true that
they will all yield the same fit of the data, and that their shapddwildentical (though slopes will

not be), as confirmed by McKenzi2006)

Yang et al. (2008) show thatg depends uniquely and solely on the number of time periods and
cohorts included in the data. By projecting estimates away from this space, ithetastherefore

al so supposedly fAcorrectso for the |limited span
this information fully determines the null space of the design matrix, from which the estimator is
projected away. Hence, using few surwvayith the intrinsic estimator supposediynot as serious as

when the required assumption is that period effects should represent business cycle (Reatam

1997) In fact, Yangetal. (2008)maintain that as the number of time periods increases, the estimates
obtained by way of alternative constraints converge to the intrinsic estimator, go @hat as

0 O Hb, regardless of identification strategBy this asymptotic argument, the IE is supguly

consistent, though subsequent reviews disput€libis, 2013)
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