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Abstract

A long-standing literature has investigated the formatiéraspirations and how they
shape human behaviours but a recent interest has beendievotiee interplay between as-
pirations and inequality. Because aspirations are sgdiaiiermined, household investment
decisions tend to be reproduced according to the sociaexomthich fosters inequality to
persist. We empirically examine the role of aspirationsratquality using a natural exper-
iment. We exploit an exogenous variation of social asgiraidetermined by the exposure
to Western German TV broadcasts in the GDR before the reatidit We measure the
treatment effect on wage inequality by comparing inequalitanges between the treatment
and the control regions after reunification. We use an hskedastic parametric model for
income with a treatment effect and sample selection intdabeur market. We derive an-
alytical formulae for the growth incidence curvelof Ravalliand Chen (2003) and poverty
growth curve of San (2004) for the log-normal distributi®ased on those curves, we pro-
vide Bayesian inference and a set of tests related to sticlhsninance criteria. We find
evidences that aspirations - through exposure to Westemnm#&ebroadcasts - have signifi-
cantly affected inequality. We find that this effect was ieéntal in terms of inequality and
poverty. However, we cannot conclude about the persistefite effect after 1995.
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1 Introduction

The fall of the Berlin Wall is one of these ambiguous bittegstivevents that has marked defini-
tively the end of the Cold War. On the one hand, German rewatidic and recovered freedom
were celebrated. But on the other hand, the whole East-Geso@ety was devastated. This am-
biguous sentiment was crystallized for instance in the faypueologisnostalgie which refers
to the nostalgia for the communist era in former Eastern peaa countries like East-Germany.
Numerous novels and films (e.g. “Good Bye, Lenin!”) havesttated the brutal changes that
East-Germans experienced at that time. Nostalgia can bresh# of disillusioned expectations
and aspirations during the years following the German feation. In this paper, we study how
differentials in aspirations have shaped inequality gfterGerman reunification.

A recent literature has investigated the formation of agmns and how they shape human
behaviours. Particularly, the literature abounds of emgirevidences suggesting that aspira-
tions are influenced both by individual circumstances ansiddmyal interactions. Among othets,
Stutzer ((2004) and Knight and Gunatilaka (2012) are illiatimg in this respect as they find
that income aspirations increase with people’s income dsasevith the average income in the
community they live inl_Genicot and Ray (2017) proposes a&g#refinition of aspirations as
income or wealth thresholds that enter into the individaiityifunctions as reference points and
which depends on both individual achievements and somo@ic contextual outcomes. Be-
cause aspirations are socially determined, householdtiment decisions tend to be reproduced
according to the social context which fosters poverty amdjirality to persist. Because of the
evident difficulty to observe aspirations, there is no emgirevidence that aspirations do affect
inequality.

We empirically examine the causal role of aspirations owmne inequality using a natural
experiment. In this attempt, we exploit an exogenous vianaif social aspirations determined
by exposure to West-German television broadcasts in Easti@y before reunification. While
most East-Germans could (and, according to all availabieece, enthusiastically did) watch
West-German television channels, West-German broaddiastst reach the inhabitants of some
regions of East-Germany, sometimes called the “valley efittnocent” (Hyll and Schneicer
2013). This natural experiment has been recently usedpy&tamnce, in Hyll and Schneider 2013
and Bursztyn and Cantoni (2016) to show that exposure to-®esnhan television broadcasts
has affected material aspirations and consumption. Toexefve ask whether aspirations -
through exposure to West-German television broadcastee-dféected not only the mean income
but also the variance of the income distribution. We meathedreatment effect on income in-
equality by comparing distributional changes betweenrdgiient and the control groups after
reunification using Bayesian inference. Particularly, weasure distributional changes using the
growth incidence curve of Ravallion and Chen (2003) and gg\growth curve of San (2004)
in a parametric framework. Those curves allows us to quafitifterms of mean and inequal-
ity) how the income distribution of the treatment group hagejed from that of the control
group because of the exposure to West-German televisi@ubasts. The advantage of this ap-

For instance, Luttmer (2005) and Clark and Senik (2010) igeempirical evidences of an effect of income
comparison on own well-being.



proach is that both curves are closely related to stochdstiinance as shownlin Duclos (2009)
and| Araar et al.[ (2009). Consequently, distributional ¢gesnmeasured using these curves are
consistent with a large set of utility functions as well asaayé set of poverty and inequality
indices. A growing literature make use of these curves tesssslistributional changes, see
Lakner and Milanovic|(2016) using the world income disttiba, [Chancel and Piketty (2017)
for the Indian income distribution and Novokmet et al. (2P1af Russia among many other
examples.

We propose a parametric model of income formation allowimgdbservable differences
between the treatment and control groups. A parametricoagpris particularly suitable for
various reasons. Indeed, a parameter-free approach esdpntanding in terms of sample size
whereas the amount of data available for the researchemited in most of empirical stud-
ies. Moreover, studying inequality often requires to deahwrimming data problems which
are soften by the parametric assumption. Furthermore,dhanetric approach allows to have
a tractable expression of the distributional changes oit@ubetween two periods and to derive
statistical inference for inequality changes directlynfrthe parameters using Bayesian meth-
ods. We assume that the income distribution follows a lograb process; or equivalently, that
the log-income follows a normal process. The log-normatess is a very convenient way to
model middle-sized incomes as discussed for instance chisibn and Brown (1957) (see also
Anderson et él. 2014 in the context of a mixture model with yvoups). The advantage of
adopting a parametric framework is that we can easily cbfdarambserved and unobserved het-
erogeneity using standard methods, but also in that we caredaalytical forms for the growth
incidence curve of Ravallion and Chen (2003) and the poggawth curve of San (2004). More
precisely, the growth incidence curve is a function of theapeeters of the wage equation. We
use an heteroskedastic model of the log-income where thartemt can affect both the mean
and the variance of the log income. Because distributiomahges are measurable only on pos-
itive incomes and because individuals with positive incemmay not be a random sample of the
population, we control for potential sample selectiondading the Heckman (1979)’s approach.
Based on those curves, we provide Bayesian inference antld sests related to stochastic
dominance criteria. Particularly, we test if a distribuiéd change has been welfare improving
in terms of first-order (second-order) stochastic domieaifca distributional change has been
relatively pro-poor, if every quantile has benefited equahm growth and finally, if the distri-
butional change of a group is preferred to that of the otheugr

Our approach has certain limits. Both curves measure clsangbe (anonymous) income
distribution, ignoring income mobili@.ln other terms, we look at changes in the mean income of
each quantile, but we ignore who are in a particular quaniifeincrease in the mean income of
the median group does not imply that all the people at the amedithe first period are wealthier
in the second period since there might have been social ityolnilbetween. Therefore, the
growth incidence curve and the pro-poor growth curve candbenated using repeated cross-

2Jenkins and Van Keim (2006) were the first to consider reirgnksing a decomposition of the variation of a
generalized Gini index between progressivity and re-ragkvith concentration curves. They analyse changes in
income inequality in the US and contrast these changes hatkevolution of Germany. Grimm (2007) has shown
that different conclusions can be reached if removing theraof anonymity when computing growth incidence
curves| Bourguignon (2011) builds on this approach andigesxdominance criterion.
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section data instead of balanced panel data. Using the S@Hi?d evidences that aspirations -
through exposure to Western German broadcasts - have sarrilfi affected inequality in post-
reunification East-Germany. We find that this effect wasiohetntal in terms of inequality and
poverty. However, we cannot conclude about the persistehite effect after 1995. This paper
contributes to the literature on the social determinantsowkrty and inequality. In doing so, we
provide a method to measure the effect of a treatment on aewhstribution. We contribute to
the literature on the econometrics of poverty and inequilitproviding parametric formulae for
the growth incidence curve and the pro-poor growth curvetierlog-normal distribution. We
also provide Bayesian inference to test for numerous Higional changes related to welfare
criteria.

The paper is organized as follows. In section 2, we preserddhceptual framework, the nat-
ural experiment, the data and the empirical methodologgebtion 3, we explain how growth
incidence curves and related measures are derived. We xgi$airethe relationship between
these curves and stochastic dominance. In section 4, wedprparametric growth incidence
curve and pro-poor growth curve for the log-normal disttidw with functional heteroskedas-
ticity and potential sample selection. In section 5, we fe\Bayesian inference for the curves
and propose a set of tests based on stochastic dominarexacrinh section 6, we provide the
empirical results and we carry out a counter-factual ezerto gauge the effect of aspirations on
inequality. The last section concludes.

2 Aspirations in East-Germany before reunification

2.1 Conceptual framework

A growing literature has been investigating the formatibaspirations and how they can affect
socio-economic outcomes. Particularly, the literatureuslols of empirical evidences suggest-
ing that aspirations are influenced both by individual ainstances and by social interactions.
Among other§ Stutzer (2004) and Knight and Gunatilaka (2012) are illuatiig in this respect
as they find that income aspirations increase with peophesme as well as with the average
income in the community they live in._Genicot and Ray (201roposes a general definition of
aspirations as income or wealth thresholds that entervetandividual utility functions as refer-
ence points and which depends on both individual achievésvaam socio-economic contextual
outcomes.

On the other hand, a recent empirical literature has beeasimgating how television can
shape aspirations. In the context of the German reunificatityll and Schneider (2013) find
consistent evidences that watching Western televisioharfdrmer GDR increased material as-
pirations substantially while Bursztyn and Cantoni (20fl&) that Western television exposure
affects the structure of consumption. In doing so, telewisiffects the perceived socio-economic
context or, in other terms, the reference group of indivisiutnat is, income and consumption
comparisons take place not only with individual’s actu&trence group (e.g. relatives, friends,

3For instance, Luttmet (2005) and Clark and Sehik (2010) ideoempirical evidences of an effect of income
comparison on own well-being.



neighbours, and colleagues), but also with a virtual refeeeyroup consisting of television char-
acters. In this attempt, advertising and entertainmengnaras play a non-negligible role in
shaping mental representations (e.g. Chong and Ferra@ @0Bursztyn and Cantoni 2016).
Because consumption signals one’s economic status tosodiner since individuals have a de-
mand for prestige then this virtual reference group affeoctssumption behaviours. This phe-
nomenon gave rise to a prolific literature on conspicuousgmption initiated with the seminal
work of\Veblen (1899). Of course, television exposure mayp affect material conditions indi-
rectly through its effect on other living conditions e.g.men status (Jensen and Oster 2009), di-
vorce (Chong and Ferrara 2009), fertility (Boenisch and B@I1L5) and criminality (Friehe et al.
2017) for example.

Even if the effect of aspirations has been studied for a washgje of socio-economic out-
comes, their effect on inequality has been largely ignanede empirical literature while Genicot and Ray
(2017) demonstrates theoretically that there is an irdgrpetween aspirations and wealth in-
equality. More precisely, they show in a model of sociallyedined aspirations that economy-
wide outcomes determine individual aspirations, whichuimtdetermine investment decisions
and then social outcomes. Particularly, when aspiratioms@acially monotone (non-decreasing
in society-wide incomes), the initial income distributiail diverge (i.e. increase of between-
inequality and decrease of within-inequality). The onlgeahere the initial distribution would
converge towards the equal distribution is when the indisiribution has already a large degree
of equality. As a consequence, aspirations may createl gmmiarty traps increasing the persis-
tence of wealth inequality and poverty. Therefore, we famasnly on the effect of aspirations
on income inequality and more particularly on labour eaggias they are likely to be influenced
by aspirations more than other sources of income.

2.2 The natural experiment

We discussed to what extent watching television might affémwvers’ aspirations. However,
it is also conceivable that individuals with high aspirasare more likely to watch television,
especially if television programs depict wealthier conmaar groups. Conversely, it is possi-
ble that individuals with low aspirations watch televisiexcessively simply for entertainment
owing to low opportunity costs (Frey et/al. 2007). It is tHere difficult to measure the causal
effect of television exposure on aspirations which, in tuvould affect inequality. We address
the problem of endogeneity by exploiting a natural expennoecurring in the Eastern part of
the divided Germany. Owing to exogenous variations in tgaaistrength we can identify two
comparable groups with different access to televisiondiczasting. While one group (the control
group) could only receive East German television chantiesyther group (the treatment group)
was exposed to West German television channels too. Mocgsphg even if most East-German
households could receive West-German television bef@eahnification, there remained loca-
tions that could not receive West-German television brasgcdue to geographical obstacles.
Bursztyn and Cantani (2016) estimate the signal strengWestern television relying on a sig-
nal propagation model that takes the Earth’s curvature Bavaion features into account. While
in the absence of any obstacle, an electromagnetic sigokhds in strength with the square of
the distance from its source; in practice, geography andg@phy are the main determinants
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of actual availability of TV signals. The GDR regions with@ccess were located either in the
North-East and in the South-East of the country, and weheeibo far away from the transmit-
ters or were located on the other side of mountains that blbtke signals. The left panel of
Figurel provides the estimated signal strength in 1989 bgAun and Cantoni (2016). Because
the signal strength is continuous, we have to find the valogatvhich individuals can actually
watch Western television programs and under which theyadlgtcannot. Gathering survey data
and anecdotal evidences, Bursztyn and Cantoni (2016) seighal strength in Dresden as the
threshold for partitioning the population into treatmentl@ontrol groups. Then, they consider
all municipalities with signal strength equal to or below bresden’s average signal strength to
be in the control area, that is the population non-exposa&tidstern TV broadcasts. The treat-
ment area comprises all regions with a positive probabdftyeception of Western television
broadcasts. The right panel of Figlide 1 represents thealamiea in black and the treatment
area in grey as provided by Bursztyn and Cantoni (2016). Wethusir results to define a treat-
ment group (those who were exposed to Western TV signalsy andtrol group (those deprived
from Western television signals). About 85% of the GDR pagioh was exposed to Western
television broadcasts, while the remaining 15% had acadgsmEast-German television broad-
casts.

¥
Py o

-

- Berlin o

ﬁarlin()
0 1530 60 90 120 01530 60 90 120
O w— [ = = = [
Signal strength Treatment and control regions

Figure 1. Exposure to Western TV broadcasts in East-Gerr(ied89)

Black areas represent weak signal areas where the sigeagitiris weakly lower than in Dresden, dots represent m#jes@and white lines
represent district borderSource: |Bursztyn and Cantoni (2016€), Figures 1 and 3.

Although the process governing the television exposurenné¢es random assignment, it
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may actually not be. As a consequence, we should ask whétbdrgatment and the control
groups were similar and, if not to what extent. All existimggrical evidences suggest that both
regions were highly homogeneous with respect to culturdlsatio-economic development as
shown in Table 1 of Bursztyn and Cantoni (2016) for instantieey compare both regions in
1955 and 1990 and they do not observe any differential trenthe two groups between 1955
(before television became popular in the GDR) and 1990 iidttie reunification). In the same
direction, Hyll and Schneider (2013) demonstrate that eowoaq, political, and social conditions
in the control region did not systematically differ from cions in the other regions of East-
Germany. We also investigate this issue by testing foriffees in the individual characteristics
of both groups just after the reunification and we confidergjgct this hypothesis. Last, there
is no evidence that individuals who were more interested @stéfn broadcasts had moved into
an area with better reception before the reunification.i®aatrly, Bursztyn and Cantoni (2016)
argue that the centralization of the economy and the chrsimictage inhibits selective spatial
sorting across groups before the reunification.

Similarly, a confounding factor could exist if there werfeliences in TV set equipments be-
tween the treatment and control regions. Most of empirizialences provided in Bursztyn and Cantoni
(2016) go in the direction of no noticeable difference betwéoth regions. Particularly, they
argue that the limited availability of Western TV broadsagid not prompt households in the
control region to buy fewer television sets. Television &dmmsic good and the great majority of
households had a television set in East-Germany (98% ofholds in 1989). In addition, they
report that 46% had a colour television set and one out of@isséholds had more than one tele-
vision set, leading to an average of 117 television sets pemhbuseholds. The two production
facilities for television sets in East-Germany were lodateDresden (in the control region) and
in Stassfurt (in the treatment region).

Remains the questions of whether households in the expegexhractually consume West-
ern television broadcasts. Most of empirical evidencegssigthat the great majority of those
who were exposed to Western television actually consumedtiough watching Western tele-
vision was officially forbidden by the GDR state, a surveyiled 985 among young people by
the Zentralinstitut fur Jugendforschung reports that respondents in the treatment region watched
more than two hours of West-German television per day onaaeer Furthermore, Figure 2 of
Bursztyn and Cantani (2016) indicates that 66% of respatsdardistricts with access to West-
ern television declared they watched Western TV stationly.dé&n contrast, only 5% of the
respondents in the district of Dresden declared so.

2.3 Data

We use the German Socio-Economic Panel (SOEP), a long#&lpresentative survey pro-
vided by the German Institute for Economic Research (DIWie $urvey started in 1984 in the
FRG and the first wave surveying East-Germans started in f®@0restricted set of variables.
We use the regional policy regions (ROR, Raumordnungsnegipwherein the households lived
in 1990 to define whether a household belongs to the treatoretat the control group. The

control group was formed by the households located in ondebtfollowing ROR in 1990:

Stralsund-Greifswald, Rostock, Neubrandenburg, Obsittaand Dresden. It is worth mention-
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ing that this geographical unit is not enough accurate so abtain a perfect replication of the
black area in Figurell. Therefore, the control group is ddfimesuch a way that it includes
the complete black area and incidentally some exposed holase This potential misallocation
should be nuanced as the signal strength is a continuousbl@iand that false-control house-
holds are likely to actually have weak television signats atidition, this misallocation would
generate an attenuation bias which only strengthens oeritase actually find an effect. We
assign households living in the rest of East-Germany torgetrhent group. However, we ex-
clude Berlin from the analysis since it is the capital whicksvwpart of both East and West parts
of Germany. We restrict the sample to the working-age pdjigbetween 16 and 65) in 1990.
We then build an unbalanced panel formed of all individuaiad) in East-Germany (excluding
Berlin) which were present in the sample in 1990. This is theshort where the same individ-
uals are followed over time. Sample sizes are provided ihnelAbThey naturally decrease over
time because of attrition.

The different sources of income and numerous socio-ecanonairacteristics have been re-
ported in the SOEP. Unfortunately, labour income is obskimd=ast Germany only after 1992,
where changes due to the reunification had already been natape However, the income re-
ported in 1992 is the income of the previous year, namely 198, the initial period should be
1990, taking 1991 as the initial period would potentiallieatiate the treatment effect. There-
fore, this only strengthens our case if we want to test thetemce of a treatment effect. Labour
income corresponds to wage earnings before taxes andriledgiigtn. \We use a consumer price
index to make income comparable over time and between regids we focus on labour in-
come, there is a significant proportion of zero income bezafisinemployment or because of
non-participation onto the labour market. That propori®tower in East Germany wherein
female labour participation was higher. But this spreadvbenh East and West Germany is re-
ducing over time. In order to investigate this issue, wedfarm our data into a balanced panel,
then we can shed light on some of the differences that exiaigss the two groups. Particularly,
Tablel2 provides transition probabilities of having a zexodur income for each group between
1992 and 1995. Clearly, Tablé 2 suggest substantive betgeep differences in the probability
of being excluded from the labour market. We investigate igsue by taking into account the
potential sample selection and we allow the treatment &cathe decision to participate onto
the labour market. Similarly, we observe significant betwgeup difference in the probability
of migrating to West Germany after the reunification.

For those patrticipating to the labour market, we draw a pgraf the labour income distri-
butions for each group after the reunification in Tdble 3.tiBalarly, we use the median as a
measure of centrality, the Gini coefficient as a measureexfuality and the poverty rate is com-
puted as the proportion of individuals with an income bel@¥%of the median West-German
labour income. Clearly, the poverty rate has decreasedtbegoeriod with a greater speed in
the treatment group whereas inequality has increased mdtesitreatment group than in the
control group. We are particularly interested in determgnivhether these differences between
the treatment and the control groups are due to differemcgsoup characteristics or instead to
the effect of television exposure.



1990 1991 1992 1993 1994 1995
Sample size
Total 13046 12247 11702 11183 10608 10100
West-Germany 8889 8429 8085 7766 7339 6975
East-Germany 4157 3818 3617 3417 3269 3125
Treatmentgroup 2882 2667 2506 2383 2281 2188
Control group 771 719 669 622 609 571
Percentage of zero labour incomes

Total - - 0.220 0.237 0.253 0.270
West-Germany 0.270 0.255 0.252 0.259 0.275 0.288
East-Germany - - 0.149 0.188 0.205 0.230
Treatment group - - 0.154 0.191 0.213 0.234
Control group - - 0.136 0.199 0.195 0.238

Table 1: Sample sizes
for zero labour incomes between 1992 and 1995
Treatment Control
Zero Positive| Zero Positive

Zero 0.715 0.285| 0.667 0.333
Positive 0.150 0.850| 0.174 0.826

Table 2: Transition probabilities

1992 1993 1994 1995
East-Germany

Median 16108 16778 17849 18739
Gini 0.308 0.323 0.327 0.319
Poverty rate 0.463 0.440 0422 0.383
Treatment group
Median 16049 16778 17849 18679
Gini 0.306 0.321 0.322 0.319
Poverty rate 0.464 0.442 0.415 0.380
Control group
Median 16423 16767 17836 19098
Gini 0.315 0.329 0.345 0.322
Poverty rate 0.458 0436 0.449 0.393

West poverty line 15280 15478 15740 15683
Zero incomes were excluded from the sample. The poverty line
was chosen as 60% of median West-German labour income.
Berlin is excluded from all groups.

Table 3: Labour income characteristics for treated androbgtoups



2.4 Empirical strategy

We ask whether aspirations through exposure to Westemwigile broadcasts has affected in-
come inequality in Germany after the reunification. In dogog we basically want to assess
which of the income distributional changes are attribigdblthe exposure to Western television
broadcasts. This raises a set of empirical challenges.

The growth incidence curve of Ravallion and Chen (2003) isravenient way of compar-
ing changes in the income distribution between two pointsnme. It measures how growth is
distributed over the quantiles. One advantage of this ambras that it is related to stochastic
dominance as shown for instance_in Duclos (2009) and Araai €2009). However, it is not
clear whether between group differences in distributichanges arise because of the treatment
or because of changes in the features of the groups. Congdgitds not sufficient to compare
the growth incidence curve of the treatment with that of thetwl group. Instead, we should
take into account potential changes in the composition o ggoup between the two periods.
Therefore, we want to identify which quantiles of the incoaisribution have been significantly
affected by the treatment taking into account for potemgéerogeneity.

A parametric approach is particularly suitable to answsrghestion for various reasons. In-
deed, a parameter-free approach is quite demanding in téreasnple size whereas the amount
of data available for the researcher is limited in most of eigd studies. In our case, we have
669 observations in 1995 and only 578 non-zero incomes. derestudying inequality often
requires to deal with trimming data problems which are sofig the parametric assumption.
Furthermore, the parametric approach allows to have aatrslcexpression of the distributional
changes occurring between two periods and to derive staligtference for inequality changes
directly from the parameters using Bayesian methods. Wenasshat the income distribution
follows a log-normal process; or equivalently, that theiilogome follows a normal process. The
log-normal process is a very convenient way to model middted incomes as discussed for
instance in Aitchison and Brown (1957) or.in Anderson €t @ll£in the context of a mixture of
log-normal densities. The advantage of adopting a par&rfeamework is that we can easily
control for observed and unobserved heterogeneity usamglatd methods, but also that we can
derive analytical forms for the growth incidence curve of&hkon and Chen (2003). More pre-
cisely, the growth incidence curve can be expressed as fduaraf the parameters of the wage
equation. We introduce the treatment effect and observetdgeneity by means of covariates
for explaining both the mean and the variance of the logamewhile recognizing that these two
groups belong to the same population. Because, individugispositive incomes may not be a
random sample of the population, we control for potentiahjgie selection of positive incomes
following the. Heckman (1979)’s approach.

Numerous hypotheses on distributional changes can berpebusing Bayesian inference.
Particularly, we test if a distributional change has beeliam@improving in terms of stochastic
dominance, if a distributional change has been relativedygmor, if every quantile has benefited
equally from growth and finally, if the distributional chan@f a group is preferred to that of
the other group. Because of the relationship between thetlyriacidence curve and stochastic
dominance at the first-order, our results are consisteffit aviarge set of utility functions and
most of poverty and inequality indices. When, one cannothkmie about stochastic dominance
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at the first-order, we consider stochastic dominance atttesl-order using the poverty growth
curve of Soni(2004).

3 Measurement of inequality changes and stochastic domi-
nance

3.1 Quantile functions and Lorenz curves

LetY be a continuous random variable (e.g. income) with cumudatistribution function (cdf)
F(y) and probability density function (pdf)(y) with support contained on the non-negative real
line. The quantile function is defined as the inverse of técd

Q(p) = F'(y), or  Q(p) =inf(F(y) >p).

y=>0

For computing the mean, a poverty or an inequality index, ame use directly the pdf of the
random variablé”. For instance the mean is defined as:

i= [ wra. ®

However, we can use the dual estimator based on the quamtit#idn. Let us consider the
change of variablg = F'~!(p) and apply it to[(1L), we get:

?JI/OlFl(p)dPI/OlQ(p)dp- )

Let us now consider the Lorenz curve, a widely used measuneeglality introduced in
Lorenz (1905). It was originally defined by:

1 rv
L) = - | st
p = F(y).

Using the same change of variable= Q(p), |Gastwirth (1971) provides the following form of
the Lorenz curve:

which immediately relates the quantile function to the lnareurve with

Qp) = yL'(p). (3)

4The empirical income distribution is formed byobservations o¥", notedy and arranged by increasing order.
The sequence of order statistics is noggd The graph of the empirical quantile function is obtainedphgtting
then component vectojp; = i/n] in [0, 1] against the: order statistics. If we normalize this graph by the mean,
we get the well-known Pen'’s parade.

SFrom this expression it becomes clear that the mean incothe ipopulation is found at the percentile at which
the slope ofL(p) (i.e. L' (p)) is equal to 1.
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A variant of the Lorenz curve representing inequality wha&ing into account the level of
income has been introduced formally in Shorrocks (1983, ihthe generalized Lorenz curve.
It is simply obtained by multiplying the Lorenz curve by theam incomey:

GL(p) = [ Q) dt = FL(p).

Numerous inequality and poverty measfiraiso rely on the guantile function, and thus, can be
derived from the Lorenz curve too (see e.g. Foster and StksrbO83).

3.2 Inequality dynamics

Let us now consider two datéand:—1 and their respective distributio#$(y) andF;_,(y). The
growth incidence curve (GIC), introduced|in Ravallion arfte€s (2003), measures the growth
rate of thep-quantile for every:

0(0) = 20— 12 1og Qulp) ~ log Qurs 1) @

Using (3), the GIC can be immediately related to the Loremzewith:

/
0p) = 8L (1) — 1 2 1o GI(p) — g GLi_, ), ©
L1 (p)
wherey; = (y; — y1—1)/yr—1 = log(y:) — log(y:—1) is the average growth rate. Two immediate
properties can be derived frof (5): if inequality does nairde theny,(p) = . for all p, and
thep-quantile increases if;(p) > 0.

Thus the growth incidence curve corresponds to the vanaifathe first derivative of the
generalized Lorenz curve. Graphically, the GIC assoctaegrowth rate of income with respect
to proportionp of individuals ordered by increasing income. By drawing bwgizontal line
corresponding to the rate of growth of the mean income (ontbdian income), the quantiles
below that line have a rate of growth of their income whichawér than the growth rate of
the mean income (or the median income). Remark that congpthisGIC requires only cross-
section data at two different times and not longitudinabdaBy doing so, we consider only
the shapes of the distribution and not individuals destipier se. This is why the GIC curve is
sometimes referred as being anonymous.

An alternative approach for assessing distributional gkaras been proposed by Son (2004)
who introduces the poverty growth curve (PGC). The initiaéstion of Sanl(2004) was to de-
termine whether the mean income of the lower quantiles ¢sponding to the poor) is growing
quicker than the mean income of the other quantiles. Therpogeowth curve is defined as
the variation in percentage of the average income of thetmit;, of the population and cor-
responds ta\ log(y,), wherey, is the average income of the bottgi¥. Using [2), the Lorenz
curve can be written as:

fé7 Q(t) dt  pyp

= ewa

5Among others, the Gini coefficient, the FGT indices_of Fostal. (1984) and the TIP curve as shown in
Fourrier-Nicolai and Lubranao (2017) for instance.
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the poverty growth curve corresponds to:
Gi(p) = Alogy, = Alogy + Alog L(p) = Alog GL(p). (6)

In this context, growth is pro-poor if the variations of therenz curve are positive for afl
up to a given value. The PGC is thus equal to the variation efgébneralized Lorenz curve.
Becausel(1) = 1 thenAL(1) = 0 and the PGC is equal tg atp = 1. Growth is pro-poor
whenG,(p) > v, which means that thé';(p) curve is decreasing inasG;(1) = ~,. Poverty
simply decreases whe#; (p) > 0 for all p < 1. When0 < G,(p) < ~; for all p < 1, there is a
phenomenon of trickle-down growth, that is to say povertgduced but not as much as it could
because the rich are receiving proportionally more.

Using the same notation and approximation, the GIC can bigenras:

gi(p) = Alog Q(p) = Alogy + Alog L'(p) = Alog GL'(p),

so that the two curves can be compared. Both measures areazbés the variation of the log

of the mean income plus the variation of either the log of tleeebhz curve or the log of its

derivative. While the growth rate of income at theuantile is used for the GIC, the PGC is
based on the estimation of the growth rate of the mean incqgnte thep-quantile.

3.3 Stochastic dominance

Remains the question of whether the distributional chahges been favourable for the econ-
omy. Under the veil of ignorance, stochastic dominanceeslis determine whether a distribu-
tion is preferred to another. Particularly, if a distrilmutifirst-order dominates another one, then
the first distribution is preferred for any non-decreasiogal utility function (Atkinson 1970).
Let us consider an income distribution growing between twdagals withy,_; andy; with a
growth ratey and a common poverty line First-order stochastic dominancegf ; by y; up

to a poverty linez implies thatF'(y;_1) > F(y;) for all y < z. This means that the proportion
of individuals below the poverty line is always greatefify,_,) than in F'(y;), for any poverty
line lower thanz. Since stochastic dominance is essentially a comparisgheo€umulative
distribution functions, the quantile functions are rethte stochastic dominance as well, this is
the p-approach to dominance lof Davidson and Duclos (2000). Tirasorder stochastic domi-
nance ofy;_; by y; implies thatF'~*(y,_,) < F~*(y,) for all y. It follows directly from equation
() that first-order stochastic dominanceypf, by y; is equivalent to:

gt<p) > 07 vp S [07 1]

In other terms, first-order stochastic dominance of the fiesiod over the second period is
verified if and only if the growth incidence curve is positiee every quantile.

If the growth incidence curve is negative for some value®,athen we cannot conclude
unambiguously about whether the distributional changee haen welfare-improving or not. In
such case, one has to impose more normative conditions Isyd@yimg stochastic dominance at
the second order. Particularly, if a distribution secondieo dominates another one, then the first
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distribution is preferred for any non-decreasing and ceac¢ask-averse) social utility function.
Consequently, second-order dominance is weaker than sheftter stochastic dominance and is
more likely to be satisfied. Since generalised Lorenz donueas strictly equivalent to second-
order stochastic dominance (Atkinson 1987, Foster andr8tias 1988), it follows directly from
equation[(B) that second-order stochastic dominange efoy y; is equivalent to:

Gt(p) > 07 vp S [07 1[7

Therefore, second-order stochastic dominance of the #rsbg over the second period is veri-
fied if and only if the poverty growth curve is positive for eyeguantile.
Duclos (20009) and Araar et lal. (2009) go a step further on &atd ghat growth is relatively
pro-poor if:
9t(p) >m, Vpe[0,F(z)].
This condition is verified if the quantiles of the poor incseat a pace greater than the average
growth. Taking into account inequality among the poor, we tesst whether:

Gi(p) >, VYpelo,1].

4 A parametric treatment effect model for comparing inequat
ity dynamics

4.1 Growth incidence curve for the log-normal model

We first detail the simple log-normal model in order to derilie growth incidence and the
poverty growth curves. The individual income for a givenipgrcan be modelled in a simple
way:

log(y;) = p + €, € ~ N(0,0%). (7)

In this formulation,c monitors directly inequality as for instance the Gini cazéint depends
only ono in this case:

G =20(c/V2) -1,

where® is the cumulative distribution function of the standardmal distribution. The mean
income is a function of the two parameters of the distributiath:

E(y) = exp(u +0°/2),
while the median income is simply equaleap (). As the distribution function corresponds to:

logy — p
0_ Y

Fry=9 (
the quantile function is given by:
Q(p) = exp(u+ @' (p)),
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and the Lorenz curve corresponds to:

L(p) = ®(® '(p) — 0).

We can now deduce the GIC and the PGC for two log-normal Higions with parameters
(tt-1, 0¢-1) @and(py, oy):

9() = (e+ 0@ (p) — (1 + o1® 1 (p)), (8)

Gilp) = (ot 02/2) = (s + 0%,/2) + log ((I)‘I(’é?l;g?;)_—g‘t’i)). ©)

The mean growth ratg, and the median growth ratg are given by:

— 04 g

op _
Ve = He = -1+ Ve = Mt — Hi—1-

2 Y
Clearly, the shape of the growth incidence curve is entdelgrmined by the cdf of the standard
normal distribution. As fop = 0.5, the standardized quantile function is equal to zero, then
9:(0.5) = 4, and when varying;_; ando; the GIC is turning around this point.

4.2 Modelling the decision to participate

It is common to observe a substantial proportion of zerokenricome distribution which exac-
erbates when studying income before taxes and transfersh@sn in Tabléll, our final sample
contains 15% of zero labour incomes in 1992, a number whids g to 23% in 1995. These
zero incomes corresponds to the individuals who have déceideto participate onto the labour
market, presumably because they had a reservation wagé whg higher than their potential
market wage. Individuals with an offered wage below thesergation wage will not work. If
the treatment has a positive influence on potential markgessgpeople in the control group will
have, on average, a lower offered wage and therefore a lonjg@logment rate than the treatment
group. As a consequence, one will only observe the wagesdofictuals in the control group
who receive comparatively high wage offers. This introduaecommon sample selection bias
wherein the sample is not representative of the population.

Heckmah [(1979) has proposed a simple practical solutiosdoh situations, which treats
the selection problem as an omitted variable problem. Thathod has the advantage of being
easily implementable and robust to many sample selectiocegses (Puhani 2000). As in our
sample, we observe both positive and zero wages, we can @etinenmy variableP;; which
equals one when the observed wage is positive and zero aleer¥i/e consider the utility of
participatingP;; as being determined by a probit model with underlying equati

P = Z( + u, u; ~ N(0,1), (10)
and an observation rule:
1 if PF>0,
Fir = { 0 if P*<0. (11)
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As shown in_.Cameron and Trivedi (2005, page 541), it follomeat
E(P P > 0) = E(u > —2() = A0,
where\(-) is the well-known inverse Mills ratio and is defined as:

¢(%C)
®(Z¢)

The corresponding truncated variance is obtained as

A(EC) =

Var(P; [P > 0) = 1 — A(Z¢) 2¢ — N (20).

4.3 A wage equation with heteroskedastic errors

In the absence of zero income, the parametric wage equatibrlbserved heterogeneity would
be:

log(yi) =+ ;5 + €. (12)

However, we have to take into account the fact that we arecinriea bivariate model (decision
to participate and wage equation) with potential correlaeor terms:

() ~n((0):> 2])

So in fact we are interested in modelling the conditionaleetation:

E(log(y:)|P; > 0) = p+ &, + E(e;|u; > —ZiQ).

This expectation is computediin Cameron and Trivedi (208§e549), using arguments related
to the conditional normal distribution. The regressionan we are interested in is:

log(y:) = 1+ &3 + pA(ZC) + vs,
with heteroskedatic errors of the form:
Var(log(y;)| P > 0) = 03 — p(ZiCA(ZC) + N (20))-

This model is correctly identified provided there is at lesshe variables which are not common
betweerg; andz;.

4.4 GIC and PGC with treatment effect

Equation [(IR) makes explicit that observed charactesistianay affect the median income as
compared to equatiof](7). This is a necessary assumptiomawnt to havey,(p) andG,(p) to
depend on the treatment status and the individual charstatsras well. Since, the treatment may
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have affected the income distribution directly throughguaity, we introduce heterogeneity at
the level ofo as well. Thus, we have a regression model with functionadreskedasticity:

log(y:) = p+ 7/ + BA(ZC) + vy,
= p+xp+ v, v; ~ N(0,07), (13)

wherez; contains bothz; and A\(Z.¢). The functional heteroskedasticity arising from sample
selection is given by:

of = o*(1 = p(ZCA(ZC) + N(Z0)) = o”h(#0). (14)

This form of heteroskedasticity is fairly constrained. Weuhld like to take into account a more

general form of heteroskedasticty which would occur evahénabsence of sample selection or

more simply even i) = 0. So we consider the general forn(z.5) wherez; represents a set of

exogeneous variables including both elements; @ihdz; to which we add\(Z¢) and its square.
Let us now compute the conditional meanydds:

E(y|z;) = exp(u + 2,3 + 0*h(2,6)/2), (15)
and the conditional quantile function:
Q(p) = exp(p + ;B + o1/ h(2[8)d7 (p)). (16)

The conditional Lorenz curve is:

L(p) = ©(27'(p) — o/ 1(=10)).
The GIC and PGC formulae we are interested in are simplelatmss of the formulae
derived for the simple log-normal case:

9(p) = e+ 2B+ oy h(z6,)® ' (p)

— (1 + ;B + o114/ h(z0,1)® 1 (p)), (17)
/ 0-2 / / g — !
Gip) = u+zB+ jth(zﬁt) — (pp—1 + 2551 + t2 Lh(2}6-1))

O(D1(p) — 014/ A1) ) (18)

+log (
P(P~1(p) — oy—1y/h(2[61-1))

Consequently, we have relaxed constraints on the shapggofand G;(p) as bothyu; and
o; are varying, we have removed the previous constraint of sgtmnand the two curves can
also be moved by translation. Remark also that both curvpsrdenow on the value of the
observed characteristias. Therefore, computation of the curves requires to seleetraicplar
value of ther;. Particularly, we can compute the global GIC and PGC at tleeage values of
the characteristicg and z for the whole sample whereas the treatment and control swae
be computed using the average characteristics of the tegditamd control groups respectively
while assuming the parameter values to be the same. The Giddwo subgroups will be
different as long as the two subgroups have different sactdeacteristics, so we control for
observed heterogeneity between the groups.
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5 Bayesian inference

We can first conduct inference of the selection equatioreliks essentially on a Gibbs sampler
if we follow Koop (2003, pages 214-216), but a Metropolisshiags algorithm is also possible
(see e.g.l Marin and Robert 2007). Then knowing the postenean of(, we can compute
A(Z.¢). Conditionally on this value, we can conduct inference @nhbteroskedastic model in a
second step, which implies a Metropolis generatovfahe parameter of the skedastic function.

5.1 The probit model

Bayesian inference for the probit model was first proposedlbert and Chib|(1993) using a
Gibbs sampler. Following equatidn (10), if the latent vialgaP;* were known, this model would
be a linear regression model with unit variance. Under aintormative prior, the posterior
density of¢ conditionally onP;* and P, would be a simple Gaussian density with:

¢IP", P ~N(C(Z2)),

with { = (Z'Z)~')ZP*. The posterior distribution aP*, conditionally orn¢ andP; is a truncated
normal with:
Pr~TN(Z¢ 1),

which is truncated at zero by the leftH, = 1 or by the right if P, = 0. A Gibbs sampler is
devised by simulating alternatively;* and¢. A Maximum likelihood estimator serves at initial-
izing the chaifl Inference for the decision to participate is done on all theeovations (both
positive and zero incomes). We then compute for positiveesabe inverse of the Mills ratio
(IMR). Therefore, we obtaim draws of the IMR which can be evaluated at the posterior expec
tation of ¢, so as to obtain\ (%), and then inference on the wage equation is then conducted
conditionally on the mean valug z,¢). This approach does not take into account the full uncer-
tainty resulting from inference of the probit model. Theref we can directly include these

posterior draws of the IMR in the inference process for thgenequation.

5.2 The heteroskedastic model

After truncation, we have: positive observations for the wage notedind X is the matrix
of n observations and covariates including:;, the IMR and a constant term. The complete

"To draw a random numberfrom a truncated normal distribution of meamnd unit standard deviation between
bounds: < 7 < b, we apply the inverse sampling method:

1. Computei =a — pandb=b — p.

2. Generatet” random numbeg¢” from the uniform distribution.
3. Definet” = (1 — £")®(a) + £ ®(b).

4. Obtaint = ®~1(¢7) 4 p which lies betweem andb.
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regression model is noted:
logy = X5+ v, v~ N(0,0°H).

The n x n matrix H represents the variance-covariance matrix of the erron terthis is a
diagonal matrix:
H(6) = diagh(z19), ..., h(z,9)).

Let us recall that; contains the exogeneous variablesof the wage equation ang the ex-
planatory variables of the selection equation phis/¢) and \(z/()?. Because we explicitly
model heteroskedasticity, the posterior standard errgrwill be correctly evaluated, contrary
to the usual two-step regression of Heckman which requisgseaific correction as detailed in
Cameron and Trivedi (2005, page 550) for instance.

The likelihood function ofy given X and the parameters is:

Ui pot0) = (T2 (n) "0 (o)

x exp 5 (108(y) — X'5) H(log(y) ~ X').

This likelihood function is identical to the one considefedinstance in_ Bauwens etial. (1999,
Chap. 7)., Griffiths (2001), and Koop (2003, Chap. 6), exceptife Jacobian of the transform of
y intolog y. We select a non-informative prior on all the parametersoae dn Griffiths (2001):

7(B,0°%,8) oc 1/0?,
so that the posterior density of the parameters is prop@tio:

m(8,0% 8ly) o o "HVH(S)| 7Y

exp — 5 [5.(0) + (8 = B.LO)MO)(B - 5.0)],  (19)
with:
M,(6) = X'H ()X, (20)
B.(6) = M8 X'H™'(8)log(y), (21)
5.(0) = (log(y) — XB.(0))H'(5)(log(y) — X 5.(3)). (22)

There are several ways of treating this posterior density in ¢ (conditionally on the IMR com-
puted at the mean value ¢j. [Koop (2003, Chap. 6) derives each conditional density@od
poses a Gibbs sampler with a Metropolis step for the conitidistribution ofj. Bauwens et al.
(1999, Chap. 7) and Griffiths (2001) prefer to note that coowlally ond, we recover the condi-
tional posterior distributions of ando? which are an inverted gamma 2 and a Student:

m(0*|0,y) = fin(0®|n,s3(5)) (23)
W(B‘(Svy) = ft(ﬁ‘ﬂ*(é)uM*((S)vsi(é)vn)v (24)

8Notations for these two densities are provided in the appesfdBauwens et &l. (1999), together with proce-
dures to draw random numbers from them.
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while we can derive the marginal posterior density &y an analytical integration of (19) if
ando?. The result is immediately deduced as the constant of iatiegr of the above Student
times a term which comes from the likelihood function, sd:tha

m(8ly) oc [H(8)|7/2s.(8)" P2 ML(8)] 2.

This density does not belong to a known family. If the dimensif z; is one and consequently
also the dimension af, we can draw random numbers fror|y) using a Metropolis algorithm
and a Gaussian proposal. The mean and the variance of thegata@an be approximated by
the posterior mode af and minus the inverse of the second order derivative of th@bsterior
density at this point, respectively. Note that this propasaalibrated at a value which depends
on the IMR evaluated at the mean value of

The independent Metropolis algorithm should be prefertethe random walk Metropo-
lis used inLGriffiths [(2001) because it implies a much lowgecgton rate as underlined in
Bauwens et all (1999, Chap. 3). Let us derfgte the proposal and(d|y) the posterior density,
the independent Metropolis algorithm can be implementddlbsvs:

1. Generate a propos&l ~ £(6).

(4-1)
2. Compute the probability of acceptancepas= min (Wg((fﬂ?{ﬁy) E(g(;p) ), 1).

3. Generate a uniform random number
4. If u < p, then accept’) = §7, otherwise keep®) = §U~1),

Once we have drawn random numbers frofi|y), it is easy to generate random numbers
for 5 ando. We have simply to replack/, (), 5,(5) ands,(8) by M, (§9)), B,(6V)) ands,(69))
and then use the following densities for drawing values-foand3:

7T<02‘6(j)7y) = fi7<02|n7$§(5(j)))7 (25)
w(Blo®,09y) = fn(B18.(8Y)),0* M1 (6V)). (26)

This approach by direct sampling avoids, at least partly,dépendence in the draws which is
inherent to MCMC.

The above method supposes that the IMR is fixed, preciselyMReis supposed to be a
vector of length. In doing so, we have evaluated the IMR at the posterior mégnidowever,
it turns out that this method ignores partly the uncertaiagulting from the first stage probit. In-
deed, Bayesian inference for the probit model resulis idraws of the IMR for each individual
1 =1, ...,n. Consequently, conducting inference for the heteroskieda®del is more demand-
ing as the set of regressors is not fixed in both the wage exjuatid the skedastic equation.
They include respectively(2/¢\") for x; and [A(Z/¢W), A(Z¢9))?] for z; where¢l) is the ;¢
draw from the probit MCMC output. The delicate question &t tlve should change the proposal
of the Metropolis step for each drag#?) in order to get a more efficient proposal. However, the
cost involved might be greater than the gain in efficiencyysgrefer to keep the same proposal,
obtained for the average
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5.3 Bayesian testing

Once we haven draws foru, o andd, we can easily transform these draws into draws; 0f)
and G;(p), where a grid ofnp values has been chosen far These draws are stored in two
matrices withm rows andnp columns. The posterior mean curve is obtained by taking the
mean of thoseip columns while taking the 0.05 and 0.95 quantiles over eatimuo provides
90% confidence bounds. This method is straightforward inyeBian context contrarily to the
classical approach, as shown in Araar et al. (2009).

Once we haven posterior draws of the growth incidence and poverty growttves, many
hypotheses can be tested:

1. whether a distributional change has been welfare impgowi terms of first-order (second-
order) stochastic dominance ig(p) > 0 (G;(p) > 0) for all p,

2. whether a distributional change has been relativelypgoari.e. g;(p) > v or G¢(p) > ~
forallp < F(z),

3. whether every quantile has benefited equally from growttyi(p) — ~ = 0 for all p,

4. and finally, whether the distributional change of a grapreferred to that of the other
group i.e.g”(p) > ¢g%(p) or GT(p) > G(p) for all p.

In this attempt, we only have to compute for each valug the grid, the probability that
the curve is greater than zero or Remark that the average growth ratés computed using
equation [(1b) where: is replaced byr. These probabilities are simple to evaluate within a
Bayesian framework. Let us take the example of the sign(@f — +. A j** Monte Carlo draw
for this event is noted (gt(j)(p) > %(] ), wherell(.) is the indicator function. We have simply to
evaluate the sampling mean of:

1 m
Pr(g:(p) > 1) ——Z 9 (p) > 7).

m
Remark that becausg appears also in the definition ¢f(p) andG,(p), we have to use dif-
ferent draws when evaluatirgﬂ”(p) and %(”E The appeal of parametric curves stems from
the ease in which they can be interpreted. Particularlygtbeith incidence curve is horizon-
tal if the variances of both periods are equal bge.; = o; in the simple log-normal model or

o/ h(2[6:) = oy_14/h(2[6;—1) in the model with heterogeneity. Therefore, it is possiblagsess
welfare criteria directly from the posterior draws of thegraeters.

6 Two stories of inequality dynamics

We want to measure the effect of having been exposed to WeGtemman broadcasts before the
reunification on the evolution of inequality of former E&&rman citizens after the reunification.

A simple reshuffling is sufficient.
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The sample is composed of two exclusive groups, those wieivest Western television broad-
casts while living in East-Germany in 1990 (treatment gjoamd those who did not received
Western television signals while living in East-Germany@90. Berlin has been excluded from
the sample.

6.1 Labour participation parameter estimates

We have seen in Tablé 2 that there was a significant propasfipero labour incomes. It reflects
the decision to participate onto the labour market. In otdeorrect for such potential selection
bias, we first estimate the participation equation. Spedificwe have selected the following
explanatory variables for explaining the decision to ggrate to the labour market: the age, the
age squared, the gender (a dummy indicating one for womezenadfor men), the number of
years of education, the number of children in the houselpridlic and social transfers received
by the household and the market income from other househetdrars. Remark that we allow
the effect of gender to differ with respect to the number dfdcbn in the household. Some
values for the variable education are missing, then we imthése values by taking the mean
conditionally on the other exogenous characteristics.leTdtprovides the posterior mean and
standard deviation of the labour participation paramefi@rd992 and 1995. We get 10 000
draws of the parameters and 1 000 are used for warming the.chébnetary quantities are
scaled by the SOEP consumer price index and are thus exgliegb®usands real euros.

1992 1995

Mean Std.dev. Mean Std. dev.
Constant -2.113 0.260 -2.745 0.328
Age 0.236 0.013 0.203 0.015
Age? -0.305 0.016 -0.258 0.018
Gender -0.600 0.061 -0.524 0.063
Education 0.047 0.011 0.113 0.012
No. children 0.127 0.039 0.207 0.043
Genderx No. child. -0.221 0.049 -0.432 0.053
Public transfers -0.114 0.006 -0.115 0.005
Social transfers -0.105 0.006 -0.094 0.005

HH other income -0.010 0.002 -0.009 0.002

Table 4: Inference for the labour participation equation

Several features are worth mentioning. Even if the signsepbsterior means do not change,
there are some differences between the two periods in thaitmdg of the coefficients and con-
sequently in the distribution of the Mills ratios. As expatt gender and age are the two main
determinants of labour participation even if educatioe, namber of children in the household
and the monetary resources of the households are found tigtiécant determinants of the
participation too. Particularly, we found that the likedid of participating decreases with age,
the other sources of income and when being a female whereasdases with the level of edu-
cation. Remark that the number of children in the househwickases the participation of males
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whereas it reduces that of women. We investigate also whttbéreatment has affected the de-
cision to work and we found no evidence of a significant eff&gmark that the wage equation
is identified as long as some of these variables are not detanis of the wage (i.e. exclusion
condition). Clearly, the public and social transfers reediby the household and the market
income from other household members should not affect adigidual’'s wage while affecting
negatively and significantly the probability of labour peigation (i.e. relevant condition).

6.2 Wage equation parameter estimates

We use a conventional Mincer equation to explain the labawniegs including the level of
education, the gender and the age (as a proxy for experigtmexplain the natural logarithm
of the wage. We differ from the standard model by includingogeptial treatment effect and
correcting for self-selection by including the inverse Bliatio (IMR). As discussed before, the
latter requires to correct the variance by allowing for ptitd heteroskedasticity. In both, the
wage equation and the skedastic equation we include theneea variable. In doing so, we
allow the treatment to affect both the mean labour incomeitsneariance (as inequality relies
only on thes parameter in the log-normal model). The trajectory of batlted and controlled
households is measured between 1992 (the first data for wiediave income data) and 1995
(three years later). We do not consider for the while a latergal, because as time elapsed,
the control group experiences the effect of Western tal@viand many other effects could have
inferred into the changes in the income distribution of the groups. Tabl&l5 provides the
posterior mean and standard deviation of the wage equagi@meters for 1992 and 1995 while
Table[6 provides the posterior moments for the skedastiateuparameters. We get 10 000
draws of the parameters and 1 000 are used for warming thae.cW get acceptance rates of
0.93 and 0.80 for the Metropolis step in the first and the se@aniod, respectively. As before,
monetary quantities are scaled by the consumer prince iadgare expressed in thousands real
euros. Remark that we only provide results for variablextviaire found to be significant.

1992 1995
Mean Std. dev. Mean Std. dev.
1 7.539 0.185 7.890 0.279
Treatment -0.002 0.025 -0.035 0.032
Age 0.069 0.009 0.060 0.013
Age? -0.076 0.011 -0.062 0.015

Gender -0.243 0.024 -0.115 0.033
Education 0.069 0.005 0.062 0.006
IMR -0.848 0.104 -1.142 0.116

Table 5: Inference on wage equation parameters

The average income growth rate over the period 1992-1998tiresg from the estimated
model is measured as being 16.4% while the median growthsédever with 10.1%, showing

23



1992 1995
Mean Std.dev. Mean Std. dev.

o’ 2.367 1.003 3.405 1.734
Treatment -0.056 0.068 0.207 0.077
Age -0.103 0.020 -0.139 0.022
Age? 0.108 0.025 0.146 0.027

Education -0.009 0.013 0.042 0.014
Pub. trans 0.081 0.010 0.071 0.012
IMR 1.920 0.297 1.525 0.211
IMR? -0.900 0.182 -0.316 0.073

Table 6: Inference on skedastic equation parameters

intuitively that growth was more distributed toward thehrrather than the po.

Several features are worth mentioning. The Mills ratio g;m#icant and has a strong correct-
ing effect confirming a non-negligible selection bias. Thpasure to Western Television has
no impact on the mean wage during both periods. However,xpesere to Western television
has affected strongly inequality (the variance of the log&detween 1992 and 1995, passing
from —0.056 x 0.146 = —0.008 to 0.207 x 0.152 = 0.031 (computed at the mean value of the
skedastic function). It turns out that the part of the vdaalmmponent of the variance has much
increased. More generally, we found that age, gender arzhédn affect significantly the mean
wage while age, education and public transfers affect Sagmitly the variance.

6.3 Estimated growth incidence curves

Once we have obtained posterior draws of the parameters, we can drawarametric growth
incidence curves. Figufd 2 displays the estimated growdldémce curve for the whole sam-
ple (both control and treatment groups) showing the grovtivages over the period for each
quantile.

Because this curve is increasing over the quantiles, grivathbeen inequality increasing
between 1992 and 1995. Furthermore, since the wage grotetisraegative for the first decile,
this indicates that the situation of the poor has been wexs@rhereas the rich experienced the
most important increase. This last assertion should beaaabas the non-parametric estinfdte
does not display such an improvement for the last decilediber a constant wage growth rate
above the median. This discrepancy between both curves mighndicate a misspecification
but instead the potential lack of reliability of the non-gawetric growth incidence curve in the
case of data trimming. As far as we know, the non-parametowtl incidence curve is sensitive
to the number of observations and can behave erratically it relatively important sample

0The mean and median are obtained by applying formulae ofatp@drmal given in[(1l5) for the mean and
beingexp(u + x}8) for the median, computed for each MCMC draw with explanataryables taken at their mean
values.

1The parameter-free estimator of the Gl curve is providedieydifference of the log of the empirical quantiles
computed on a grid of 20 points between 0.05 and 0.95.
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Figure 2: Growth incidence curve for average covariate921P995)

sizes. This drawback amplifies as we are interested in tleedhthe distributions. Therefore,
we argue that the use of parametric growth incidence curaedsssary for small and medium
sample sizes.

Table[T reports the probability that the GIC is greater thgivan threshold for each decile.
This table confirms that the last decile benefited more of grawan the other deciles, and
conversely, that the lower deciles benefited less of grohdim the rich. In addition, Tablg 7
confirms that the wage of the first decile has certainly bednaed. Consequently, there is no
first-order stochastic dominance of the second period wesgeldition over that of first period.

0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90
GIC>~ 0.00 0.00 0.00 0.00 0.01 0.10 0.36 0.74 0.97
GIC>0 0.11 0.72 098 100 1.00 1.00 1.00 1.00 1.00

Table 7: Probability that the GIC is above a given threshold

6.4 Estimated treatment effect

Let us now display in Figuriel 3 the treatment and control ghawtidence curves, showing how
inequality have evolved in each group over the period. Ireothords, is there a significant
difference in inequality evolution between the two groups?his attempt, we have computed
the treatment and control curves at the group characteyisteans.
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Figure 3: Growth incidence curves for treatment and comgfrolips (1992-1995)

Clearly, the two groups have experienced substantialréifiees in inequality dynamics after
the reunification. Indeed, the slope of the GIC curve of tleated group appears to be fairly
steep, while that of the control group is much more horizontdore precisely, even if the
growth incidence curve of the control group is slightly e&sing, the difference between the
wage growth rate of the poor compared to that rich is smallenting positive for both. This
means that every quantile has benefited from growth (evdreippbor has benefited less than
the rich). This is a situation of first-order stochastic doamce wherein the wage distribution
of the second period dominates that of the first period. Targrasts with the situation of the
treatment group for which the situation of the poor has beersened while that of the rich has
been increased substantially. We have thus a complemepitagye to the one given in Table
and also a much more contrasted one. In addition, we repdrable[8 the probability that
a group GIC is greater than a given threshold for each denidense also compare both curves
each other. Formal statistical tests confirm that inequalithe treatment group has exploded
and contrast sharply with the control group.

6.5 Counterfactual curves

Figure[3 compares the evolution of inequality between th&roband the treatment groups.
In doing so, we computed the curves at the respective groapacteristics means. Thus, the
difference between the two curves is due to either the effieexposure to Western television or
to differences in group characteristics means. In ordessess the causal effect of exposure to
Western television, we compute what would be the growtldierece curve of the treatment group
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Deciles 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90
Treatment group

Treatment> ~ 0.00 0.00 0.00 0.00 0.01 0.09 0.39 0.80 0.99
Treatment> median 0.00 0.00 0.01 0.10 0.39 0.77 0.96 1.00 1.00
Treatment> 0 0.02 0.38 090 1.00 1.00 1.00 1.00 1.00 1.00
Control group

Control > ~ 0.06 0.08 0.11 0.14 0.19 0.26 0.35 0.46 0.58
Control> median 0.35 0.46 056 0.65 0.73 0.80 0.85 0.88 0.92
Control> 0 0.93 098 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Control> Treatment 0.99 0.98 095 0.89 0.79 0.62 043 0.25 0.12

Table 8: Probabilistic comparison of treatment and cor@ia

in the absence of the treatment (the counterfactual cukRigure[4 provides the counterfactual
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Figure 4. Counterfactual growth incidence curve (19925)99

growth incidence curve together with the actual curves eftteatment group and that of the
control group. It turns out that in the absence of televiggposure, the treatment group would
have exactly the same curve than the control group. This snibeat all the difference between
the treatment and the control group inequality dynamicstrébatable to the effect of Western

television exposure; the differences in group charadiesibeing negligible as shown in Table
9. In addition, we test whether the population mean groupatheristics are equal using an
Hotelling test. There is no statistical difference betwé®nmean group characteristics in the
first period, but we reject with confidence this assumptiothésecond period.
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1992 1995
Treatment Control Treatment Control

Age 39.35 39.98 41.41 41.94
Education 11.98 12.23 12.24 12.59
Female 0.47 0.48 0.46 0.47
No. children 0.85 0.95 0.78 0.87
Public transfers 2.64 2.94 2.44 2.51
Social transfers 0.93 0.79 1.08 1.05
HH other income 18.92 20.04 19.41 21.99
IMR 0.173 0.167 0.242 0.232

Table 9: Mean group characteristics

6.6 Second-order stochastic dominance

Remains the question of whether the distributional chadgesto television exposure has been
favourable for individuals. Under the veil of ignorancepdtastic dominance is used to de-
termine whether a distribution is preferred to another.ti®aarly, if a distribution first-order
dominates another one, then the first distribution is preéefor any non-decreasing social util-
ity function. As presented before, first-order stochastimohance of the first period over the
second period is verified if and only if the growth incidenceve is positive for every quantile.
It follows that the change in the wage distribution of theatneent (control) group is preferred
to that of the control (treatment) group if and only if the gtb incidence curve of the former
group is always above that of the later. Figule 3 and Tableo®/shihat the growth incidence
curve of the control group dominates that of the treatmeatigrup to the fourth decile and
then both curves intersect. Thus, we cannot conclude urmprobsly about first-order stochastic
dominance, one has to consider stochastic dominance aetioad order implying to impose
more normative conditions. Particularly, if a distributisecond-order dominates another one,
then the first distribution is preferred for any non-decieg®nd concave (risk-averse) social
utility function. Consequently, second-order dominarseceréaker than the first order stochastic
dominance and is more likely to be satisfied. As discussearbe$econd-order dominance can
be inferred from the poverty growth curves. This argumerdeageloped in_ Son (2004) as an
argument for adopting poverty growth curves. Specificalcond-order stochastic dominance
of the first period over the second period is verified if andyahthe poverty growth curve is
positive for every quantile. Similarly, the change in thegealistribution of the treatment (con-
trol) group is preferred to that of the control (treatmemtup if and only if the poverty growth
curve of the former group is always above that of the later.

Figure[® provides the poverty growth curves for the treatnar control groups. The
poverty growth curve of the control group is always statety greater or equal to that of the
treated group as confirmed in Tablé 10. Therefore, we canlwdacthat distributional changes
happening in the control group are preferred (for any riggrse utility function) to the changes
in the treated group. In other terms, Western televisiorosyMpe has led to an unambiguous
increase in poverty and inequality.
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Figure 5: Poverty growth curves for treatment and controugs (1992-1995)

0.10 020 0.30 0.40 050 060 0.70 0.80 0.90
PGC.(p) > PGC,(p) 0.99 099 099 098 096 094 089 081 0.67

Table 10: Probability of PGC dominance

6.7 Longer term effects

We demonstrated that Western television exposure led tanambiguous increase in poverty
and inequality between 1992 and 1995. However, a fundarngméstion is of course to know
how long will last the effect of the treatment. After the Gamreunification, the control group
was exposed to Western television and East-Germany erpedaleep structural changes with
the disappearance of old industries. Thus the effect ofaspns had been mixed with many
other factors which have affected both the treated and theaayroups. Therefore, we might
expect that the effect of treatment has been diluted ove.tim

As the period of time considered goes on, the issue of santpleom exacerbates. The
respective sizes of the treatment and control groups aieatedl in Tablé 11, from which we
have excluded the zero labour incomes so that the resulimgles sizes for the control group
are going to be very small limiting the reliability of longte inference.

Figurel6 provides the growth incidence curves for the peti@@?2-1995/98. More precisely,
we use 1992 as initial period and we pool the waves 1996-19%8al period for the sake of not
entailing too much the statistical power. Clearly, thetimeant effect disappears when we extend
the final period after 1995 in such a way that both treatmedtcmunterfactual curves are not
statistically different. We also consider each year saphrand the results remain qualitatively
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Dates 1992 1995 1997 2000 2005
All 2698 2112 1822 1540 1093
Treatment 2120 1677 1451 1225 884
Control 578 435 371 315 209

Table 11: Sample attrition

™
g
N
S
[0
s o
£ © |
=
o
6 o |
o
- —— GIC actual
clj — —— GIC counterfactual
---- 90% CI
(N —— GIC control
= o
! T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Figure 6: Long term growth incidence curves 1992-1995/98

similar even if the curves tend to behave erratically as émepde size reduces.

7 Conclusion

A growing interest has been devoted on how social aspistounld affect inequality. Indeed,
social aspirations tend to influence individual decisiortsc, in turn, affect inequality and
poverty. We empirically examine the effect of aspirationsimequality through an exogenous
exposure to Western television channels in East-Germafoyebéhe reunification. In this at-
tempt, we propose an heteroskedastic parametric modeldome with a treatment effect while
taking into account potential sample selection into th@labmarket. We derive analytical for-
mulae for the growth incidence curve of Ravallion and Ch&®&) and the poverty growth curve
ofiSon (2004) for the log-normal distribution. Based on thosrves, we provide Bayesian infer-
ence and a set of tests related to stochastic dominanceariiée find evidences that aspirations
- through exposure to Western German broadcasts - havdisagly affected inequality. We
provide evidences that this effect was detrimental in tesfneequality and poverty. However,

30



we cannot conclude about the persistence of this effectE3@5. Although, we assumed that the
main mechanism through which Western television expodigeta inequality operates through
social aspirations, we cannot definitively exclude thatralhtive channels (e.g. information)
may have affected inequality as well.

The econometric model we use in this paper is not exempt efnpiad criticisms and short-
comings. Of course, our approach relies on the quality opdrametric assumption. We argue
that the log-normal distribution is very convenient for rebithg the income distribution and
deriving analytical expressions for the growth incidenaeve and the poverty growth curve.
Although, we argue that our results are not driven by thistamed specification, the use of a
semi-parametric mixture approach will make the distriodil assumption much more flexible.
Another point relies on the fact that we measure only chamg#dse income distribution while
ignoring income mobility and individual lots. Even if thislaxes the data requirements as it is
sufficient to use repeated cross-section data for estigdtistributional changes, a longitudinal
approach will allow to control for fixed unobserved indivadeffects. We let these issues for
further researches.
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Appendix

A Television and historical context

At the end of World War Il, Germany was split in two zones. Velhe three Western occupation
zones (American, British and French) united economicatig politically to form the Federal
Republic of Germany (FRG) in 1949, the Soviet zone took ars#@gath, resulting into the
creation of the German Democratic Republic (GDR), a satiatonomy resolutely linked with
the Soviet Union. Thus, the borders between East and Weast#y arose from the position of
the occupying forces at the end of the war. The Cold War anétdineCurtain have anchored the
FRG in the Western Bloc (the United-States and its allied)the GDR in the Eastern Bloc (the
Soviet Union and its allies).

While the United States invested colossal means via the h#rglan to rebuild war-torn
regions (mainly the United Kingdom, France and West-Gegnhat also to prevent the spread
of Communism, the Soviet Union refused the plan benefitgkeld the benefits to Eastern Bloc
countries while proposing the Molotov plan. These dipldmatanoeuvres have been ampli-
fied by ideological confrontations which have deeply atteicEast and West-Germany. While
individualism and liberalism were promoted in the FRG by Mhershall plan, collectivism and
totalitarianism ruled the East-German society. Individiaisfaction and private freedom were
the main concern in the West whereas a centrally plannedoetpmvas in force in the East
where individual aspirations were neglected.

In this context of political tensions between the East ardWest, there was a tear in the
Iron Curtain through the medium of television as presentedyll and Schneider (2013) and
Bursztyn and Cantani (2016) for instance. While beginnimgrt broadcasts in the same year,
1952, the West and East public TV networks, ARD and DFF rasmdyg, took very different
paths following the dynamics of the Cold War. While the Washlz TV was founded by radios
of the three Western occupation zones as a public fedet#litisn promoting diversity of pub-
lic opinion and the renunciation of state influence, its Easinterpart was used as a mean for
indoctrination. Indeed, East-German TV had to comply whii political authority and faced a
restrictive censorship in order to give support for pobkaie force. Unlike Western TV, Eastern
broadcasts promoted fertility and labour participatiorileZheproving attachment to consump-
tion goods, deviant and violent behaviours (e.g. BoenischHyll 2015, Friehe et al. 2017,
Bursztyn and Cantani 2016). In this context of censorshipstfn broadcasts were an impor-
tant source of information for GDR citizens. Indeed, seMfast-German television broadcast-
ing transmitters were placed next to the East-German banaeder to maximize availability of
Western broadcasts in East-Germany. The better percevadygof Western news and enter-
tainment programs have been pushed forward as the maimudegarts of such preference for
Western broadcasts.

Reunification and the collapse of the GDR was as unexpectgdiek. It started with the
historic fall of the Berlin Wall in November 1989 and by Ocewli 990 the economic and political
systems were unified. More precisely, East-Germany becam®fthe FRG and the economic
and political system of the West was transferred to the Eafiecember 1990, the West-German
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public TV network took over the former East-German public AVthe time of its fall, the GDR
was the most developed economy of the Eastern Bloc but wastimeless decrepit by Western
standards, with a barely competitive industrial structsevere deficiencies in the production
and distribution of goods, burdened with a high level of exa&debt required to keep the living
standards of East-Germans high. Nowadays, socio-econgiffécences still persist between
former West and East parts of Germany.
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