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Abstract

This thesis focuses on several aspects of the German income distribution.

Chapter 1 analyses aggregate changes in poverty and how these relate to income 

distribution dynamics. First, it documents the development of poverty and various other 

income distribution statistics between 1985 and 1995. Then, it builds on growth-income 

distribution decompositions to split poverty changes into nine effects that interact 

elements of income distribution changes (mean income growth, inequality changes, and 

other changes affecting poverty) with changes in aspects of poverty (the proportion 

poor, the average shortfall of poor incomes from the poverty line, and within-poverty 

inequality). The technique is applied to West Germany between 1985 to 1995, and to 

East Germany between 1990 and 1995.

Chapter 2 moves on to a more disaggregated level. First, it measures East and West 

Germany’s poverty structure over time, testing how East Germany’s pattern after 

unification converged towards the very stable West German poverty structure. Then, it 

uses and extends shift-share decompositions of poverty changes that distinguish 

between the poverty impact of changes of the population structure (e.g., changes in 

unemployment or household composition) from poverty changes within subgroups.

Chapter 3 works out the conditional correlation of poverty with individual and 

household characteristics. It reviews earlier attempts that deal with this issue, in 

particular tobit-type models that are shown to be inadequate in most cases. The 

technique suggested here avoids these shortcomings. Moreover, it has the added virtue 

of being simple: it just requires two mean regressions and a summing up procedure. The 

technique is applied to a sample of prime age West Germans from 1991 to 1995.

Chapter 4, finally, estimates intergenerational mobility between German fathers and 

sons. It finds that the German mobility level exceeds considerably what is typically 

found in studies for the US or the UK, indicating (perhaps surprisingly) more equality 

of opportunity in Germany. This result holds also when nonlinear and nonparametric 

specifications are used rather than the standard log-linear specification.
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Introduction:

Aim and Scope of this Exposition



The income and earnings distributions of Britain and the United States are amongst the 

most intensively studied phenomena in the present day economics literature. Much 

research focuses thereby on the dramatic inequality increases that both countries 

experienced over the past 20 years. Other countries have received considerably less 

attention, however, amongst them Germany.

This is unfortunate, as the experiences of the UK and the US are by no means shared 

everywhere. Moreover, the income distribution in West and East Germany around 

unification may be a particularly interesting object to study. East Germany and other 

Central and Eastern European countries were exposed to the maybe most dramatic 

economic “experiment” of the late 20* century: the sudden transformation of a centrally 

planned economy to a decentralised and competitive market system. East Germany 

differed from other reform states in not developing its own institutions during the 

transition, however, but adopting the West German “social market economy” model. 

This included the legal system, important economic institutions such as wage 

bargaining arrangements, and West Germany’s tax and benefit structure. Large transfers 

from West to East were meant to mitigate the worst social hardships of the transition.

This exposition aims at providing a thorough study of German income distribution 

matters. Large parts will thereby be concerned with how the transition was reflected in 

changes of East Germany’s income distribution between 1990 and 1995. Before giving 

a more detailed overview over the content of the thesis, I will place more it into the 

context first, however, and this in two different ways: first, I illustrate the 

macroeconomic environment in which the income distribution developments analysed 

in the following took place, and second I will summarize the established knowledge on 

the German income distribution and aggregate welfare indicators such as inequality, 

poverty, and income mobility.

Macroeconomic Developments in Germany between 1985 and 1995

Figures 0.1-0.4 display various key macroeconomic indicators, all of them taken from 

the Yearbook of the German Federal Statistical Office. In West Germany, the period 

between 1985 and 1989 was characterised by moderate but continuous real GDP growth 

of about 2 percent, low inflation between 0 and 3 percent, and persistently falling 

(officially registered) unemployment.
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After the fall of the Berlin wall in October 1989, however. West Germany entered a 

boom period, with growth rates of about 6 percent in 1990 and 416 percent in 1991. This 

boom was fuelled by a surge in government activity to finance unification, as evidenced 

by an increase in total government expenditure from about 46 percent of GDP in 1989 

to more than 50 percent in 1993. Tax revenue as a percentage of GDP increased 

somewhat less, from roughly 40 percent during the late eighties to about 42 percent 

between 1993 and 1995. In parts as a consequence, inflation swell temporarily to about 

4 percent between 1991 and 1993. A sharp recession in 1993 was followed by sluggish 

growth in 1994 and 1995, compounded by a return to moderate inflation rates and a 

surge in unemployment, which by 1995 had returned to its 1985 level.

Official statistics for East Germany suffer from the fact that no core macroeconomic 

indicators have been compiled before 1991. There are strong indications, however, that 

economic activity in East Germany collapsed immediately after unification; Corker et. 

al. (1995), e.g., estimate a real GDP contraction of about 18 percent from 1990 to 1991. 

Thereafter, the economy expanded and reached growth rates of 7 to 10 percent between 

1992 and 1994, before falling back to a more moderate 5 percent in 1995. Inflation also 

shot upwards to almost 15 percent in 1992, driven in parts by large nominal wage 

increases, but converged towards the West German level from 1994 onwards. Although 

no official unemployment figures are available for 1990, the government guaranteed 

full employment in pre-unification socialist East Germany, at least nominally. For 1990, 

Clarke et. al. (1995) estimate an average unemployment rate of 2.9 percent. Thereafter, 

unemployment increased to well over 14 percent until 1992, and stayed at this very high 

level until 1995.

The German Income Distribution and Aggregate Welfare Indicators during the 

Eighties and Nineties: What We Know 

Inequality

West Germany is known for being a low-inequality country, where the inequality level 

has changed little in recent years. This is regularly reported by OECD statistics on the 

top- and bottom deciles of the earnings distribution' as well as studies using more

' According to the OECD (1996, p. 61), the ratio between the German 90^ and the 10^ male earnings 
decile fell from 2.38 in 1983 to 2.25 in 1993. For comparison, the corresponding statistic rose, over the
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sophisticated inequality measures. Recent papers include Burkhauser et al. (1997) and 

Burkhauser and Poupore (1997) on cross-country comparisons between Germany and 

the United States; Hauser (1997a), Biewen (1998a,b, 2000) and Grabka et al. (1999) on 

changes in German income inequality over time; and Hauser (1997a) for the 

development of earnings inequality. To cite just two results, Burkhauser et al. (1997) 

measure German and American income inequality in 1987 with the Theil index and find 

that German inequality was less than half the American level. Grabka et al. (1999) 

report that (post-govemment) inequality hardly changes from 1990 to 1997, a pattern 

which, according to Hauser and Becker (1994), stretches back until well into the 1970’s. 

The constancy of inequality patterns implies that popular stories to explain the increases 

in American/British inequality, such as excess demand for high-skilled workers, fit the 

German picture (see e.g. Gosling 1996, Steiner and Wagner 1996) poorly.

East Germany’s income inequality rose rapidly after unification while remaining below 

the West German level; see Schwarze (1996), Hauser (1997a), Biewen (1998a,b, 2000) 

and Grabka et al. (1999). Biewen (1998b) finds that rising inequality went along with 

increases in both wage dispersion and unemployment. Schwarze (1996) shows that 

transfers from the West substantially mitigated what otherwise would have been an 

even more dramatic development. Grabka et al. (1999) calculate differentials between 

pre- and post-govemment inequality for East and West Germany, and find them much 

larger in the East. They also find that pre-government inequality rose in West Germany 

during the early nineties. This indicates that the German welfare state shoulders 

increasingly heavy burdens.^

Income Mobility

Cross-section inequality measures, as reported by the above studies, do not, however, 

give the complete picture. As Friedman (1962, p. 171) famously stated

“ tw o  societies . . .  have the same distribution of annual income. In one there is great

mobility and change so that the position of particular families in the income hierarchy

same period, from 3.54 to 4.12 in the US, from 2.72 to 3.39 in Britain, from 2.67 to 2.75 in Japan, from 
3.34 to 3.43 in France, from 2.23 to 2.64 in Italy, from 3.46 (1981) to 3.79 in Canada, from 2.76 to 2.89 
in Australia and from 2.01 to 2.20 in Sweden. Hence Germany was the only 0 7  country where earnings 
inequality fell, albeit in others (Japan, France) it remained roughly constant. Furthermore, Germany’s 
inequality ranks lowest amongst the G7 countries, and is only slightly undercut by Sweden, a country 
with particularly strong egalitarian traditions.
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varies widely from year to year. In the other, there is great rigidity so that each family 

stays in the same position year after year. Clearly, in any meaningful sense, the second 

would be the more unequal society”.

Until a few years ago, German income mobility was little explored. Recently, Schluter

(1996) and Trede (1999) have provided studies for the 1980’s. Both find that mobility 

fell between 1983/84 and 1986/87, in particular amongst men. Trede (1998a) shows that 

the income mobility age profile, though, remained unchanged from 1983 until 1993. 

Hence, the reduction in mobility was distributed equally across age groups. Poupore and 

Burkhauser (1997) compare income mobility in Germany and in the US and find -  

perhaps somewhat surprisingly -  about twice as much mobility in Germany. Their 

result is confirmed by Trede (1998b) and Maasoumi and Trede (2001). This is 

remarkable in particular as all three papers use different methodologies^.

Unfortunately, no study fully covers the period between 1985 and 1995, on which I 

focus in this exposition. Moreover, no results exist for East Germany. Income mobility 

is not at the core of any of the following chapters, but knowing its development helps 

obtaining a more complete picture. Table 0.1 fills the gap.

Columns 2 and 5 displays a popular transition matrix based index

=  Par)
M Jl,^ = ------------ —----------  (see Shorrocks 1987a for a discussion). N  is the sample

size, I  an indicator function that takes value 1 if individual i belongs to the same income 

class pj in both periods t and r. pj is here set as income decile, hence j= l,...10 , and the 

index just measures the share of individuals changing income deciles between both 

periods. As a consequence, fairly small income movements can enter the index. Hence, 

columns 3 and 6 report a more “generous” measure M72 where /  is 1 if .

Another type of mobility measure is displayed in columns 4 and 7; = 1 -  , with

R.. = -— ------------ , w, = — —— , and x=(t,f). “Shorrocks R” relates income
yvjq{y,) + wjq(y^) +//,

mobility to inequality. The numerator is “persistent” inequality, i.e. inequality

 ̂Table 1.1 in chapter 1 reestimates German household income inequality from 1985 to 1995.
 ̂ Jarvis and Jenkins (1998) find that during the early nineties, British income mobility was between the 

German and the American levels.
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calculated from long-run income. The denominator sums up single-period inequalities, 

weighed with the respective income means. As shown by Shorrocks (1987b), 0<RtT<\ 

(and therefore 0<MIti<l) as long as the inequality measure is strictly convex with 

respect to income"^. Of course the index can be generalised to more than two periods.

The sample and principles of welfare measurement are as in chapters 1 and 2. In 

particular, inequality is measured with the mean logarithmic deviation. Please see 

section 1.1 for a detailed description. A survey on mobility measures is given in 

Atkinson et al. (1992).

All three indices capture West Germany’s mobility fall between 1985/86 and 1986/87 

(which, according to Schluter (1996) and Trede (1999), was the last in a series of three 

successive reductions)^. Thereafter, income mobility fluctuated, but a slight trend 

towards less mobility seems to have persisted. This comes out clearly when mobility is 

calculated over six rather than two years. Whatever the index, mobility fell from 

1985/90 to 1990/95. Hence, in Friedman’s sense. West Germany had become a less 

equal society, even though single-year income inequality hardly changed (see table 1.1).

Not surprisingly. East German income mobility was particularly high in 1990/91, the 

year following unification. While mobility fell continuously thereafter, it remained 

above the (already high) West German level.

Poverty

Existing studies on German poverty tend to suffer from two shortcomings:

they use the simple Headcount ratio instead of more sophisticated measures. Hence, 

they ignore the income distribution within the poor.

they employ relative poverty lines only. As sketched in chapter 1, this excludes 

effects from income growth on poverty. While relative lines may be défendable as 

such, their exclusive use leads to the loss of valuable information

This holds for all decomposable inequality measures, see Shorrocks (1980). Decomposability is usually 
seen as a desirable property for an inequality index. See Cowell (1998) for a survey, and also section 1.1.
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Table 0.1: Income Mobility in Germany 1985-1995

Year

(1) (2)
M71

West Germany

(3)
MT2

(4)
MI

(5)
MTl

East Germany 

(6)
MT2

(7)
MI

1985/86 .628 .289 .118 - - -

(.009) (.009) (.007)
1986/87 .590 .259 .108 - - -

(.010) (.009) (.008)
1987/88 .584 .268 .111 - - -

(.010) (.009) (.007)
1988/89 .603 .280 .115 - - -

(.010) (.009) (.008)
1989/90 .611 .272 .110 - - -

(.010) (.009) (.007)
1990/91 .615 .253 .108 .789 .498 .231

(.010) (.009) (.007) (.012) (.014) (.016)
1991/92 .575 .250 .096 .738 .434 .193

(.010) (.009) (.006) (.012) (.013) (.012)
1992/93 .601 .265 .104 .709 .370 .156

(.010) (.009) (.006) (.012) (.013) (.012)
1993/94 .585 .257 .108 .703 .332 .150

(.010) (.009) (.006) (.012) (.013) (.010)
1994/95 .585 .251 .093 .654 .306 .129

(.010) (.009) (.006) (.013) (.013) (.009)
1985-90 .756 .470 .201 - - -

(.009) (.011) (.012)
1990-95 .731 .430 .178 0.811 0.578 0.273

(.010) (O il) (.009) (0.012) (0.015) (0.016)
Standard errors in parentheses. Asymptotic standard errors for MT\ and MT2 (note that these are simple 
sample means of binomial variables); bootstrapped errors for M/. In principle, M /’s asymptotic standard 
error could be computed by working out the asymptotic distribution of the respective inequality indices 
and then applying the delta-method (see Maasoumi and Trede (2001)). This can be tedious, however, 
when (as here) the observations are clustered on the household level. Bootstrapping allows controlling for 
that by redrawing clusters. See section 1.1 and appendix 2.A.

Hauser (1997b) reports relative Headcount poverty for West Germany from 1962/63 

until 1995. He finds that poverty fell a bit from 1962/62 until 1973/78, and rose slightly 

thereafter. In 1993, West German (relative Headcount) poverty was back to its 1962 

level^. In post unification East Germany, relative Headcount poverty rose quickly, while 

remaining below the West German level. Similar results report Hauser (1997a) and

 ̂The absolute numbers also resemble closely the findings of Burkhauser and Pourpore (1997).
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Hanesch et al. (1994). Burkhauser et al. (1996) compare relative Headcount poverty in 

the mid eighties in Germany and the United States, and find German poverty at about 

one third of the US-level.

Intergenerational Mobility

An issue that has recently found considerable attention is how much economic status is 

transmitted over generations. Suppose two societies are identical with respect to 

income, inequality, income mobility and poverty. One society may still be more 

desirable if, relative to the other society, the economic status of its children depends less 

on their parents’ status. In this case, one may argue, this society provides more equality 

of opportunity. Recent research on the US (Solon 1992, Zimmerman 1992) and Britain 

(Dearden et al. 1997) suggests that there is a considerable degree of economic status 

transmission.

To my knowledge, only one study -  Couch and Dunn (1997) -  analyses 

intergenerational mobility for Germany. The authors report that German mobility 

roughly equals the US-level. However, as chapter 4 will demonstrate, their analysis is 

questionable for several reasons.

Aim and Scope of this Exposition

This exposition focuses on what I perceive are underexplored areas in the literature. 

Chapters 1 to 3 analyse various aspects of German poverty. The first two chapters 

concentrate on East Germany and German unification. Chapter 3 analyses West 

Germany’s conditional poverty structure, and chapter 4 provides an up-to-date study of 

intergenerational mobility in Germany. While each chapter aims at giving insight into 

German income distribution matters and is written in a distinct “applied” spirit, some 

parts introduce methodological innovations. Typically, they extend existing techniques 

towards capturing features that are of particular interest here.

 ̂ The precise numbers depend of course on the precise poverty line. Drawn at 60 percent of the 
(disposable) income mean, Hauser (1997a) reports Headcount ratios of 20.9% in 1962/63, 16.1% in 1973, 
and 21.6% in 1995.
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C hapter 1 analyses aggregate poverty changes and how these relate to income 

distribution dynamics. First, I calculate various poverty indices for West Germany from 

1985 to 1995 and for East Germany from 1990 to 1995. Absolute and relative poverty 

develop very differently over time. For example, in post-unification East Germany 

relative poverty rose while absolute poverty fell. I show that this is because relative 

poverty changes ignore mean income growth, while absolute poverty changes take it 

fully into account.

In the following, I develop a double-decomposition technique that analyses the link 

between income distribution and poverty dynamics in detail by extending Datt and 

Ravallion’s (1991) popular procedure and combining it with Tsui’s (1996) 

decomposition. Various options are discussed to extend Datt and Ravallion’s technique 

such that, on top of the effect of average income growth on poverty, it also identifies the 

effect of inequality changes of poverty, as well as the poverty impact of income 

distributions changes that are both mean income and inequality preserving. Tsui’s 

decomposition analyses which aspects of poverty change: the population share of the 

poor, the proportion poor, and/or within poverty inequality. Interacting both 

decompositions gives nine different effects.

I find that, at least in Germany, the average income trend typically dominates absolute 

poverty changes. Rising inequality in East Germany after 1990, which caused the 

increase in relative poverty, raised absolute poverty by far less than average income 

growth reduced it. The largest part of poverty changes stems from changes of the 

proportion poor, which, in turn, is mostly driven by average income growth; however, 

changes in the poor’s average income can affect aggregate poverty significantly as well. 

Studying the East-West German poverty differential (rather than poverty changes over 

time) shows that West Germany lost its large 1990-mean income advantage quickly, 

while East Germany’s advantage from less inequality was more persistent.

C hapter 2 moves on to a more disaggregated level. First, I calculate the East and West 

German poverty structures over time by using subgroup poverty indices. I distinguish 

the static structure, which relates poverty to individual or household characteristics, 

and the dynamic structure, which quantifies the relationship between poverty and events 

or changes of characteristics. I employ formal procedures to test how far East
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Germany’s structures converged towards its very stable West German counterparts. I 

find that in 1995, convergence was almost complete, starting from very different 

patterns in 1990.

Chapter 2’s second part develops a multinomial shift-share decomposition technique 

that distinguishes poverty change due to changes of the population structure (e.g.,. 

unemployment or average household size) from change due to changes in within- 

subgroup poverty. East Germany’s population structure underwent several changes after 

unification, in particular through rising unemployment, decreasing labour market 

participation, and falling fertility. I show that all these phenomena interacted with 

poverty; the first two increasing, the latter reducing it. Unemployment and labour 

market participation reinforced one another. Taking all population changes together. 

East Germany turned into a structurally poorer society in the sense that poverty-related 

characteristics became more widespread. The poverty increase resulting from it, 

however, was overcompensated by falling poverty within subgroups.

While chapter 2 reports the unconditional correlation between poverty and individual 

characteristics, chapter 3 works out the conditional correlation, that is the correlation 

with one characteristic holding the other characteristics constant. I review earlier 

attempts to deal with this issue, in particular Tobit-type models that are shown to be 

inadequate in most cases.

Then, I develop a technique which is based on a two-step procedure. First, one 

estimates the conditional (log) income distribution, in the second step, one calculates 

the predicted poverty risk from there. While the approach is similar in spirit to Pudney’s 

(1999) recent contribution and similarly general, it is much easier to implement. It just 

requires two mean regressions and a simple summing up procedure.

Applying the technique to a sample of prime age West Germans from 1991 to 1995, I 

identify unemployment of the household head as the major poverty risk. Its impact is 

strongly reduced if other household members are working. Low education poses another 

significant poverty risk that tends to be clustered with other poverty-increasing 

characteristics. Children are associated with poverty in particular for one-adult 

households. They also have sizeable secondary effects on poverty in so far as they keep
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lone parents away from working. Poverty risk is minimised in two-adult households, 

which holds irrespective of whether children live in the household or not.

C hapter 4 estimates intergenerational mobility between German fathers and sons. 

Using standard techniques as in Solon (1992) and Zimmerman (1992), I find an 

intergenerational mobility coefficient of 0.25 to 0.4. This result is confirmed when 

using nonlinear and nonparametric specifications. Thus, even the upper (0.4-) limit is 

considerably below what is typically found in US-studies, indicating more mobility in 

Germany. The result is also at odds with Couch and Dunn’s (1997) results. I show that 

inadequate sampling and economic status measurement in their study explains the 

differences.

Including education in the regression equation explains about 30 percent of 

intergenerational transmission, albeit, as quantile regressions show, education is more 

important at the bottom end of the son’s conditional income distribution than at the top.

Each chapter contains a “Introduction and Overview” and a “Summary and Conclusion” 

section that sketch the main innovations and outcomes in more detail than can be done 

here. It should be noted that the use of symbols can change from chapter to chapter 

(although not within chapters). The meaning, however, ought to be clear from the 

context.

The final part contains some thoughts on how the topics considered in this thesis could 

be further investigated, and how the various methods used could be extended and 

improved.
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1.0 Introduction and Overview

The two main objectives of this chapter are (i) describing the development of poverty in West 

Germany between 1985 and 1995 and in East Germany between 1990 and 1995, alongside 

various other income distribution statistics, and (ii) analysing in precise terms the link 

between the poverty and the income distribution changes that occurred during these periods. 

First, section 1.1 identifies two sub-periods of significant poverty reductions: West Germany 

between 1985 and 1990, and East Germany between 1990 and 1995. In both periods, absolute 

poverty more than halved, although in pre-unification West Germany inequality narrowed 

simultaneously, while the opposite occurred in East Germany after 1990. This finding is 

robust to changes of the poverty line and the poverty measure, and also to changes of the 

length of the period over which income is measured.

Section 1.2 then analyses these developments in the context of growth-income distribution 

decompositions of poverty changes, starting from Datt and Ravallion’s (1992) seminal work. 

Datt and Ravallion (in the following DR) had proposed a technique to identify the effect of 

income growth on poverty, and to separate this from the poverty impact of mean-preserving 

changes of the income distribution. The chapter discusses various options to extend DR’s 

decomposition. First, it attempts to also quantify the effect of changes in inequality on 

poverty. A related suggestion by Kakwani (1993), who models inequality changes as a 

specific shift of the Lorenz curve, is dismissed, as it suffers from a potentially serious logical 

flaw. Two alternatives are proposed, where one is based on a modified Lorenz curve shift, 

while the other exploits a formal equivalence of a specific income distribution change with a 

change in Theil’s Mean Logarithmic Deviation inequality index.

In the next step, this extended DR decomposition is combined with Tsui’s (1996) 

decomposition, which splits changes in poverty into changes of the proportion poor, changes 

of the average income amongst the poor, and changes of within poverty inequality. All in all 

the combined decomposition identifies nine separate effects, which together provide a very 

detailed picture of the distributional characteristics of any change in poverty.

The combined decomposition in then applied to the periods identified in section 1.1. Amongst 

other results, it shows that most of West Germany’s absolute poverty reduction until 1990 

was due to average income growth, although both narrowing inequality and further pro-poor
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changes of the income distribution also contributed to the decrease. After 1990, these 

developments came to a standstill and some were even reversed. East Germany’s inequality 

increase after 1990, taken by itself, increased poverty, but average income growth 

overcompensated this effect by far. Income growth affected poverty the most by pulling 

individuals out of poverty altogether, although in some cases it also raised the average income 

of the poor enough to affect poverty significantly. The combined decomposition is also 

employed to analyse differences in the West and East German poverty levels between 1990 

and 1995: Section 1.3 concludes.

1.1 The Development of the Income Distrihution and of Aggregate 

Poverty, West Germany 1985-1995 and East Germany 1990-1995

Data

The data for this and the following chapter are taken from waves 2 through 12 of the German 

Socioeconomic Panel (GSOEP), covering 1985 to 1995 for West Germany and 1990 to 1995 

for East Germany. Foreigners are systematically overrepresented in the West German part of 

the GSOEP, hence 1 reduced their number to the population share as reported in the Yearbook 

of the German Federal Statistical Office (GFSO)^. Apart from this, however, no attempt was 

made to control for other types of sample unrepresentativeness or sample attrition, and 1 do 

not use the GSOEP sampling weights^.The resulting samples consist of 8519 (1995) to 9936 

(1985) individuals in West Germany and 4403 (1995) to 5308 (1991) individuals in the East, 

who lived in 3691 to 4086 (West) and 1661 to 1870 (East) households respectively. The first 

East German cross-section stems from May 1990, two months before the treaty on economic, 

currency and social union between the East and West German governments came into effect. 

Constitutional unification took place another three months later. Hence, in May 1990 most 

economic and social institutions of the socialist “German Democratic Republic" (GDR) were 

still in place.

 ̂I employed the random sampler in stata 6.0.
* Using weights would have complicated the formulae for the asymptotic standard error of some measures 
employed in chapter 2 and derived in appendix 2.A. As the focus of this and the following chapters is not on 
poverty amongst foreigners, I decided to avoid such complications. I also excluded immigrants of German 
nationality from Eastern Europe as their area of residence is reported for 1995 only. Individuals are assigned to 
the East and West German subsamples according to their area of residence in the year under consideration. There 
are indications that controlling for the overrepresentation of foreigners is sufficient for obtaining reliable results. 
The trends in inequality reported in Biewen (1998a), e.g., a study that uses the GSOEP sampling weights, are 
similar to the ones in table 1.1.
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Economie status measurement is based on monthly disposable household income as reported 

by the household head^. I transformed household income into individual units using

equivalent scales of the form    , as suggested by Banks and Johnson
(a * + & ,) ' '

(1994). y.  ̂ is individual disposable income of individual i living in household h, y,, 

household income of household h, the number of adults, and the number of children in 

the household. 7  and S  are weighing parameters. For most of the chapter, I set ^^0.8 and 

^ 0 .6 . This gives, relative to the household head, a weight of 0.74 to the second adult, 

0.41/0.39 to the first and second child in a two-adult household; and 0.46/0.42 to the first and 

second child in a one-adult household. These values compromise between political scales 

implicit in the German social assistance law that tend to weigh children more heavily, and 

empirical scales estimated from consumption data that often weigh children rather less (see, 

e.g., Faik and Merz 1995 for Germany). They are also relatively close to the widely used 

OECD scales.

West German incomes are inflated to 1995 levels with the Statistical Yearbook’s Consumer 

Price Index (CPI) for West Germany. East German incomes are converted into West German 

equivalents using Purchase Power Estimates reported in Bedau et al. (1993) for 1990 and 

1991, and, for the later years, extrapolating with changes in the East German CPI. This 

procedure seems warranted in particular in view of the very different inflation rates in East 

and West Germany prior to 1994 (see the introduction).

Poverty Measures, Inequality Measures and Statistical Inference

Before proceeding to the empirical results, some remarks on welfare measurement are in 

order. I use four popular poverty indices: the Headcount index, the Poverty Gap, the Watts 

measure, and the FGT(2) measure. They take the general form

 ̂An alternative would be using annual disposable household income, a variable created by researchers from the 
University of Syracuse. It is obtained by, first, summing up various individual gross income types, and then 
applying a tax-transfer-model. The multiple summing up procedure may well induce measurement error, 
however. Moreover, at the time when this chapter was written, the variable existed for West Germany only. 
Therefore I stick to household-head reported income, acknowledging, however, that this measure may be 
vulnerable to mismeasurement too, in particular if household heads are incompletely informed about the incomes 
received by other household members.
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1 ^

N

where yi is individual income, z the poverty line, N  population size, and Q = % /( y ,  < z) is
1=1

the number of poor individuals. I  is the indicator function, taking a value of 1 if y, < z and 0 

otherwise.

The indices differ through F {y - ,z ) , the deprivation function. F  determines how much weight 

is given to the poorest poor relative to individuals with incomes just short of the poverty 

line^^. F  is 1 for the Headcount Ratio, (z -  y, ) for the (absolute) Poverty Gap, (log z -  log y. )

for the Watts Measure, and (z ~ y lŸ  for the FGT(2) index.

A number of restrictions are required to ensure that a poverty measure is consistent with 

“natural” perceptions about poverty^ \  As Foster and Shorrocks (1991) have shown, these can 

be summarised by the following conditions on the partial derivatives of F\

o F / * > 0 , 3 F / ^ .< 0 ,  > 0  and > 0 .

Among the aforementioned indices, only the Watts measure satisfies all Foster-Shorrocks- 

conditions. The Poverty Gap and the FGT(2) measure are limiting cases of fully consistent 

in d ic e s .T h e  Headcount index, whilst being the most popular measure, fails a number of 

axioms because it is insensitive to the income distribution amongst the poor.

An issue that has stirred considerable debate is how to set the poverty line. In use are both 

“absolute” and “relative” poverty lines, and social scientists are split on which concept is the 

more adequate. With an absolute concept, the poverty line is fixed, either by setting it 

arbitrarily or by deriving it from „objective“ time invariant criteria such as minimal nutritional 

needs. With a relative concept, the line is set in relation to the present-year income

They do so in the following ascending order: Headcount Ratio (all poor incomes are weighed the same), 
Poverty Gap, and Watts Measure {or} FGT(2). While the latter two cannot be ranked unambiguously, in practise 
the FGT(2) tends to give more weight to the poorest than the Watts measure.

See Zheng (1997) for a comprehensive survey.
The FGT(2) is the limiting case of F^(y, , z) = ( z - y ,  )“ , the Foster Greer Thorbecke (1984) class of 

measures, which satisfies all core axioms as long as co2. The Poverty Gap is a member of 
Fp{yi , z)  = l - ( y i  / z Ÿ  , the Clark Hemming Ulph (1981) class of measures, for fi=\.  CHU measures are fully 
axiom-consistent for 0<P<1.
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distribution. Hence it changes as the income distribution changes. A typical choice for a 

relative line is a fraction of the income mean (sometimes also of the median).

There are considerable difficulties with both concepts. A claim held against absolute poverty 

is that it will turn irrelevant after some time. As societies turn wealthier (or less wealthy), 

attitudes on minimum income needs change, and this should be reflected in a shift of the 

poverty line. It is, however, doubtful whether relative poverty measures adequately solve this 

problem. They implicitly, and perhaps implausibly, assume that perceptions on poverty shift 

one to one with each change of mean income. The uneasiness with both, purely absolute and 

purely relative concepts, is reflected in proposals (e.g. Citro and Michael 1995) to replace the 

official American (absolute) poverty line by a hybrid measure containing both absolute and 

relative elements. For now, I will use both concepts.

For inequality measurement, I use “Generalised Entropy (GE)” measures, as proposed and 

discussed (among others) by Shorrocks (1980)

1 =
1

c — c
- 1 , C94), c ^ l

log—

fi  is average income. Shorrocks (1980) showed than any inequality measure satisfying certain 

core requirements, among them the Dalton-Pigou transfer p r in c ip le ,fa lls  into the GE class. 

Consequently, the class contains many popular indices as special cases, /q is the mean 

logarithmic deviation, /, the Theil index (sometimes called “Theil2” as opposed to /q , the 

“T heill” index), 12 half the square of the coefficient of variation. Atkinson’s (1970) 

inequality measures are obtained by monotonie transformations of GE-indices.

The arguably most popular index that does not belong to the GE class is the Gini coefficient. 

Contrary to the Generalised Entropy indices, the Gini is not decomposable, i.e. inequality

See e.g. Cowell (1995) for a survey.
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within and between subgroups do not sum up to overall inequality. There are various formal 

definitions of the Gini, a particular straightforward is

(=1

where is the income percentile of individual i, and L(/?, ) is the corresponding value of the 

Lorenz curve, which can be defined as

7=1 / 7=1

I  is the indicator function taking a value of 1 if p j < p, and 0 otherwise.

The standard errors of all welfare measures are bootstrapped. This is convenient in particular 

as section 1.2 will require the computation of inequality measures from counterfactual income 

distributions, whose asymptotic distributions are hard to work out. Mills and Zandvakili

(1997) showed that for inequality indices, bootstrapped errors fare well compared to 

asymptotic errors derived from large sample theory. Bootstrapping also allows taking into 

account that (by construction) disposable income is perfectly correlated at the household 

level: one just redraws household clusters rather than individuals for each bootstrap 

replication.*"^

The Development of the Income Distribution and of Poverty in West Germany from 

1985-1995 and East Germany from 1990-1995: Stylised Facts

Figures 1.1a and 1.1b depict Kernel densities of West Germany’s income distribution in 1985, 

1990 and 1995, and of East Germany’s distribution in 1990 and 1995*^. From 1985 to 1990, 

West Germany’s distribution shifted to the right. The 1990 and 1995 distributions, however, 

can hardly be distinguished from one another. East Germany’s distribution also shifted 

strongly to the right between 1990 and 1995, while its dispersion increased. As a 

consequence, in 1995 East Germany’s distribution resembled more closely the shape of the 

West German distribution than it did five years earlier.

For relative poverty measures, each bootstrap replication involves also the recalculation of the poverty line. 
I use the standard Epanechnikov Kernel. The bandwidth is chosen according to a optimal search algori 

included in stata 6.0. For obtaining clearer pictures, incomes higher than 7000 DM are not displayed.
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These patterns are clearly reflected in the welfare indicators reported in tables 1.1a and 1.1b. 

Between 1985 and 1990, average West German disposable household income grew by 20 

percent. Thereafter, income growth came to a standstill. At the same time, some minor and 

unsystematic fluctuations aside, incomes at the 10*̂ , 50* and 90* percentiles of the 

distribution grew in line with average in c o m e .In  East Germany, mean income grew by 34 

percent between 1990 and 1995. At the 10* percentile, however, income grew by 21.5 percent 

only, while at the 90* percentile it grew by 37 percent. As a consequence, inequality rose, in 

particular until 1993. The Mean Logarithmic Deviation (MLD) increased by more than 40 

percent between 1990 and 1995, the Gini-coefficient by almost 17 percent.

The tables’ final four columns display poverty, measured by the Headcount ratio and the 

Watts index. The relative poverty line is set at z ,= 0 .6* //,, the absolute line at z= 0 .6*Jï, the 

mean of all relative poverty lines. In West Germany, this corresponds to 1159 DM in 1995 

real t e r m s F o r  East Germany, I use two absolute poverty lines: , which

corresponds to 904 DM, and, to ensure comparability across areas, 0.6*/!^,^^, as above. East

German absolute poverty fell dramatically after unification, it more than halved within five 

years. The pattern is very different for relative poverty, however, which rose by 55 to 90 

percent (depending on which poverty index is used). In West Germany, the differences are 

less dramatic. But still, between 1985 and 1990, absolute poverty fell by about 50 percent, 

while relative poverty fell by 10-20 percent only. During the early nineties, the profile of 

absolute poverty was flat, while relative poverty appeared somewhat on the rise.

Figures 1.2a and 1.2b illustrate some of these developments graphically. To facilitate the 

comparison between the different kinds of welfare indices, all indices are displayed relative to 

their respective value in West Germany in 1989 (immediately prior to German unification). 

Thus, absolute poverty in West Germany measured by the Watts index is 1.829 (standard 

error 0.099) in 1985, 0.804 (0.058) in 1990, and 0.781 (0.057) in 1995, while in East 

Germany it is 2.514 (0.111) in 1990 and 1.082 (0.089) in 1995. A feature revealed by these 

graphs is how much inequality and relative poverty move in parallel.

One may notice that after 1990, these observations are not in line with what is observed for GDP, which 
continued to grow (with the exception of 1992/1993; see figure 0.1). The maybe most straightforward 
explanation is that higher taxation (see figure 0.4), e.g. by the “solidarity surcharge” levied on incomes after 
unification, took away increases in gross income 

The main feature required for the absolute poverty line is time invariance, which sets it apart from a relative 
poverty line and is warranted by the above definition. No attempt is made to derive an absolute poverty line from 
a subsistence notion or the like.
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Table 1.1a: Household Income, Inequality and Poverty - West Germany 

1985-1995

(1) (2) (3) (4)

Household Income Inequality Abs. Poverty Rel. Poverty

Mean 10'*’
Pctile

50"̂
Pctile

90*
Pctile

Gini Mean 
Log Dv.

Pov. Line 
0.6*/I

Head- Watts 
count Index

Pov. Line
0 .6 *  fi,

Head- Watts 
count Index

1985 1668.8
(181%

868.1
(12.6)

1543.4
(17.7)

2570.1
(42.5)

.2508
(.0050)

.1076
(.0052)

.2673
(.0089)

.0759
(.0041)

.1703
(.0068)

.0471
(.0030)

1986 1806.8
(27.5)

933.2
(12.0)

1620.8
(19.3)

2718.3
(43.7)

.2552
(.0099)

.1158
(.0106)

.2046
(.0077)

.0588
(.0035)

.1733
(.0083)

.0463
(.0031)

1987 1857.2
(21.4)

990.9
(10.0)

1668.3
C%1)

2841.6
(55.5)

.2488
(.0079)

.1074
(.0072)

.1929
(.0066)

.0483
(.0026)

.1607
(.0081)

.0414
(.0025)

1988 1878.6
(19.7)

1000.7
(21.5)

1698.6
(11.0)

2841.8
(31.8)

.2462
(.0056)

.1040
(.0053)

.1752
(.0067)

.0473
(.0027)

.1601
(.0070)

.0426
(.0025)

1989 1918.8
(20.5)

1028.5
(8/7)

1717.8
(11.4)

2952.2
(46.8)

.2442
(.0067)

.1020
(.0065)

.1555
(.0069)

.0415
(.0027)

.1548
(.0066)

.0404
(.0027)

1990 1996.1
(23.3)

1070.5
(14.5)

1801.7
(17.7)

3028.9
(55.9)

.2442
(.0063)

.1020
(.0064)

.1364
(.0071)

.0334
(.0024)

.1540
(.0087)

.0381
(.0026)

1991 2000.2
(15^0

1080.2
(11.6)

1832.1
(22.7)

3142.5
(41.5)

.2401
(.0038)

.0965
(.0031)

.1335
(.0057)

.0340
(.0022)

.1577
(.0063)

.0391
(.0023)

1992 1999.8
(24.7)

1087.2
(19.7)

1813.3
(24.7)

3106.6
(15/1)

.2354
(.0038)

.0926
(.0027)

.1292
(.0062)

.0321
(.0022)

.1443
(.0061)

.0368
(.0023)

1993 2041.7
(20.2)

1077.0
(11.3)

1853.6
(9.4)

3133.6
(48.8)

.2442
(.0042)

.1015
(.0042)

.1293
(.0063)

.0360
(.0026)

.1656
(.0078)

.0439
(.0026)

1994 2015.6
(16.4)

1057.1
(18.3)

1830.9
(15.3)

3135.3
(74.9)

.2438
(.0040)

.1003
(.0030)

.1337
(.0062)

.0369
(.0023)

.1689
(.0078)

.0433
(.0024)

1995 2048.0
(17.4)

1100.0
(15.1)

1834.0
(16.1)

3158.9
(42.8)

.2461
(.0060)

.1027
(.0039)

.1242
(.0066)

.0324
(.0024)

.1557
(.0066)

.0406
(.0025)
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Table 1.1b: Household Income, Inequality and Poverty - East Germany 

1990-1995

(1) (2) (3) (4)

Household Income Inequality Abs. Poverty! Rel. Poverty

Mean 10*" 50'*' 90'*’ 
Pctile Pctile Pctile

Gini Mean 
Log Dv.

Pov. Line
0.6*

Head- Watts 
count Index

Pov. Line 
0.6*//, 

Head- Watts 
count Index

1266.8 805.4 1258.7 1783.4
(9.3) (10.7) (20.2) (9.4)

1403.9 858.4 1348.1 2002.8
(11.5) (9.2) (14.9) (24.1)

1468.7 898.6 1429.0 2092.2
(12.0) (25.7) (10.3) (44.5)

1562.3 934.2 1499.0 2224.3
(14.0) (6.9) (18.1) (17.1)

1634.1 942.3 1559.6 2355.8
(15.4) (23.3) (13.3) (32.5)

1700.7 978.9 1636.4 2444.4
(15.7) (19.3) (18.9) (17.7)

.1701 .0478
(.0033) (.0017)

.1842 .0592
(.0039) (.0027)

.1854 .0584
(.0042) (.0027)

.1974 .0677
(.0045) (.0034)

.1992 .0698
(.0043) (.0032)

.1985 .0676
(.0048) (.0035)

.1672 .0343
(.0094) (.0025)

.4342 .1043
(.0135) (.0046)

.1162 .0298
(.0079) (.0034)

.3133 .0792
(.0108) (.0042)

.1026 .0249
(.0084) (.0027)

.2773 .0674
(.0112) (.0044)

.0812 .0218
(.0070) (.0029)

.2303 .0598
(.0110) (.0044)

.0844 .0239
(.0075) (.0032)

.2010 .0572
(.0106) (.0048)

.0663 .0151
(.0072) (.0021)

.1801 .0449
(.0111) (.0037)

.0727 .0135
(.0056) (.0015)

.0814 .0225
(.0061) (.0028)

.0903 .0217
(.0078) (.0025)

.1056 .0251
(.0079) (.0029)

.1097 .0318
(.0068) (.0033)

.1136 .0262
(.0090) (.0026)

1 First line: 0.6*//^^ ; second line: 0.6*/in,„,
Bootstrapped standard errors based on 200 replications in parentheses
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Poverty Trends: Robustness Checks and Extensions

Figures 1.3-1.6 vary different aspects of poverty measurement. The effect of these 

variations is demonstrated on absolute poverty, which, for reasons spelled out further 

below, is the concept preferred in the remainder of this chapter. Similar results can be 

obtained for relative poverty, however. All indices are again displayed relative to 

poverty in West Germany in 1989.

Figure 1.3 adds the Poverty Gap and the FGT(2) measure to the Headcount index and to 

W atts’ measure, with the poverty line set at . All four indices show the same

pattern: falling poverty in both East Germany between 1990 and 1995 and West 

Germany between 1985 and 1990, and little change in West Germany between 1990 and 

1995. In some years, the Headcount index displays some extra fluctuations. The three 

other, more desirable measures, however, move very much in line.

The next figure varies the poverty line. In addition to (=1159 DM), figure 1.4

also uses (903 DM) and the 20'*’ and 10‘̂  percentiles of the West

Germany’s income distribution in 1989 (1234 and 1029 DM respectively) as poverty 

lines. The measure employed is the Watts index. Once more, the general pattern remains 

unaffected, except that East German poverty based on the very low 0.6 -line 

increased in 1994, instead of falling as with the other poverty lines.

Rodgers and Rodgers (1993) proposed calculating poverty from income averaged over 

several years rather than from one single cross section. Averaging wipes out transitory 

income fluctuations whose effect on consumption could be avoided through borrowing 

and saving. In figure 1.5, disposable income is averaged over 3 years. As a 

consequence, the West German poverty time series becomes smoother, pronouncing 

both the poverty reduction in the late eighties and the trend break in 1990 even more. 

For East Germany, multi-year poverty exceeds, relative to the West German standard, 

single year poverty by about 10 percent, indicating relatively more persistent poverty in 

the East. However, both single-year and multiple-year poverty exhibit the same trend.

Thus, except for the choice of the poverty concept (absolute or relative), the changes 

considered above exhibit only small effects on the poverty pattern. A large effect has
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the choice o f the income concept, though. Thus far, all poverty indices have been 

calculated from (post-govemment) disposable household income. In figure 1.6, poverty 

is instead calculated from (pre-government) market incomes. As for the computation, 

the GSOEP does not contain market income on a household basis. Hence, it is 

calculated by first adding up several income types such as wages, bonuses and capital 

income for every individual, and then summing incomes over all household members. 

Most of these income types are asked retrospectively in the GSOEP (the 1990 

questionnaire, e.g., asks for wages in 1989). Thus, market incomes could only be 

constructed until 1994. The Watts Measure cannot be applied here, as unemployed 

individuals or pensioners may have zero market incomes, implying an infinite Watts 

poverty contribution. Figure 1.6 therefore uses the Poverty Gap.

The West German poverty reduction before 1990 is less impressive when calculated 

from market incomes. After 1990, market income poverty increased, and by 1994 it had 

almost returned to its 1985 level. In the East, market income poverty fell only from 

1990 to 1991, and rose thereafter. This suggests that the activity of the welfare state was 

critical for both bringing East German poverty down and, perhaps more surprisingly, 

preventing West German poverty from rising. 1 also calculated poverty based on market 

incomes plus pensions. After unification. East German pensions were increased rapidly, 

partly because low pensions were rightly seen as a significant poverty risk (see chapter 

2). Figure 1.6 suggests that this policy has been a success: at least from 1991 onwards, 

the East German pension increases helped reducing poverty markedly.

1 will not return to these issues later, but they appear worthwhile to be investigated 

somewhere else. Some caution is justified: chapter 2 will suggest that East Germany’s 

population structure, in particular household composition, changed markedly between 

1990 and 1995, possibly as a reaction to changes of economic incentives that East 

Germans faced following the adoption of the West German welfare system. If true, this 

would preclude interpretations such as the difference between market income poverty 

and disposable income poverty quantifying the effect of the redistributional activity of 

the government on the poor. However, the diverging trends remain striking.

I use Johannes Schwarze’s (DIW) procedure employed in his 1996-paper, and thank him for providing 
me with the necessary information.

See also Grabka et al. (1999), who report a similar result for West German inequality.
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1.2 Analysing Poverty Trends using Growth-Income Distribution 

Decompositions of Poverty Indices

The remainder of this chapter will analyse the changes in East and West German 

poverty in the context of growth-income distribution decompositions of poverty indices. 

The core idea of these decompositions is to split a poverty differential into various parts 

that, together, provide insights into the income distribution dynamics behind the poverty 

change. At least three methods have been proposed in the literature: (i) Datt and 

Ravallion’s (1992) seminal decomposition that splits poverty changes into a growth 

related part and a part relating to changes of the mean-adjusted income distribution; (ii) 

Kakwani’s (1993) decomposition that identifies, on top of the growth effect, an explicit 

effect of inequality changes on poverty; and (iii) Tsui’s (1996) decomposition that splits 

a poverty change into parts relating to changes of the proportion poor, changes in the 

average income amongst the poor, and changes of within-poverty inequality.

As discussed in Ravallion (2000), Tsui’s technique is rather different in character from 

both Datt and Ravallion’s (in the following DR’s) and Kakwani’s decompositions. 

While DR and Kakwani relate poverty changes to changes of the entire income 

distribution, Tsui focuses on changes of the income distribution of the poor only. Thus, 

rather than being alternatives, the DR/Kakwani and the Tsui decompositions 

complement one another. As this chapter will show, both types of decompositions can 

even be combined, which provides information on the distributional characteristics of a 

poverty change at a highly disaggregated level.

Datt and Ravallion’s (1992) Decomposition^^

Poverty at time t may be written as P{Y^ ,z ,)  = P{ju,, D* ; z J  , where fit is mean income

and Dt* represents the income distribution normalised by mean income. If a scale 

invariant poverty index is employed, poverty does not change when incomes and the 

poverty line are multiplied by a constant, hence P{fL^,D*',Zt) = P {flJZ t,D * )? ^  A  

change in poverty from period t to period t+ r can then be split into the components

It should be noted that similar decomposition approaches had been around earlier, but Datt and 
Ravallion were the first to make all components explicit.

See Blackorby and Donaldson (1980) for a discussion. Datt and Ravallion (1992) seem to assume scale 
invariance from the outset.
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( I . la) AP„„ =P(z,„Iii,„,d:)-P,+P(z,Ih„dI,)-P,+R,.
' ------------------------------------V '  ' --------------------------------- V---------------------------------'C£,* DE,*

Consider the case where an absolute (time invariant) poverty line is used, with 

z = z, = z,+t: . Then, GE* captures the effect of average income growth on poverty, while

DE* reflects the poverty impact of mean-income preserving changes of the income 

distribution. Datt and Ravallion label DE* the “redistribution effect”. R\ is a residual.

For a relative poverty line, defined as a fraction of mean income, z/ji is a constant, and 

thus the growth effect (as well as the residual^^) is per construction zero. This property 

of relative poverty indices explains, e.g., why the trends in absolute and relative poverty 

in East Germany after unification differ: the relative indices ignore East Germany’s 

strong income growth. Had East Germany, on average, remained as poor as in 1990, the 

trend in relative poverty would have been just the same as in table 1.1. Absolute indices, 

in contrast, fully take East Germany’s income growth into account.

The residual R\ in emerges whenever poverty is not additively separable between mean 

income and D* (see DR 1992). It has no direct economic interpretation. Note, however, 

that the following decomposition is logically equivalent to ( 1.1a):

( l .lb )  = P,„ -  P(z, + P,,, -  P (z ,„  I h , ,„ d :)  +
' ----------------------------------- V '  ' ---------------------------------------- V----------------------------------------'

G E /  D E /

( l .lb )  gives in most cases different values for GE*, DE* and R. It can be shown, though, 

that R] = -  R2 (see DR 1992). Hence, averaging over (1.1) and ( l.lb )  eliminates the 

residual.

Datt and Ravallion oppose averaging because it was “arbitrary” and because the “initial 

date of the first decomposition” was a “natural choice”. One may challenge this view on 

grounds that it is as least as arbitrary to give one logically equivalent alternative 

absolute preference over another. Shorrocks (1999) has recently presented a related 

argument in a more formal manner. He addresses the general question of how to assess

This can be seen from rewriting the residual as 

^ 1  = {PU,+T ! ’ A+r ) -  / //,+T • A  )} -  / H, , A+r ) “  F(z, / , D, )} . With a relative poverty
line, the two terms in braces are identical.
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the contribution of a set of factors which together account for the value of some 

aggregate statistic. As a solution, he proposes calculating the marginal impact of each of 

the factors as they are eliminated in succession, and then averaging the marginal effects 

over all possible elimination sequences. The resulting formula is formally identical to 

the Shapley value in cooperative game theory. As a general decomposition rule, it has 

various attractive features: all factors are treated in a symmetric manner, the 

contributions sum up to the amount which needs to be “explained”, and the 

contributions can be interpreted as expected marginal effects. In the context of DR’s 

decomposition, the Shapley value decomposition is the average of (1.1a) and ( l.lb ).

It still needs to be addressed how to compute P(z,^^///,^^,D*) and P { z J . 

There is more than one option. DR., e.g., calculate by parameterising

the period t Lorenz curve, imposing it on the period t+ 1  income mean, and exploiting 

analytical relationships between the Lorenz curve and certain poverty measures. This 

approach is computationally rather expensive, however. Thus, I prefer a two-step 

procedure where one computes first an explicit income distribution that underlies the 

counterf actual poverty indices, and then calculates poverty from there. Thus for

P{Zt+T: I Pt+r,P>*,), the underlying distribution is , the period t income

distribution with income mean as in r+r. is straightforwardly computed as

(1.2a)
Pt

which yields counterf actual poverty

P { z , + r f ) ~ T 7 X ^iV ,=i
y * ^ , z  

A  .

where <2* = ^  1
f=i

is the number of individuals with counterfactual

incomes of less than the poverty line. Similarly, P(z, /  ) is calculated from
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Identifying an Explicit Inequality Effect

Datt and Ravallion’s decomposition gives useful insights into whether a poverty 

reduction was related to an improvement of overall living standards, or whether pro

poor changes of the income distribution -  i.e., at the expense of wealthier individuals -  

caused poverty to fall. The decomposition is unsatisfying, however, if one wants to 

learn about links between poverty and income distribution statistics other than the 

simple mean, notably inequality. This may be relevant in situations where inequality 

changes markedly, as in East Germany after unification. In DR’s framework, inequality 

changes are a part of DE*, together with other mean-preserving changes of the income 

distribution. Hence, the link between poverty and inequality changes cannot be 

identified, and one can only guess how much of the redistribution effect DE* is due to a 

change in inequality. In the extreme case, inequality could even fall with DE* being 

positive, the latter pointing to ^owtriy-increasing “redistribution”.

Obtaining a clear idea about these issues requires extending the DR decomposition by 

an explicit inequality effect. This is not a straightforward task, however, and there are in 

fact several ways how one could proceed. In the following, I first develop the formal 

framework for a decomposition that includes inequality. Next, I discuss a proposal by 

Kakwani (1993) to identify the inequality effect, and show that it is inadequate as it 

based on an income distribution transformation that may generate negative incomes. 

Thus, I discuss two alternatives that avoid this shortcoming. One is based on a 

modification of Kakwani’s suggestion, while the other is modelled along a 

straightforward manipulation of TheiTs Mean Logarithmic Deviation inequality index.

The Formal Framework

For making the inequality component explicit, rewrite period t poverty as 

Pf = IZf,If ,D^)  where I  is inequality^"^ and D  denotes the income distribution

normalised for both mean income and inequality. Then, a change in poverty may be 

split into GE + IE + DE (+R). GE is (again) the growth effect, while IE

captures inequality changes. DE  reflects income distribution changes that are both mean

23 In the following, I will consider only absolute poverty changes. Hence the symbol for the poverty line 
can be omitted.
24 This is not to be confused with the indicator function in section 1.1.
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income and inequality preserving, and R is a. residual. The case where DE=0 may be 

considered as reference case, where a change in poverty is accounted for in full by 

changes in average income and in inequality. In all other cases, additional, less well- 

defined changes of the income distribution also affected poverty. If IE>0 and DE>0, for 

example, the distribution change was particularly bad for the poor, over and above the 

increase in inequality. If 1E>0 and DE<0, the poor escaped a part of the “pure” poverty 

impact of the inequality increase, in particular if (~DE)>IE (which is the case were 

inequality increases but (relative) poverty falls).

Working through the formal aspects of the decomposition, it needs to be noted that here 

each effect can be calculated in four (as compared to two in DR’s decomposition) 

logically equivalent ways. The growth effect, for example, can be calculated as

(1.3a) GEj=

(1.3b) G E :=  f , D _ ) ,

(1.3c) GE3 = P{M,+r, /f+T » A  ) -  , /f+T ’ A  ) ’ and

(1.3d) GE4 = ,Z),^^) — P ( // , , / ,  ,D ,^^).

As in the binomial case, no obvious criterion tells which of these alternatives one should 

choose. Moreover, each of the corresponding decompositions generates a non

interpretable residual Ri, R2, R3, R4 ', such that neither decomposition is “exact”. The 

residuals can also not be removed as in the binomial case -  by taking unweighed 

averages over (1.3a) to (1.3d) -  as they do, in general, not have the same size.

The residuals can be eliminated, however, by weighting (1.3a) to (1.3d) in specific 

ways. For example, one may decompose AP^^^  ̂ into GE* and DE* first (as in the

previous section), and average over both reference dates. Consequently, the residual will 

disappear. DE* may then be decomposed into IE** and DE**, and again be averaged. 

Hence, the trinomial decomposition is reduced to two nested binomial sub

decompositions, which can comfortably be dealt with.
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The undesirable aspect of this procedure is that it allocates the growth component a 

weight of Vi, while the other two components obtain a weight of V4 only. There is no 

reason to give growth such preference. Note, however, that if one changes the order of 

the sub-decompositions such that IE* or DE* are isolated first, they obtain a weight of Vi. 

A balanced scheme can be obtained by averaging over all three “preferential” 

decompositions, which gives

(1.4) =

+ — {P(/̂ f+T » ̂ r+r ’ A  ) “ ̂ (/ f̂ ’ ̂ /+r ’ A  ) + ’ A+r ) “ A, A+r )}O

+ 2  {̂ l+T -  - 4 ' A+r ) + > A+r • A  ) -  }

+  % { A A .T ,A ,.A ) - +O

+ -  ft+1 -  ̂ ( r̂+T » f ,+r > A  ) + ,4 , A+r ) ~ /̂ }

+ — ’ ̂ f+T ’ A+r ) “ , Ar » A  ) + (̂/ f̂+r ’ A+r ) “ (̂/̂ r+r » A ’ A  )}O

GE

IE

D E.

It can be shown that (1.4) is the Shapley-value decomposition. Note that counterfactual 

poverty changes that involve the genuine indices P, and have twice the weight

compared to those that contain counterfactual poverty only. With a relative index, GE is 

again and per construction be 0, while IE  and DE  remain unchanged.

Implementation I: Lorenz Curve Related Procedures

For implementing the decomposition, one needs to compute the counterfactual poverty 

indices in (1.4). This is straightforward for P(//,^^, / , , Z),) and P(//,,/,+^,Z),+^) : just as 

in the binomial decomposition, they may be calculated from

(1.5a)
Pt

and

(1.5b) T(//,, 7,+̂  , A+r ) —
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The far more difficult task is to calculate indices like or

, 7 , , ) .  For P(//,,7,+y,Df), e.g., one needs to find a transformation of the 

period t income distribution that simulates period r  inequality. In general, one can 

think of numerous income distribution changes that change inequality. A specific 

transformation to represent a “pure” inequality change has been proposed by Kakwani 

(1993): a parallel downwards (upwards) shift of the Lorenz curve by a factor

(1.6) m P i)*  = 4 ( P / ) - ^ k  - A ( p , ) ] ,

where L, (/?y) is the original Lorenz curve at individual /’s income percentile p  and 

the Lorenz curve after Kakwani’s transformation. (1.6) has several attractive

features. It is easy to compute (see below), and it has an analytical link with a popular 

inequality index, the Gini-coefficient: as can be shown, a downwards (upwards) shift of 

Lorenz-Curve by a fraction À (say 0.01) increases (decreases) the Gini-coefficient by 

the same rate (1 percent). To compute a period t income distribution with period t-\-T 

inequality, a natural choice for X is therefore X = (7̂ ^+̂  / 7^J  - 1.

Moreover, the Kakwani-transformation warrants, by construction, Lorenz curve 

dominance: for positive (negative) X  the post-transformation Lorenz curve lies at every 

percentile below (above) the pre-transformation curve. This ensures, first, that post

transformation inequality is larger (smaller) than pre-transformation inequality whatever 

inequality index is used, as long as it satisfies the Dalton-Pigou transfer principle; and 

second, that the transformation will increase (decrease) poverty whatever poverty index 

is used, as long as the index satisfies some very general regularity conditions'^.

Kakwani’s transformation suffers, however, from at least one potentially serious logical 

flaw. Differencing (1.6), multiplying the equation by aggregate income and rearranging 

gives

^ Kakwani analyses the link between poverty and inequality changes in a “marginal” context, considering 
only infinitesimal small changes of the income distribution. It is easily modified, however, to fit into the 
discrete framework considered here. Kakwani also leaves out the “DE'  component, such that his 
decomposition is incomplete (its elements do not sum up to the change in poverty). For a more general 
critique of Kakwani’s approach, including a discussion o f advantages of discrete versus marginal 
decomposition techniques, see Ravallion (2000).

See condition (lA) in Atkinson (1987). The poverty index needs in particular to be additively separable 
and non-increasing in income. This holds for all indices considered here.
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(1-7) -  y,

where y* is the post-transformation income of individual i. Hence, Kakwani’s

transformation reduces -  for positive À -  all incomes by an identical amount ÀjU {ju

being mean income), and increases them by an individual-specific amount Ày^. If for

any individual y, < juÀ/{\ + À ) , (1.7) generates negative incomes, which should clearly

be avoided by a sensible transformation. This can occur, however, if the inequality 

increase (and therefore À) is large and the incomes of the poorest are very low.

An alternative, which avoids this flaw while maintaining both Lorenz curve dominance 

and, up to a certain point, the link with the Gini coefficient, is a proportionate shift of 

Lorenz-Curve not downwards but inwards. The idea is illustrated in figure 1.7, which 

also depicts Kakwani’s downwards shift. The original Lorenz curve represents East 

Germany’s income distribution in 1990. Both transformations triple the Gini coefficient. 

Kakwani’s downwards shift yields a nonsensical result, as the Lorenz curve turns 

negative for the 30 percent poorest individuals. Figure 1.7 also demonstrates that the 

inwards shift, which in the following I will call „Lorenz transformation", is relatively 

less disadvantageous for the poor.

In practice, computing an inwards shift is far more complicated than Kakwani’s 

transformation. The procedure suggested here operates as follows. First, one carries out 

a rightwards-slnft of the Lorenz-curve analogously to (1.6)

(1.8) p* (L.) = p. (L.) -  ^2 * [Li -  Pi(L.)].

Then, provided a X2 can be found that increases the Gini-coefficient by X as desired

(see below), the points with coordinates (p. /L*) resulting from ( 1.6) and the points

with coordinates (p* /L, ) resulting from (1.8) can be combined as

(1.9a) p** = p, + -   ̂ * ( p * - p , ) ,  and
1 - p , . - f - L .

( 1 . 9 b )  l ;* =  L ,  -H ^  -  • *  ( l ; -  L ,  )
1 - p , + L .
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The resulting points with coordinates {p** / L**) form the post-transformation Lorenz- 

curve. For positive À (=^2), this shifts the original Lorenz curve towards the bottom 

right comer (p=l, L=0) and reduces the distance between all original Lorenz curve 

points {p^ / L. ) and the comer point {p=\, L=0) by a constant rate.

There are two difficulties with this approach, both of which can be rectified only at the 

expense of considerable computational effort. First, note that neither the p* from (1.8)

nor the p** from (1.9) can be interpreted as income distribution percentiles. The

rightwards-shift (1.8) leads to a concentration of “percentiles” p*l p** in the right area

of the Lorenz curve diagram, while meaningful percentiles need to be evenly distributed 

along the p-axis. As a consequence, no meaningful income distribution statistics can be 

computed from {p** / L**).

46



The (/?**/L**)-points can be used, however, to fit a parametric form for the Lorenz

curve, which can then be evaluated at the empirical income distribution percentiles 

To this end, I employed Kakwani’s (1980) beta-method, and estimated the following 

equation by ordinary least squares

(1.10) log(p** -  L**) = (7 + 1?* log(/7f ) -H ^  * log(l -  p "  ) + u.,

where o,i3, and 6 are regression parameters, and m. is a residual. ( 1.10) yields 

predicted Lorenz values

(1.11) fT '(p ,)  = p, p . ) \

The points (p. /Ü**) can then be used to calculate the post-transformation Gini 

coefficient.

At this point, a second difficulty emerges. Shifting the Lorenz curve to the right by a 

factor À2=À as in (1.8) increases the Gini coefficient by À only when the coefficient is 

measured at the nonsensical percentiles p* (or p**). (1.10) and (1.11), however, move

the p/L-points back to the left, where the distance between the Lorenz curve and the 

45°-line tends to be smaller. As a consequence, the inequality increase resulting from 

(1.6)/(1.8) and (1.11) tends also to be smaller than X. Thus, the strict equivalence 

between the size of the Lorenz curve shift and the percentage change of the Gini 

coefficient does not hold for the Lorenz transformation. Instead, an algorithm needs to 

employed that finds a À2 yielding a change in the Gini coefficient of X. A possible such 

algorithm is provided in the appendix.

Implementation II: A Procedure Related to Theil’s Mean Logarithmic Deviation (MLD) 

Inequality Index

As mentioned before, Kakwani’s (1993) income distribution manipulation draws 

intuitive appeal from its formal link with the Gini coefficient. There are plentiful
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inequality indices, however, and amongst these the Gini coefficient may not even be the 

most desirable, in particular as it is not decomposable into subgroups (see above). In the 

following, I suggest an alternative procedure to identify an explicit inequality effect, 

which is related to Theil’s Mean Logarithmic Deviation (MLD) index, defined as

The Theil index changes, per construction, with changes in log incomes. In analogy to 

(1.5a), this suggests multiplying log incomes by a certain factor for changing inequality. 

There is no direct equivalence, however, between the value by which log incomes are 

multiplied and the resulting inequality change. Thus, if one wishes to compute the 

period t income distribution with inequality as in period f+ r  (measured with the Theil 

index), an cr needs to be found that solves

( 1.12)

An appropriate numerical algorithm is provided in the appendix. The counterfactual 

income distribution is then calculated as

(1.5c)
Ma

1 ^
where ju^ = — . Normalising with j u j  ILî  is required to keep mean income at

^  f=i

its period t level.

Note that the “Theil transformation”, as it may be called, excludes a priori negative 

incomes in the counterfactual income distribution, thus avoiding the “Kakwani 

problem”.M o re o v e r, it also warrants Lorenz dominance.^^

One may also arrive at the Theil transformation by the following consideration. The „Kakwani 
problem" arises because (1.7) is an additive function of the absolute deviation of individual incomes from 
the mean. To avoid this deficiency, (1.7), can straightforwardly be modified as a multiplicative function 
of the relative deviation, y* = y, *(y, ! jJ-Y . This modification is equivalent to the Theil transformation, 
with )^ a - \  .
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For completeness, the remaining counterfactual poverty indices required for calculating

(1.4) may be computed as

(1.5d)

(1.5e)

(1.5f)

where p is the parameter that solves 7, = — ^ l o g

This can be sketched as follows. Consider an inequality increase with o o l .  Lorenz dominance is 
warranted if for all i

(a) L(pi,)>L(P ic) .

wherepic is a percentile corresponding to the counterfactual income distribution . By the
definition of the Lorenz curve and (1.5c), (a) is equivalent to

(b)
Y}yjt*^^Pj,^Pi,)\
;=1 ^  y=l

y / * i i P j t  ^Pi,)* ( a )

S" 5
which can be rewritten as

(c) 'Zb jt *7(Py, ^ P i r ) ] * ^ \ y /  * J ( P j r  >  P i , ) ] > ^ \ y / * ^ ( P j t  ^ )]
j=\ j= \ j=l j= l

Now consider

(cc) Yk, * Yk,"" > Yk," * yict, where y ,̂ < y,.,, > y., and thus > y ^ .

If (cc) holds, clearly (c) and therefore (a) holds, as (c) is just the sum over ((ix(N-i)) inequality conditions 
of the type (cc). Without loss of generality, assume y^, =  ̂* y^ with ^ 1 .  Inserting into (cc) gives

(d) yKt ^ yg > ( j ) , which is true.
yta ^ kt

For the Kakwani transformation, (1.5c)-(1.5f) may be written as:

(1.5c)' m „ I , „ , D , ) =

(1.5d)’ D,) = [Y, + ((/o ,„  //o,)-0*(1', /A )  ;
(1.5e)’ y ( A „ . / , .D ,+ ,) =  l',*r + ( ( / a ( l c ,+ r ) - l ) * ( l ’, t r - A t f ) ;  ™d
(l,5g)’ K(a , / „ D , „ ) =  [y,„ +((/<;, / / o ,„ ) - l ) * ( y ,„  - A . , ) ] * ( A  / A .r )  •

The Lorenz transformation does not lend itself easily to a presentation in one equation.
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Illustration: East Germany’s Inequality Increase between 1990 and 1995

Figures L8a and 1.8b illustrate the various transformations on the example of East 

Germany’s inequality increase from 1990 to 1995. The horizontal axis displays 1990 

incomes, while the vertical axis shows the amount of income that is redistributed to 

obtain 1995 inequality. As predicted by equation (1.7), the Kakwani transformation is 

just a linear income redistribution rule, increasing incomes above the mean and 

reducing them below it, where the largest amount of income is taken away from the 

poorest individuals. Again, it is evident that the Kakwani transformation could easily 

create negative incomes, although in this case (and in all other cases considered in this 

chapter) the inequality increase is too small for this to occur.

The Lorenz transformation avoids the “Kakwani problem” by taking relatively less 

income away from the poorest, which causes a convexity of the transformation function 

at the bottom end of the income distribution. Individuals with middle incomes (in this 

example between the 34* and the 85* percentile) fare worse with the Lorenz than with 

the Kakwani transformation, however, while the wealthiest fcire again better. For very 

high incomes, the Lorenz and the Kakwani transformations converge.

The Theil transformation is, except at the extremes of the income distribution, very 

similar to the Lorenz transformation: between the 5* and the 95* percentiles, the 

difference between both post-transformations’ incomes is persistently less than DM 15. 

Also, the Theil transformation redistributes more income to the wealthiest individuals 

than both the Lorenz and the Kakwani transformations, while at the bottom end of the 

distribution it takes an intermediate position between the two other alternatives.

Application: Decomposing Poverty into Growth and Income Distribution Related 

Effects, West Germany 1985-1995 and East Germany 1990-1995

Table 1.2 displays the results from the various decompositions for West Germany from 

1985 to 1990 and from 1990 to 1995, and for East Germany between 1990 and 1995. 

For East Germany, results are presented for both the higher West Germany-based

The higher the income distribution percentile, the more weight (1.9) allocates to the downwards shift 
(1.6), which also forms the Kakwani transformation, and the less weight to the rightwards shift (1.8).
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poverty line ( 0.6 * ) and the stricter East Germany-based line (0.6*;^^^, ). Poverty

is measured with the Watts index. The standard errors are bootstrapped.

Table 1.2: Decomposing Poverty into Growth and Income-Distribution 

Related Effects
West Germany 

1985 -  1990 1990 -  1995

East Germany 

1990-1995  1990-1995
West German East German 
Poverty Line Poverty Line

Poverty Change (Watts
-1.025 -0.023 -1.430 -1.188

index) (0.091) (0.027) (0.146) (0.212)
Datt and Ravallion
Growth effect -0.786 -0.080 -1.986 -2.051

(0.060) (0.048) (0.100) (0.132)
Income distribution effect -0.239 +0.057 +0.556 +0.863

(0.091) (0.076) (0.107) (0.199)

Kakwani
Growth effect -0.786 -0.080 -1.986 -2.051

(0.060) (0.048) (0.099) (0.131)
Inequality effect -0.144 +0.032 +0.648 +1.074

(0.160) (0.153) (0.135) (0.248)
Non-growth non-inequality -0.096 +0.025 -0.092 -0.211

effect (0.107) (0.116) (0.069) (0.179)

Lorenz
Growth effect -0.786 -0.080 -1.986 -2.051

(0.061) (0.048) (0.099) (0.131)
Inequality effect -0.101 +0.020 +0.552 +0.764

(0.113) (0.097) (0.114) (0.173)
Non-growth non-inequality -0.139 +0.037 -0.005 +0.097

Effect (0.073) (0.079) (0.057) (0.144)

Theil
Growth effect -0.786 -0.080 -1.986 -2.051

(0.061) (0.048) (0.099) (0.131)
Inequality effect -0.101 +0.010 +0.605 +0.897

(0.122) (0.113) (0.117) (0.179)
Non-growth non-inequality -0.138 +0.047 -0.048 -0.035

effect (0.080) (0.087) (0.049) (0.093)
Bootstrapped standard errors based on 200 replications in parentheses
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Datt and Ravallion’s decomposition reveals that most of West Germany’s poverty 

reduction between 1985 and 1990 was driven by income growth, although other, mean- 

preserving changes of the income distribution reduced poverty significantly, too. For the 

period between 1990 and 1995, both the growth and redistribution effects are 

insignificant (as well as the overall change in poverty), although indications are that 

growth reduced poverty, while other changes of the income distribution increased it.

In post-unification East Germany, a huge poverty-reducing growth effect 

overcompensated a sizeable and significant poverty-increasing income distribution 

effect, resulting in the large poverty reduction overall. With the lower East Germany- 

based poverty line, the income distribution effect is relatively more pronounced, which 

suggests that the mean preserving changes of the income distribution affected the 

poorest particularly badly.

The trinomial decompositions are best considered relative to the DR results. First, it 

strikes that the various growth effects are identical up to the third decimal point (they 

differ at the fourth decimal point though) and are estimated with almost identical 

precision. This is not an analytic necessity; the formulae for the binomial growth effect 

(the average over the GE*s in 1.1a and 1.1b) and for the trinomial growth effect {GE in 

1.4) do in parts differ; as do, between the various trinomial decompositions, some 

elements required to compute the growth effect. Second, the Kakwani decomposition 

yields the largest inequality effects throughout (which is not surprising in view of 

figures 1.7 and 1.8), while the inequality effects from the Theil and Lorenz 

decompositions cannot be ranked unambiguously. Third, the Kakwani decomposition is 

estimated with the least precision (perhaps surprisingly, given that the Lorenz 

transformation, e.g., requires a far more complicated algorithm).

For West Germany between 1985 and 1990, the inequality effect is, according to every 

trinomial decomposition, smaller than DR’s income distribution effect. Hence, poverty 

fell by more than would have been expected from average income growth and the 

inequality reduction alone, suggesting that the income distribution changed in a 

particularly pro-poor way, even though the effect is significant only for the Lorenz 

transformation. Between 1990 and 1995, the inequality effect is smaller than DR’s
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income distribution effect, although both effects are insignificant. In post-unification 

East Germany, five out of six non-growth non-inequality effects are negative. This 

suggests that the inequality increase was somewhat mitigated by other income 

distribution changes that protected the poor. However, the DE-effect is small in size, 

compared to the growth and inequality effects, and insignificant.

In general, all three trinomial decompositions yield similar results. That they differ 

somewhat in detail should, in my view, not be held against them: as there are different 

(in fact infinite) sensible ways to measure inequality, there are different sensible ways to 

isolate a “pure” inequality change and measure its impact on poverty. The fact that the 

trinomial decompositions considered here uncover broadly similar patterns may give 

confidence that they can add additional information to DR’s binomial decomposition.

Tsui’s (1996) Decomposition

Tsui (1996) proposed a different type of decomposition, which, while called “growth- 

equity” by the author and presented in the context of DR’s (1992) and Kakwani’s 

(1993) decompositions, addresses a rather different question: while the DR-type 

decompositions split a change of the entire income distribution up into various 

components and measure the effect of each of these components on poverty, Tsui 

decomposes a poverty index directly into welfare indicators relating to the poor.^^ He

1 e f  z ' ]
thereby employs the Watts poverty index = — V  log —

y v / . ,
and shows that the

Watts index can be rewritten as the following function of (i) the proportion poor q=QIN, 

(ii) the relative shortfall of the average income amongst the poor jj.  ̂ from the poverty

line z , and (iii) within-poverty inequality Iq^\

(1.13) = Pyy{q, jU.J-z)  = q ^ log

It should be noted that, for the Lorenz transformation, the auxiliary Lorenz curve estimate (1.10) 
yielded in every case R-squared coefficients of 0.991 or higher.

For a discussion of the differences between both types of decompositions, see Ravallion (2000).
These are closely related to the three poverty components labelled by Jenkins and Lambert (1997) as 

the “three I’s of poverty: incidence, intensity and inequality”, the difference being that Jenkins and 
Lambert’s methodology does not impose the Theil index for measuring within-poverty inequality.
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1
where /„, ( y ,, — 2 , l°g

y  /+i
measures within-poverty inequality with the Theil

index. As Tsui shows, out of all poverty measures satisfying the Foster-Shorrocks 

conditions, only the Watts index can be split up into these three components. At the 

same time, the use of the Watts index necessarily implies the use of the Theil index to 

measure within-poverty inequality.

To decompose a change in (1.13), one needs to take into account that the impact of a 

change in the proportion poor can be evaluated by keeping and loq(yi’Mq) 1̂

either their period t or their period t+ r  level. Similarly, changes in the average income 

of the poor or in within-poverty can be evaluated at either or at . Averaging over 

the respective alternatives in each case results in

(1.14)
2 I 9,

QE

GQE

+ f̂oq (y.t+T ' Mqt+r ) “ hq ' Mql )]}>
IQE

35which is the Shapley value decomposition.

Table 1.3 displays the result’s of Tsui’s decomposition. The QE-effect is dominating in 

all four cases, while the /QE-effect is of little importance. The GQE-effect plays a 

significant role only in West Germany from 1985 to 1990, where an increase in the 

average income of the poor reduced poverty.

A linear combination of the Watts index and the Poverty Gap can be also decomposed in the above 
fashion, although in this case, the within-poverty inequality part comes exclusively from the Watts index. 

For the means of practical calculation, note that QE can be rewritten as

QE= { M 2 )* \^ -q ,  19 ,+, )* (1 / ) % log(z / ) + {q,^, /  q, - 1)* (1 /  N, )% log(z / y,., ) |
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Table 1.3: Tsui’s Decomposition

West Germany 

1985 -  1990 1990 -  1995

East Germany 

1 990-1995  1 9 9 0 -1995
West German East German 
Poverty Line Poverty Line

Poverty Change
-1.025 -0.023 -1.430 -1.188

Due to ... (0.091) (0.027) (0.146) (0.212)
Change of the proportion -0.834 -0.075 -1.489 -1.347

Poor {QE) (0.065) (0.057) (0.113) (0.185)

Change of the avg. income -0.176 +0.063 +0.049 +0.103
amongst the poor {GQE) (0.058) (0.048) (0.135) (0.158)

Change of within-poverty -0.016 -0.011 +0.019 +0.056
inequality {IQE) (0.025) (0.015) (0.025) (0.037)

Bootstrapped standard errors based on 200 replications in parentheses

Combining a DR-Type Decomposition with Tsui’s Decomposition

Framework

While the DR-type decomposition and Tsui’s decomposition provide different insights 

into the distributional characteristics of a poverty change, it is unclear how they relate. 

According to the tables 1.2 and 1.3, growth played a major part in changing poverty, 

while the most important component of poverty to change was the population share of 

the poor. It is not known, however, how these elements relate: did, for example, the 

population share of the poor in East Germany mostly change because of growth, or was 

it also affected by rising inequality? Or, what elements of income distribution dynamics 

changed the average income of the poor in West Germany between 1985 and 1990?

These questions can be addressed by combining Tsui’s decomposition with a 

decomposition of the Datt and Ravallion (1992) type, namely the trinomial 

decomposition based on the Theil transformation. Each effect of the Theil 

decomposition is thereby interacted with each element of Tsui’s decomposition, 

resulting in 3x3=9 sub-effects
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( 1.15)

^ f+ T ,r  =  Q^GE +  ^Q^GE +  ^Q^GE +  +  GQ^IE +  ^Q^IE +  Q^DE +  ^Q^DE +
GE IE DE

Q E ge, for example, reflects the poverty impact of a change in the proportion poor 

caused by income growth; while IQ E ie is the change in poverty from a change in 

within-poverty inequality, driven by a change in overall inequality.

How to calculate the sub-effects may be sketched as follows. Recall the formula for the 

trinomial DR-type decomposition (1.4). For the sake of the exposition, consider the first 

element only, -  P ( / / , . Decomposing according to (1.14) gives

(1.16) ’ L+t ’ A+r ) =

-  ̂  I  f  ( A  .  ̂ ^  „ - r  h
q,+r  ̂ J

' ------------------------------------------------------------------------------------------------------------------------------------------------------------ V------------------------------------------------------------------------------------------------------------------------------------------------------------- '

QE{P,,,-P(M,J,*rÂ r))

f / + T  ’ ^ t + T  )  ^ t + T  X l ^ ê  l ^ q  ( / ^ /  ’ ^ t+ T  ’ ^ t + r  )  ~  1 ® S  M q t+ T  ) 1

GQE{,Pî .j Pifij

I f / .  ,  _  .
+ 2 ’ f / + r ’ - ^ r + r )  ^ t + r  ^  oq ^  it+ r  ’ / ^ q t+ r  )  ^  oq G ^/r ( A r  ’ ^  t+ r  ’ ^ t + r ^ '> M q t  ( / ^ /  ’ A + t  » f ^ r + r  )  )]} •

IQE{Pi+j lA + r '^ r + f  ))

(1.16) is carried out for all elements in (1.4). The components of (1.15) are then obtained 

by weighing the resulting QE, GQE and /gp-term s according to the weights in (1.4). 

Q E ge, for example, is calculated as

(1.17) Q ^o e= \ *  QE{P,„ -  P (P ,, ) )+ 1  * Q E{P{p.^ , I „ D . ) - P , )

+ T  * (PiPitt ’̂ t*z’E,)~ P(M,, I 
o

+ T  * i^(Mt+z A+r) A+ t ))•O

It should be noted that, in principle, this procedure could be employed to combine 

Tsui’s decomposition with any of the DR-type decompositions. Its are “aesthetic” rather
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than analytic reasons that suggest the Theil decomposition. In the case of the Kakwani 

and the Lorenz decompositions, one would combine an overall inequality effect based 

on the Gini coefficient with within-poverty inequality measured with Theil’s Mean 

Logarithmic Deviation, which is odd. Similarly, Tsui’s decomposition isolates an 

explicit (within-poverty) inequality effect, while DR’s binomial decomposition lumps 

inequality changes together with other mean-preserving changes of the income 

distribution, making both decompositions an uncomfortable match. No such 

incoherencies arise when the Tsui and Theil decompositions are combined.

Application I: German Poverty Dynamics and their Components, 1985 -1995

Table 1.4 displays the integrated decomposition for West Germany from 1985 to 1995 

and for East Germany for 1990 to 1995, where Tsui’s approach is combined with the 

Theil decomposition. As a consequence, poverty is measured with the Watts index, and 

within-poverty inequality is measured with the Mean Logarithmic Deviation.

The results suggest that income growth reduces poverty mostly by pulling individuals 

out of poverty altogether ( G E qe), although in East Germany between 1990 and 1995, it 

also worked through increasing the average income of the poor ( G E gqe)- No clear 

pattern can be identified for inequality changes and for mean- and inequality-preserving 

changes of the income distribution. Both seem to affect the proportion poor (IE qe) as 

well as the average income amongst the poor {IEgqe)- As the within-poverty inequality 

{IQEl) effect is very small from the outset, no significant interactions with the various 

components of income distribution dynamics can be identified.

An eye-catching result is that the /Egg-effect in East Germany is much larger with the 

lower. East Germany-based poverty line; in fact, the difference between the two East 

German /Eg^effects fully accounts for the difference in the respective overall poverty 

changes. This implies that the East German inequality increase, taken by itself, pushed 

only few individuals from non-poverty into moderate poverty, while pushing many 

from moderate into extreme poverty.
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Table 1.4: The Full Decomposition: Germany 1985 -  1995

West Germany 

1985 -  1990 1990 -1 9 9 5

East Germany 

1990 -  1995 1990 -  1995
West German East German 
Poverty Line Poverty Line

Poverty Change
-1.025 -0.023 -1.430 -1.188

Due to ... (0.091) (0.027) (0.146) (0.212)
Change of Mean Income -0.786 -0.080 -1.986 -2.051

Level {GE) (0.061) (0.048) (0.099) (0.131)

Effect through population -0.734 -0.091 -1.601 -1.754
Share of the poor ( G E q e ) (0.068) (0.051) (0.080) (0.126)

through mean income -0.056 +0.010 -0.337 -0.277
of the p o o t { G E g q e ) (0.029) (0.010) (0.068) (0.093)
through inequality +0.003 +0.000 -0.047 -0.020
within the poor ( G E j q e ) (0.005) (0.001) (0.008) (0.014)

Change of -0.101 +0.010 +0.605 +0.897
Inequality (IE) (0.162) (0.113) (0.117) (0.179)

Effect through population -0.076 +0.005 +0.181 +0.494
share of the poor ( I E q e ) (0.101) (0.085) (0.053) (0.110)
through mean income -0.019 +0.005 +0.365 +0.349
of the poor { I E g q e ) (0.052) (0.024) (0.063) (0.079)
through inequality within -0.008 +0.000 +0.058 +0.054
the poor { I E j q E) (0.011) (0.006) (0.013) (0.011)

Non-Mean Income non- -0.138 +0.047 -0.048 -0.035
inequality Driven 
Changes of the Income 
Distribution {DE)

(0.100) (0.087) (0.049) (0.093)

Effect through population -0.037 +0.011 -0.079 -0.083
share of the poor { D E q e ) (0.055) (0.058) (0.042) (0.075)

through mean income -0.089 +0.048 +0.022 +0.028
of the poor { D E g q e ) (0.058) (0.051) (0.058) (0.104)

through inequality -0.013 -0.013 +0.008 +0.020
within the poor { D E j q e ) (0.023) (0.016) (0.018) (0.026)

Change of Population -0.834 -0.075 -1.498 -1.347
Share of the Poor {QE) (0.065) (0.057) (0.113) (0.185)

Change of Mean Income of -0.176 +0.063 +0.049 +0.103
the Poor {GQE) (0.058) (0.048) (0.109) (0.158)

Change of Within-Poverty -0.016 -0.011 +0.019 +0.056
Inequality {IQE) (0.025) (0.015) (0.025) (0.037)

Bootstrapped standard errors based on 200 replications in parentheses
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Application II: Decomposing the East-West German Poverty Differential

Poverty changes over time are of course not the only issue that can be analysed with the 

above techniques; they can be employed as well to analyse poverty differences between 

regions. Table 1.5 decomposes the East-West poverty differential for the years 1990, 

1991, 1993 and 1995, using the higher 0 . 6 * poverty line. As a result of East

Germany’s large poverty reduction after unification, the differential shrank dramatically 

over that period. The decomposition provides insights into what factors were behind this 

development, and in particular into whether all components of the poverty differential 

shrank similarly, or whether convergence was driven by a limited number of factors, 

while other differences turned out to be more persistent.

Table 1.5 suggests the latter. In 1990, West Germany’s higher average income level 

implied, taken by itself, that poverty was far lower in the West than in the East. Lower 

inequality in the East reduced the poverty differential but did not eliminate it.^  ̂

Moreover, further, non-mean income and non-inequality determined characteristics of 

West Germany’s income distribution (DE) kept West German poverty relatively low.

From 1990 to 1991, both West Germany’s income level advantage and East Germany’s 

inequality level advantage shrank at about the same rate. After 1991, however, the West 

German income level advantage (GE) contracted more rapidly. Thus, in 1995, both 

effects almost cancelled one another out.

As concerns the various sub-components, the differences in the speed of convergence 

are even larger. Most of the GE^q̂  -effect, being of considerable size in 1990, vanished

within a year, it disappeared fully until 1993. The -effect shrank more

continuously, but at a rapid speed nevertheless. Both of these effects favoured originally 

West Germany. The IE q̂  effect, however, which, in 1990, was to East Germany’s

advantage, shrank only slowly. Within five years it fell by a mere 20 percent.

It may confuse that the poverty differential in 1990 due to differences in mean incomes exceeds East 
German poverty. This is a consequence of the Shapley value approach. While P(Pwest, , ^East ) ~  ̂ East
could clearly not exceed (in absolute terms), the other elements required to calculate the mean

income effect — P i p ^ a s t  > ^W est > ^ W e s t  ) » ^ ( / ^ W e s t  » ^East > D y /e s t  )  ~  PiMsast >  ̂East ’ P^West )
PiMwes, > Ŵsst » P̂ East ) ~PiPEast ’ Ŵest ’ P̂ East ) Can. In this application, their respective values are -2.240, 
-3.367,-2.124 and -3.351.
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Table 1.5: Components of the East-West German Poverty Differential, 

1990 -1995

1990 1991 1993 1995

Poverty Difference 

Due to...
-1.709
(0.131)

-1.088
(0.143)

-0.573
(0.125)

-0.300
(0.112)

Income Level -2.781 -1.810 -1.164 -0.693
Difference {GE) (0.123) (0.086) (0.072) (0.067)

Effect through population -2.273 -1.707 -1.153 -0.638
share of the poor { G E q ^ (0.112) (0.098) (0.082) (0.067)

.. .through mean income -0.470 -0.125 -0.027 -0.048
of the poor { G E g q e ) (0.062) (0.056) (0.043) (0.029)

.. .through inequality -0.039 +0.023 +0.015 -0.008
within the poor { G E i q e ) (0.011) (0.018) (0.009) (0.004)

Inequality +1.202 +0.838 +0.665 +0.615
Difference {IE) (0.143) (0.096) (0.098) (0.101)

Effect through population +0.461 +0.446 +0.421 +0.383
share of the poor { I E q £ ) (0.051) (0.049) (0.056) (0.068)

.. .through mean income +0.723 +0.314 +0.195 +0.188
of the poor { I E g q e ) (0.086) (0.053) (0.046) (0.037)

.. .through inequality within +0.136 +0.077 +0.049 +0.044
the poor { I E j q e ) (0.016) (0.009) (0.008) (0.009)

Non-Mean Income non- -0.250 -0.115 -0.075 -0.222
inequality Driven (0.072) (0.046) (0.063) (0.076)
Differences of the 
Income Distribution {DE) 

Effect though population -0.013 +0.081 +0.046 -0.082
share of the poor { D E q e ) (0.030) (0.041) (0.038) (0.041)

.. .through mean income -0.207 -0.122 -0.093 -0.118
of the poor { D E g q e ) (0.071) (0.048) (0.053) (0.060)

.. .through inequality -0.032 -0.075 -0.027 -0.022
within the poor { G E j q e ) (0.019) (0.032) (0.023) (0.018)

Different Population Shares -1.739 -1.099 -0.654 -0.343
of the Poor {QE) (0.108) (0.096) (0.090) (0.081)

Different Mean Incomes of -0.038 -0.000 +0.046 +0.029
the Poor {GQE) (0.094) (0.080) (0.072) (0.065)

Different Within-Poverty +0.070 +0.013 +0.035 +0.014
Inequality {IQE) (0.032) (0.038) (0.025) (0.016)

Bootstrapped standard errors based on 200 replications in parentheses
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It is of course problematic to base predictions unconditionally on trends revealed by this 

type of decomposition. Assuming that the developments observed until 1995 would 

persist, however, suggests that after the disappearance of the quickly converging factors, 

more stable poverty differentials could prevail. Interestingly, most of these are in East 

Germany’s favour. Extrapolating the trends in table 1.5 would suggest that East 

Germany should soon have been the less poor area.

1.3 Summary and Conclusion

This chapter discussed the development of aggregate poverty in West Germany between 

1985 and 1995 and in East Germany between 1990 and 1995. Two periods of large 

reductions in absolute poverty are identified: West Germany from 1985 to 1990, and 

East Germany from 1990 to 1995 This finding is robust to the choice of the poverty 

measure and the poverty line, although the poverty pattern changes with a different 

income concept: when market incomes rather than household incomes are used as a 

basis for the calculation of poverty. West German poverty increased after 1990, and 

East German poverty increased after 1991.

Decomposing changes in poverty along the lines of Datt and Ravallion (1992) reveals 

that both poverty reductions followed different patterns. Although both were mainly 

driven by mean income growth, changes of the income distribution other than mean 

income helped reducing poverty in West Germany between 1985 and 1990, while they 

increased poverty in East Germany between 1990 and 1995.

In the following, the chapter discussed various extensions of Datt and Ravallion’s 

framework so as to identify the effect of inequality changes on poverty. A suggestion by 

Kakwani (1993) is shown to be inadequate, as the income distribution transformation on 

which it is based can generate negative incomes. 1 discuss two alternatives; one 

simulates inequality increases by an inwards shift of the Lorenz curve, while the other 

exploits a formal equivalence with Theil’s Mean Logarithmic Deviation index. Both 

yield similar results and suggest that in West Germany from 1985 to 1990, pro-poor 

changes of the income distribution reduced poverty by more than was to be expected
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from income growth and inequality changes alone. During the other two periods under 

consideration, this effect is insignificant.

Next, I combined the trinomial decomposition based on the Theil transformation with 

Tsui’s decomposition of a poverty index into changes of the proportion poor, their 

average income, and within-poverty inequality. Of these three elements, the population 

share of the poor is by far the most important determinant of poverty, and is mostly 

driven by general income growth. The average income of the poor, however, the second 

most important component, is affected by both mean income growth and mean 

preserving changes of the income distribution.

I also employed the combined Theil-Tsui decomposition to decompose the East-West 

German poverty differential. West Germany had a huge income level advantage in 

1990, which shrank quickly until 1995. East Germany’s inequality advantage, which in 

1990 had an effect on poverty less then half of West Germany’s mean income 

advantage, was more persistent, and in 1995 both effects almost cancelled one another 

out. Some sub-effects of the combined decomposition are very persistent (e.g. lesser 

inequality in East Germany continues keeping the proportion poor low relative to the 

West), which suggests that more permanent poverty differentials may persist in the 

medium term.
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Appendix l.A: Iterative Algorithms for Calculating Income

Distributions with Counterfactual Inequality

A. Lorenz Transform ation

Calculating Y {ju^, 7,^ ,̂ D, ) and Y , 7,+ ,̂ 7), ) as in ( 1.4) requires solving 

(1.A.1) =

where À = The following algorithm finds a such that
^Gt

17ĵ +̂  - 1 (IjM ) I <0.0000001 in usually no more than twenty iterations:

(1.A.2)

(1.A.3) L,.(p,)‘ =Z-,.(Pi)-A [p,--L^(p,)], [=(1.6)]

(1.A.4) P l ( 4 )  = p , ( 4 ) - 4 .  - P , ( 4 ) t  [=(1.8)]

with m=7,...,M being the number of iterations,

(1.A.5) p Z = P , + ^  ^  * (p L - P i) and
l - P i+ L ,

L’’ = L, + * (L] - 4 ) .  [=( 1.9)]
l - f i + 4

Regress

( 1. A. 6) log( p Z -L * .)  = cr + à * \o g {p Z ) + 0*  lo g ( l -p Z )  + w,, [(=110)]

which yields Then

(1.A.7) C ( P , )  = P, - / ' "  *7^/'” [=(1.11)]

(1.A.8) 4 X 4 J  = 2 * Z ( P , - C ( f j ) .  and
r= l

(1.A.9) 4 . . ,  = 4 . , + - ° ' "
^Gt+r
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B. Theil Transformation

The equation to be solved is

■/V ,=]

for a. The following algorithm finds an such that I I<0.0000001 in

usually no more than five (and frequently only three) iterations:

(1.B.2) â„=-S!±2-
Of

( 1 .B.3) /„, («  J  = ^  i  log -  â„ log y „ ,
^  i=]

where m=0 , is the number of iterations, and

1+ h t+ r~ h t (^m)
Ôf+r Ôf )

p  may (of course) be calculated analogously.
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Chapter 2:

Structural Change and Poverty
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2.0 Introduction and Overview

Chapter 1 analysed how East and West German poverty interacted with other core 

income distribution statistics. This chapter proceeds to a more disaggregated level, by 

linking poverty not to the income distribution at large, but to the population structure 

and changes of the population structure over time. East Germany after unification is a 

particularly interesting case in this context. As described in the general introduction. 

East Germany underwent fundamental changes of its economic, social and political 

system within a few years, and one may suspect that this would have brought about 

shifts of poverty risks between population subgroups. These, in turn, may also have led 

to changes of the population structure.

Section 2.1 is largely descriptive. It draws a detailed picture of East Germany’s poverty 

structure in 1990, tracks its development in the following years, and contrasts it with 

West Germany’s poverty structure between 1985 and 1995. For East Germany, large 

shifts of both dynamic and static poverty risks are identified: while in 1990, East 

Germany’s poverty structure had very specific features that could not be found in the 

West, these differences disappeared quickly, and in 1995 East Germany’s poverty 

structure was almost indistinguishable from the Western pattern. To capture these 

issues, the chapter introduces some new tools and measures; all of them are derived 

from decomposable poverty indices. One measure quantifies the link between events 

(e.g. getting unemployed) and poverty. A difference-in-differences index identifies 

“winners” and “losers“ of unification. Appendix 2.A outlines the corresponding 

asymptotic statistical inference.

Section 2.2 then employs a standard shift-share decomposition to distinguish poverty 

change due to changes of the population structure (i.e. unemployment or the household 

size) from poverty change relating to changes of within-subgroup poverty. The 

technique is adapted in a way that allows one to consider all changes of the population 

structure jointly -  therefore analysing whether the society as a whole turned structurally 

poorer or less poor -  as well as isolating the impact of single characteristics on poverty; 

and to study how single characteristics interact with one another. I find that notably 

changes in labour market integration and in household composition had strong effects 

on East German poverty. Section 2.3 concludes.
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2.1 Germany’s Poverty Structure 

Data and Poverty Measurement Issues

The sample selection and the construction of both disposable household income and 

poverty follow the previous chapter. In particular, poverty is measured with the Watts 

index.^^ As I do not want to exclude effects from income growth on poverty, I use an 

absolute poverty concept. The only difference to chapter 1 is the poverty line. I use the 

bottom 20 percentile of the 1989 West German income distribution (instead of 

0.6 * jLy/est,\9i5-95 tti the previous chapter). This raises the poverty line by 6 percent.

The main reason for this is the order in which both chapters were written.^^ As shown in 

section 1.1, this modification does not affect aggregate poverty trends and, as pointed 

out further below, has also no significant effect on this section’s results. An advantage 

of higher lines it that they warrant more statistical precision (see section 1.4).

The Static Poverty Structure -  Indices and Testing Procedures

A useful tool for describing poverty structures are Poverty Intensities (Rodgers and 

Rodgers 1991) or Normalised Subgroup Poverty Indices (Bishop et al. 1995). The 

poverty intensity of a subgroup /cis defined as

(2 .1)

1 ^= ---- ^ F ( y , . ;z ) * / ( y ,  e O ^) is average poverty of individuals with a joint
i=l

characteristic k. denotes subgroup K, N^r its size, I  is the indicator function. If Pl^r is 

larger than 1, subgroup /fis poorer than the population average, and vice versa. As the 

PIjc are relative to overall poverty, they allow comparing relative poverty positions in 

countries with different average welfare levels.^^ As (2.1) is the ratio of two means, it is 

normally distributed in large samples (see appendix).

The results obtained in this chapter vary little with the choice of the poverty measure, notably as 
regards the convergence of poverty structures between East and West Germany.

I worked on this chapter first, but found then, for chapter 1, the time-invariant line more practical, as it 
can be constructed separately for both regions. This feature is not required here.

Subgroup poverty levels are, of course, regained by multiplying (2.1) with aggregate poverty as 
reported in the previous chapter.
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The subgroup poverty intensities are employed to test for differences between the West 

and East German poverty structures. If, in a particular year, the West and East German 

poverty intensities for a specific subgroup /rare identical, the null-hypothesis

H o kI ' KiWest KtEast

would hold. This is tested using the statistic

PI -  PI
(2-2) hic ~

KtWest laEast

4 S E \ P I + S E \ P I „ ^ )  '

where SE  denotes the standard e r r o r . B y  standard asymptotic theory, Hqki is rejected if 

ttk>Nsa, where is the right-hand tail probability of the normal distribution that 

corresponds to the acceptance region l-<5.

(2.2) compares the East and West German poverty intensities of one specific subgroup 

only, e.g. university graduates. One may, however, also be interested in differences by 

characteristic, such as education. This requires testing jointly  whether the poverty 

intensities of several subgroups with different education levels differ, e.g. university 

graduates, individuals with a completed apprenticeship, high school graduates, and 

individuals without a formal degree. Thus, one needs to test jointly the hypotheses

H o u  . . .  H ok, : P i  KiWest -  P i  KtEast ^  ^

which are non-rejected if (the following draws heavily on Savin 1984)

(2.3) I \<M y  K

where the critical value M  is such that

(2.4) P[max(lrj I,... I I) < M  \ ,

(2.2) rests on the assumption that the East and West German cross sections are independent. One may 
construct cases in which, at least from 1991 onwards, this is not exactly the case. If East German sample 
members in t-I migrate to the West until t and appear in the West German sample, and if in the East 
German sample these migrants are replaced by individuals resembling their characteristics and income 
levels, Plwest and PIeosi in t may be slightly correlated. Nevertheless, migrants form only a very small part 
of the post 1990-samples. Consequently, the covariance term that would enter (2.2) (if there is any) is 
marginal. Note that ignoring possible correlation downwards biases the statistic.
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with 1-a  being the acceptance region. Hence, all hypotheses are jointly rejected if the 

largest statistic (in absolute terms) exceeds the critical value M.

Calculating M  requires evaluating the distribution of max(U, I), which is a

nontrivial task. As Sidak (1967) has shown, M  can be approximated by the right-hand

tail probability Ng,2 of the Normal distribution with S  = l - ( l - a ) ' ^ ,  where K  is the 

number of subgroups. This is the test statistic employed here."̂ ^

The Static Poverty Structure -  Results

In table 2.1, the left column halves display West Germany’s poverty structure in 1985, 

1990, 1991 and 1995. It is remarkably stable, and was apparently not affected by 

unification. Over 10 years, only one out of 34 poverty intensities, the one for one-adult 

households, changed significantly at the 5 percent level (the corresponding test is not 

displayed). Over the entire period, households with children were more likely to be 

poor, as were one-adult households (where “adult” is defined as being 16 years or 

older), in particular lone mothers; foreigners, individuals younger than 20 years, 

individuals with little education, individuals that lived in under-employed households 

and/or households where at least one member was unemployed. Less affected by 

poverty were households without children, in particular childless couples, single men, 

individuals aged 40-59, individuals with more than 9 years of education, and individuals 

that lived in households with medium and high employment intensity. Remarkably, 

individuals of 60 years and more were not exposed to an above-average poverty risk.'^^

The Sidak approximation improves slightly on the better known Bonferroni-approximation (where 
5= a/p). Moreover, in finite samples, max(ltj l,...ltjç. I) follows the Studentised Maximum Modulus 
(SMM) under certain regularity conditions . For however, the SMM critical values converge
toward Sidak critical values (see again Savin 1984). As statistical inference for poverty intensities relies 
on large sample theory anyway (see appendix), there is little advantage in using SMM-values instead.

The employment intensity index allocates weights of 1 to full-time and Vz to part-time workers, sums 
these weights over all household members, and multiplies the sum with the equivalence scale. It therefore 
provides a measure of employment relative to (effective) household size. A childless two-adult household 
where both adults work full time, e.g., has an employment intensity of 1.149, a lone mother working part 
time with one child of 0.343. See appendix 2.B for details. For the purpose of constructing subgroups, an 
employment intensity index of 1 or more is considered “high”, an index of 1/3 or less “low”, and 
employment intensities between 1/3 and 2/3 are considered “medium”.

These results are robust to variations of the poverty measure or poverty line, and vary only little with 
moderate variations of the equivalence scale. Setting y=0.7 and 5=0.5, for example - which increases 
disposable per-capita household income within a two adult/two children household by 18 percent relative 
to a single household - has little effect on most intensities, except that coefficient for elderly individuals 
rises just (but insignificantly) above 1, and the intensity for households with children is reduced by 0.15.
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l  a Die z.l; Foverty Intensities

1985

West

1990

West East

1991

West East

1995

West East

Difference in 
differences (logs) 
1990-1995

Aggregate Poverty 1.784
(0.074)

0.816
(0.051)

2.534
(0.102)

0.832
(0.054)

1.914
(0.103)

0.783
(0.049)

1.091
(0.081)

By Household Type 
(DlW-classification)

o o o 0 0

Single 0.910
(0.075)

1.072
(0.127)

### 2.368
(0.107)

1.004
(0.114)

### 1.518
(0.116)

0.957
(0.101)

0.903
(0.171)

-0.851 *** 
(0.239)

Male 0.688
(0 .1 1 2 )

0.861
(0.173)

1.086
(0.199)

0.769
(0.150)

0.584
(0.155)

0.662
(0.154)

0.881
(6.250)

+ 0.042 
(0.446)

Female 1.029
(0 .1 0 1 )

1.206
(0.180)

2.805
(0.108)

1.148
(0.164)

1.862
(0.136)

1.138
(0.137)

0.913
(6.229)

- 1.604 *** 
(0.301)

Single Parent 3.376
(0.416)

3.063
(0.642)

2.241
(0.286)

3.483
(0.612)

## 2.009
(0.328)

4.409
(0.715)

3.080
(0.490)

- 0.046 
(0.309)

Couple, no Children 0.480
(0.044)

0.581
(0.078)

### 0.884
(0.063)

0.527
(0.069)

0.658
(0.078)

0.357
(0.057)

0.404
(0.073)

- 0.296 
(0.299)

Couple with Children 1.107
(0.049)

1.108
(0.088)

## 0.872
(0.039)

1.110
(0.088)

0.983
(0.051)

1.114
(0.085)

1.156
(0.084)

+ 0.277 ** 
(0.124)

/  Child 0.662
(0.079)

0.900
(0.180)

0.515
(0.074)

0.939
(0.185)

0.680
(0.135)

1.007
(0.180)

0.846
(0.206)

+ 0.384 
(0.345)

2 Children 0.946
(0.071)

1.064
(0.156)

0.777
(0.057)

0.812
(0.115)

0.962
(0.080)

0.918
(0.151)

0.983
(0.127)

+ 0.383 
(0.251)

3 and more Children 1.798
(0.165)

1.395
(0.284)

1.749
(0.182)

1.748
(0.300)

1.571
(0.245)

1.551
(0.241)

2.162
(0.356)

+ 0.106 
(0.261)

Other 0.973
(0.084)

0.988
(0.117)

0.789
(0.084)

1.001 
(0.123)

1.002
(0.105)

1.063
(0.141)

0.874
(0.148)

+ 0.028 
(0.253)
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By Household 
Composition

1985

West

1990

West East

1991

West East

1995

West East

Difference in 
differences (logs)

Number o f  Adults 0 0 0

One Adult 1.359
(0.093)

1.370
(0.139)

### 2.273
(0.107)

1.474
(0.134)

1.783
(0.133)

1.697
(0.142)

1.317
(0.173)

-0.760 *** 
(0.181)

Two Adults 0.881
(0.035)

0.911
(0.055)

0.863
(0.029)

0.873
(0.054)

0.901
(0.039)

0.833
(0.052)

0.853
(0.059)

+ 0.078 
(0.112)

Three and more 
Adults

1.076
(0.072)

1.029
(0.117)

0.908
(0.108)

1.059
(0.117)

1.009
(0.110)

1.057
(0.126)

1.190
(0.136)

+ 0.244 
(0.222)

Number o f  Children o o o 0 0 0

No Children 0.700
(0.035)

0.808
(0.051)

### 1.059
(0.044)

0.745
(0.050)

## 0.913
(0.054)

0.719
(0.050)

0.590
(0.063)

- 0.468 *** 
(0.143)

Children 1.286
(0.043)

1.231
(0.079)

### 0.966
(0.034)

1.300
(0.076)

### 1.055
(0.043)

1.302
(0.073)

1.344
(0.071)

+ 0.274 *** 
(0.093)

Small Children ( < 6  

years)
1.475
(0.081)

7.282
(0.138)

1.206
(0.058)

1.471
(0.165)

1.262
(0.093)

1.541
(0.155)

## 2.090 
(0.197)

+ 0.368 ** 
(0.181)

By Nationality

German 0.940
(0.012)

0.926
(0.021)

- 0.869
(0.029)

- 0.893
(0.029)

- -

Foreign 2.122
(0.146)

2.229
(0.245)

- 2.699
(0.280)

- 1.850
(0.244)

- -
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By Sex

1985

West

1990

West East

1991

West

1991

East

1995

West

1995

East

Difference in 
differences (logs)

Male 0.948
(0.032)

0.921
(0.049)

0.929
(0.031)

0.977
(0.050)

0.918
(0.040)

0.929
(0.065)

0.922
(0.056)

+ 0.024 
(0.091)

Female 1.050
(0.029)

1.077
(0.047)

1.069
(0.029)

1.022
(0.048)

1.079
(0.038)

1.069
(0.062)

1.076
(0.053)

-0.018
(0.075)

By Age 0 0 0 0

0-19 1.386
(0.057)

1.286
(0.098)

## 1.057
(0.047)

1.420
(0.103)

## 1.139
(0.062)

1.483
(0.146)

1.426
(0.099)

+ 0.157 
(0.115)

20-39 0.943
(0.043)

0.907
(0.064)

0.869
(0.043)

0.998
(0.068)

1.055
(0.056)

0.943
(0.088)

1.118
(0.083)

+ 0.213 * 
(0.124)

40-59 0.776
(0.046)

0.835
(0.079)

## 0.613
(0.044)

0.647
(0.067)

0.763
(0.062)

0.758
(0.096)

0.740
(0.078)

+ 0.285 * 
(0.173)

60 and over 0.848
(0.059)

1.040
(0.102)

### 1.910
(0.079)

0.960
(0.098)

1.011
(0.082)

0.788
(0.108)

## 0.452
(0.098)

- 1.164 *** 
(0.258)

By Education OOO 0 0 0 o o

15 Years or more 0.341
(0.068)

0.178
(0.050)

### 0.467
(0.075)

0.218
(0.062)

# 0.419
(0.103)

0.251
(0.115)

0.370
(0.107)

- 0.576 
(0.548)

12 -14.5 Years 0.633
(0.059)

0.618
(0.089)

0.703
(0.036)

0.433
(0.067)

### 0.877
(0.051)

0.651
(0.142)

0.738
(0.063)

- 0.003 
(0.224)

9.5 -11.5 Years 0.787
(0.034)

0.768
(0.054)

### 1.191
(0.050)

0.731
(0.053)

### 1.062
(0.064)

0.720
(0.067)

### 1.066
(0.098)

- 0.046 
(0.139)

7 -9  Years 1.407
(0.062)

1.613
(0.110)

### 2.165
(0.116)

1.666
(0.113)

1.604
(0.133)

1.644
(0.171)

## 1.145
(0.145)

- 0.656 *** 
(0.169)
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By Employment Intensity 
per Household Size

1985

West

1990

West
OOO

East

1991

West
0 0 0

East

1995

West
0 0 0

East

Difference in 
differences (logs)

Low (<l/3) 2.068
(0.072)

2.162
(0.109)

## 2.537
(0.108)

2.095
(0.098)

1.914
(0.133)

2.053
(0.105)

1.980
(0.133)

-0.196 ** 
(0.098)

Medium 0.831
(0.044)

0.663
(0.067)

### 1.463
(0.070)

0.697
(0.072)

### 1.178
(0.102)

0.695
(0.073)

### 1.081
(0.102)

-0.350 ** 
(0.169)

High (>2/3) 0.282
(0.037)

0.232
(0.051)

## 0.407
(0.029)

0.281
(0.059)

0.363
(0.057)

0.250
(0.059)

0.310
(0.057)

- 0.347 
(0.353)

By Unemployment OO o OOO

No Household Member 
Unemployed

0.818
(0.035)

0.867
(0.057)

# 0.987
(0.037)

0.893
(0.059)

0.799
(0.048)

0.818
(0.058)

### 0.553
(0.055)

-0.521 *** 
(0.104)

Some Household 
Members Unemployed

2.700
(0.213)

3.082
(0.480)

### 1.655
(0.359)

2.775
(0.430)

## 1.800
(0.129)

2.929
(0.343)

2.354
(0.199)

0.403
(0.311)

Bishop et. al. (1995) standard errors adjusted for clustering in parentheses (see Appendix 2.A).
### denotes that a West German poverty intensity is significantly different from the poverty intensity of the same subgroup in East Germany at the 1 percent level, ## at the 5 

percent level and # at the 10 percent level.
0 0 0  denotes that West German poverty intensities relating to a specific characteristic are Jointly significantly from the respective East Germany poverty intensities at the 1 

percent level, 0 0  at the 5 percent level, and O at the 10 percent level.
*** denotes that the difference in differences coefficient is significantly different from zero at the 1 percent level, * at the 5 percent level and * at the 10 percent level.
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Regarding East Germany, several patterns strongly distinguish its poverty structure in 

1990 from the West. Single women and elderly individuals, for example, had high 

poverty intensities. Children were associated with a negative poverty risk. In 1990, 18 

out of the 32 East German poverty intensities reported in table 2.1 were significantly 

different from the respective West German coefficient at the 5 percent level, and 12 

coefficients at the 1 percent level.

After unification, however. East Germany’s structure converged rapidly to the Western 

pattern. Within one year, the number of intensities different at the 5 percent level fell to 

10, and until 1995 further to 6. Testing by characteristic, the number of significant 

differences (at the 5 percent level) fell from 7 out of 9 in 1990 to 4 in 1991 and to 3 in 

1995. Poverty by household type, for example, being very different between East and 

West in 1990, had become indistinguishable until 1995; a result that holds independent 

of the significance level and of whether the test is performed on single subgroups or on 

characteristics. Moreover, some of the 1995-differences were either new or the pattern 

was even the opposite from 1990. All in all, only 2 out of the 7 original characteristics 

differences (measured at the 5 percent level) -  on education and on employment 

intensity -  and 2 out of the 18 subgroup differences still existed in 1995. Note also that 

the gap between most East and West German poverty intensities in 1990 narrowed 

down to about half its original size within one year.

The final column in table 2.1 identifies the “winners” and “losers” of the post

unification period in East Germany. To this end, 1 construct the following difference in 

differences index

(2.5) ^ ^ x - 9 5 / 9 0  ~ ^ ^ k 95 ,0  ~ k 90,O  )  ~  k 95,W ~  ic90,W  )  '

(2.5) measures changes of poverty intensities in East Germany against changes in the 

West. A negative sign indicates that group /r gained from unification (in relative terms), 

a positive sign indicates that it lost. Taking logs ensures that when two poverty 

intensities changed by the same percentage, this translates into identical degrees of 

“winning” or “losing” from unification.

Table 2.1 identifies singles, one adult households, families without children, elderly 

individuals, individuals with little education and households not affected by
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unemployment as the winners of unification. There were, in contrast, no groups that 

experienced losses of comparable size, indicating that the losses were more evenly 

spread over the rest of the population. The largest significant loss experienced 

households with young children."^

The Dynamic Poverty Structure

Another aspect of the poverty structure is how poverty relates to changes of individual 

or household characteristics. To measure this effect, I construct the index

(2.6) A P/, = - ^ —
P.„ P,

X denotes an event that occurred between period t  and t+T, such as a move into or out of 

unemployment, or the advent of a child. (2.6) therefore measures by how much, on 

average, the relative poverty position of an individual affected by an event changed as a 

consequence of it. To the extent that is calculated from proper poverty indices,

(2.6) quantifies the link between events and poverty consistently with the axiomatic 

poverty measurement literature, in contrast to indices that just count the individuals 

slipping into or moving out of poverty.

Table 2.2 reports the dynamic poverty structure in 1990/91 and in 1994/95 for both 

parts of Germany and in 1985/86 for the West. In West Germany, most changes were 

balanced around zero, i.e. opposite events had opposite effects on poverty intensity of 

roughly equal magnitude. The exception are changes of within-household 

unemployment, where a reduction (fewer household members unemployed) pulled a 

household farther out of poverty than an increase drove it in. Maintaining household 

characteristics left poverty intensity unchanged. Remarkably, the coefficients’ absolute 

magnitudes tended to increase over time. Thus, events that took place during the early 

nineties changed poverty, relative to average poverty in society, by more than in 1985.

^  Some seemingly awkward results require clarification. All groups defined with respect to years of 
education gained from unification. This is because the education classification applies to adults only, and 
adults won relative to children. Furthermore, all difference in differences coefficients relating to 
employment intensity are negative. This is possible because the group sizes changed significantly. In 
1990, 56.7 % of the East Germans belonged to the high, 30,3 % to the middle and 13.0 % to the low 
intensity group. In 1995 the shares were 39.7%, 35.4% and 24.9% respectively. In the West, population 
shares were roughly stable with a partition of 30/40/30 percent.

Notably Bane and Ell wood's (1986) classical study.
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Table 2.2: Changes in Poverty and Period-to-Period Household 

Characteristics

1985/86 1990/91 1994/95

West West East West East

Overall Employment o o o

Employment Intensity 
Unchanged

-0.007
(0.035)

-0.006
(0.057)

### -0.281
(0.057)

-0.036
(0.050)

0.026
(0.060)

Higher Employment 
Intensity

-0.707
(0.155)

-1.020
(0.254)

-0.632
(0.182)

-0.935
(0.187)

-0.908
(0.182)

Significantly Higher 
(Change>0.2)

-0.944
(0.203)

-1.509
(0.350)

# -0.704
(0.225)

-1.136
(0.226)

-1.024
(0.225)

Lower Employment 
Intensity

0.462
(0.106)

0.815
(0.190)

0.541
(0.188)

0.947
(0.177)

0.933
(0.188)

Significantly Lower 
(Change<-0.2)

0.767
(0.150)

1.062
(0.266)

0.638
(0.257)

1.208
(&2%%

1.293
(0.257)

Unemployment o o o

No Change 0.003
(0.034)

0.072
(0.055)

### -0.241
(0.057)

-0.030
(0.050)

0.060
(0.060)

More Household 
Members UE

1.438
(0.426)

1.263
(0.613)

0.929
(0.180)

1.738
(0.615)

1.960
(0.388)

Fewer Household 
Members UE

-1.868
(0.531)

-2.327
(1.357)

i.o. -2.738
(0.686)

-1.603
(0.334)

Employment Changes 
not Related to Unem
ployment 

Employment Increase -0.404
(0.156)

-0.820
(0.260)

o

-0.680
(0.173)

-0.532
(0.184)

-0.443
(0.240)

Employment Decrease 0.302
(0.116)

0.797
(0.209)

## 0.327
(0.101)

0.736
(0.195)

0.297
(0.225)

Household Compo
sition: Overall

Increase of Pot. Earner 
(> 24 years)/ House
hold Size Ratio 

Decrease of Pot. 
Earner/HH Size Ratio

-0.535
(0.205)

0.562
(0.180)

-0.532
(0.300)

0.933
(0.358)

-0.046
(0.245)

0.597
(0.302)

-0.456
(0.347)

1.053
(0.288)

-0.475
(0.370)

0.334
(0.333)
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1985/86

West

1990/91

West East

1994/95

West East

Household Compo
sition: Detailed *

Same Number of 0.015 -0.164 ## 0.082 0.042 -0.096
Children (>0) (0.066) (0.110) (0.051) (0.096) (0.089)

More Children 0.674
(0.301)

1.763
(0.782)

i.o. 0.871
(0.543)

-0.696
(1. 102)

More Potential 
Earner

-0.401
(0.511)

-0.014
(0.601)

i.o. -0.023
(0.556)

i.o.

Fewer Potential 
Earner

1.479
(0.613)

0.256
(0.588)

i.o. 1.103
(0.441)

-0.117
(0.978)

Standard errors in parentheses (see Appendix 2.A). Symbols as in table 1. I.o. denotes less than 25 
independent observations.

*  Sidak-test not performed

The most dramatic intensity changes, however, relate to changes of within-household 

unemployment. Other employment changes, that is those not caused by falling into or 

exiting out of unemployment, had an effect of about half that size.'^  ̂ The effects of 

changes of household composition are harder to estimate, as few occur from one year to 

the next. The only coefficient that can be measured with some accuracy captures 

changes of the potential earner (all individuals aged 25 or more) to household size ratio, 

where household size is measured by the inverse of the equivalence scale. The index has

the expected sign.47

As the earliest observations on East Germany are from 1990, the dynamic poverty 

structure cannot be analysed for the pre-transition period. One may, however, compare 

1990/91, when the static poverty structure underwent its biggest changes, with 1994/95, 

by when East Germany had mostly converged towards the West German pattern. Using 

the same testing procedures as before unveils various specifics of the East German

An event is classified as an unemployment change if the number of unemployed household members 
increases and, simultaneously, the employment intensity index falls. A employment change not related to 
unemployment requires the number of household members that are unemployed and household 
composition to be unchanged.

Increases (reductions) in the “potential earners per household” category require the number of 
individuals under 25 to be constant. Similarly, the additional child category requires a constant number of 
adults. Note that one child less would not be a very meaningful category, as a large part of it would 
consist of households where a child turns 17.
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structure in 1990/1991. In the East, preserving employment characteristics was 

associated with a relative poverty reduction, while the same did not change poverty 

intensity in the West. Keeping the same number of children in the household (if there 

were any) tended to increase poverty intensity. If anything, the same phenomenon 

decreased poverty in West Germany.

Testing formally for differences between the poverty structures, one finds that 4 out of 

the 13 East German subgroup coefficients differed from the respective West German 

coefficients at the 5 percent level. Moreover, 2 out of 4 classes of events, overall 

employment changes and unemployment changes, related in a different way to poverty 

between the two regions. In 1994/95, all of this had disappeared. Once more. East 

Germany’s structure had converged to the Western pattern. Remarkably, the coefficients 

on overall employment changes were practically identical.

Structural poverty transition in East Germany had come to an end.

2.2 Assessing the Change: A Shift-Share Decomposition Analysis 

Methodology: Decomposing Poverty Change

The previous section identified two possible sources of aggregate poverty changes: 

subgroup poverty changes may feed into aggregate poverty; and individuals may move 

from more to less poverty prone subgroups (or vice versa).

The widely-used shift-share decompositions allow quantifying the effects of both types 

of changes on overall poverty in an encompassing framework. Consider the aggregate 

poverty change from t to t+T, AP^ = -  P^. Define

(2-7)
X-=l

where the represent the population share of groups in period t and

therefore the population structure in t. (2.7) computes the poverty level that would have
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existed in r+ r  had the population structure remained as it in t. One may call 

counterfactual poverty. Using (2.7), aggregate poverty change decomposes into

(2.8a) A P -  Po+T + ^ct+r ~

= Z  -  X  + X
K=\ *■=1 K-\ V=1

= = ■S„r* + i'm*
v = l  *■=!

where A g„, and A P „ ,= P „ ^ -P „ . AP,„, is therefore split into two

parts, where the S ^*  refers to changes o f the population structure and to changes 

o f subgroup poverty levels. I label S^*  structural effect and level effect. S and L

relate to the static and dynamic poverty structures discussed in the previous section as 

follows: S measures the effect of all events between t and f+Ton aggregate poverty, 

while L captures the impact on poverty of all changes in subgroup poverty levels."^^

Some authors have argued that (2.8a) is a rb i t ra ry , as  one could also decompose

(2.8b) = S „ : ' + L,'kit Ktx ’
V=1 V=1

and there is no clear criterion that tells which alternative one should choose. A sensible 

compromise may be once more to average both decompositions, computing

(2.8c) Af„,., = X  ̂ A G .,  + 2  Q,AP„, = + L„ , ,
>f=l K"=l

  X + X
where X^ = — ---- —,X=P,Q. (2.8c) is, similarly as in chapter 1, the Shapley-value

decomposition proposed by Shorrocks (1999, section 3.3).

In the following, I will elaborate further on two questions arising in the context of shift- 

share decompositions: (i) how to compare decompositions across regions or periods, 

and (ii) how to interpret decompositions at different aggregation levels.

“Structural” refers here to “population structure”. However, this is certainly not the only way these 
effects could be labelled, and one may well argue that changes in subgroup poverty that follow specific 
patterns, and which are called “level effects” here, could also be labelled “structural”.
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Comparing the Results of Different Shift-Share Decompositions

A well known shortcoming of shift-share decompositions is that they do not add up over 

time. That is, if one splits the period from [t until t+ f\ into two subperiods [t until t+0\ 

and [t+9 until t+r], then ^  (and equivalently for L). This occurs

because the reference dates differ: in the first case, it is an average of t and 6 , in the 

second it is an average of 9  and Thus, finding > 5^^, for example, does not

allow to conclude that structural change had a larger effect on poverty from [t until 

t+G\ than from until t+T].

The obvious way out is to stick to the same reference date for either decomposition. 

One option is to relate all structural and/or level effects to the original date t. This, 

however, may again be criticised as arbitrary. The alternative I suggest is to explicitly 

compare the structural and level changes over both periods, and thereby, in the spirit of 

the Shapley value decomposition, to average symmetrically over all reference dates. 

This has the additional advantage that it can also be applied to compare decompositions 

across different regions, such as East and West Germany here. To facilitate the notation, 

denote period [r until t+ 6 \ as ;rand period [r-i-^until t+T] as y/.̂  ̂ Proceeding in similar 

fashion as before, the differences in poverty changes A(AP),^ may be written as

K=\

+ É 5 {a/’» -  AP^l+ÉÂpdâx -
 .------------ ' e ! --------- .------------ '

AL.. A/JL„

where  ------    and AX v = ---------r --------

E.g., Mookherjee and Shorrocks (1982) in the context of inequality decompositions 
A formally equivalent problem arises when adding on Laspeyeres or Paasche cost of living indices 

from adjacent periods.
The procedure can of course be generalised to cases where the end date of the earlier period and the 

initial date of the later period differ, or to comparing differences in poverty dynamics between regions or 
countries. Note that the procedure is independent from the relative lengths length of the period under 
consideration.
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Each o f the terms in (2.9) has an interpretation. AS^ refers to differences in changes o f  

the population structure between the periods 7t and \f/, while AL^ captures differences 

in the amount o f subgroup poverty change, which may, e.g., reflect income growth or 

increased transfer payments. and AL  ̂ therefore compare directly the structural and 

level changes in both subperiods.

ARS^ captures that an identical amount of structural change AQ^ may affect poverty

change differently in different periods, because the subgroups have different (average) 

poverty levels. This is best illustrated with an example. Suppose that in y/, 

unemployment is (on average) associated with a high poverty risk. Movements out of 

unemployment during y/ will therefore be highly effective in reducing poverty. In k, 

however, unemployment is associated with a moderate poverty risk only. Hence, 

movements out of unemployment will not reduce aggregate poverty all that much. 

Similarly, ALS^ captures the impact of different subgroup sizes on the achievable 

poverty reduction. Say that in ^m any  people are unemployed, while in ;ronly few are. 

Raising the incomes of the unemployed by a certain amount, for example by increasing 

unemployment benefits, will therefore reduce poverty significantly during y/, while it 

will have a small effect only during tü. Thus, A/?5^ and ALS^ reflect that developments 

which reduce poverty are the less effective in doing so the less poverty there is in the 

first place. As can he verified easily, AS^ + ARS^ = AS^ and AL^ + ARL^ = AL^

M ultinom ial Decompositions

So far, the subgroups for the decompositions have not yet been specified. In the 

simplest case, the /ds represent just one characteristic, say employment status 

(employed/unemployed). Then (2.8c) has a straightforward interpretation: some part of 

poverty change can be attributed to an increase (or decrease) in unemployment, while 

the other part relates to changes of poverty within both the employed and the 

unemployed subgroups.

52 It can be shown that if (and only if) the initial date of K coincides with the end date of y/, then 
= A/?5̂  .
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The subgroups can, however, also be constructed from a larger number of 

characteristics {cx,p...,(p)\ say employment status, age, gender, household composition, 

etc.. A specific subgroup may then comprise, for example, all unemployed women aged 

20-40 living in households with two adults and one child. In this case, S  measures the 

poverty impact of changes in the population structure in a much wider sense (and L  the 

effect of changes in subgroup poverty). The downside of such a multi-way 

decomposition, however, is that the various sources of poverty change can not be 

identified separately.

Various options can be thought of on how to deal with this issue. Shorrocks (1999), e.g., 

suggests to assign each decomposition characteristic a weight of ( 1/^), such that the 

effect of changes in unemployment on poverty, for example, is calculated as the single

characteristic effect of unemployment changes over the number of characteristics that 

are employed in the decomposition. I believe that, in this context, a more informative 

option is available, which is to work out explicitly how the different structural/level 

effects interact. For the sake of the exposition, take only two characteristics a= l,...,A  

and Say a  is employment status (employed/non employed) and P  is health

(healthy/ill). Decomposing separately with respect to each characteristic gives the 

structural effects

(2.10) ^ car ~^jPa^Qcar ^ d ,  S ,
a=l =̂1

while decomposing jointly results in

A B

a p tT  A u  A a  a p ' - ^ ^ a p t r
a = l 0=1

and Qapt ^ 6  subgroup poverty/the population share of individuals that have the 

specific characteristics or (say unemployed) and p  (say ill). By direct calculation

(2 .12)
a=\ p=\

+ ^ptr
+

A B

II
^  a = \ p = \
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(note that = ^ A g ^  ). Thus, the joint share effect S^p is the mean of the one-
M

characteristic share effects and Sp plus a cross term 

(2.13)
A B

AG
a = l  p - \

a p  ry

V y
aPtT •

For illustration, consider the case where a  and p  denote the same characteristic. Then

Pap = Pa -  Pp’ hence = 0 and 6"^^ = = Sp,^. In all other cases,

however, CŜ p̂  ̂ will deviate from 0, and it will be positive if, from t to t+T, reinforcing

poverty risks grow and compensating poverty risks shrink. In the above example, 

unemployment and illness are reinforcing if it is worse (i.e. associated with higher 

poverty) to be both unemployed and  ill than to be either unemployed or  ill.

In the case of R, rather than only two, interactive characteristics with S^^,Sp^^,...,S^^ 

one-characteristic structural effects, (2.12) becomes

A B F

(2-1̂ ) âp...<ptr = 2  X  • • • S  âp..4̂ Qap...<ptr
a=\ P=\ é=\

1  ̂ A B F f  1 /?

= ; ^ 2 ‘̂ rrr + 2 2 - 2  P a p . .4 - ^ ^ P r
r=a a=] p=\ ^ = 1  \  ^  r=a J

ap...<lKT

In similar fashion, the joint level effect may be decomposed into

A B F

(2.15) Pap... r̂ -  2 2  2  Qocp...<t>̂ap...<ltr
a=l p=\ <j>=\

2 A B F f  R >_

= ~fL^nT + ZS-Z Qaf..4
r=or a = l  P=\ <j>=\ V r=a J

~  ^ r tr  ^^ap...(ptx

Thus, the joint level effect is the mean of all one-characteristic level effects plus a cross 

term CL^p^^ that will typically be positive if multiple poverty risks become more

reinforcing from t io  t+T  (in the above example: it is relatively worse to be unemployed 

and ill in r+ rthan  it was in t). It can be shown that CL^p^^ = -C S^p^^.
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Changes of the Population Structure in East and West Germany after Unification

Tables 2.3a and 2.3b report the development of some population characteristics in East 

and West Germany during the periods under consideration. The simple population 

average is reported as well as a statistic where the observations are weighed with the 

Watts Poverty index.^^ Comparing table 2.3a with 2.3b shows that poverty is associated 

with more children, less education (the differential is about 1 year in West Germany, but 

smaller in the East), more frequent unemployment, and lower employment intensity 

within the household.

West Germany’s population structure changed little over time. The number of adults per 

household shrank somewhat between 1985 and 1995, while the number of young 

children (i.e. children younger than 6 years) rose a bit between 1990 and 1995. 

Somewhat larger fluctuations are observed for unemployment, where the poverty 

weighed average displays more variation than at the simple population mean.

In contrast, large changes of the population structure occurred in East Germany. For the 

entire population, the number of young children per household shrank from 0.36 in 

1990 to 0.16 in 1995, pointing to a drastic reduction in fer t i l i t y .When the observations 

are weighed with the Watts poverty index, however, this pattern is far less pronounced, 

which indicates that young children concentrated more and more in poor households. It 

is also noteworthy that in 1995, the poverty-weighed share of East Germans living in 

single parent households was similar to the West German statistic, while in 1990 it had 

been much lower.

East Germany’s average household employment intensity fell by more than 20 percent 

between 1990 and 1995, although even in 1995 it remained higher than in the West. 

Poor East Germans were also disproportionately affected by the surge in unemployment 

following unification.

Weighting observations with the headcount ratio would give the mean characteristics of the poor. This, 
however, would give all poor equal weight independent of the intensity of their poverty, and would thus 
be inconsistent with the standard axioms of poverty measurement (see chapter 1).
^ See Lechner (1998) for a thorough analysis of this phenomenon.
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Table 2.3: Population Characteristics in Germany, 1985 -  1995

2.3a Simple Population Average

1985 1990
West East

1995
West East

By Household Type 

Single 0.095 0.099 0.063 0.101 0.069
(0.294) (0.298) (0.242) (0.301) (0.254)

Men 0.033 0.037 0.016 0.039 0.023
(0.179) (0.190) (0.126) (0.192) (0.149)

Women 0.062 0.062 0.047 0.063 0.046
(0.241) (0.240) (0.211) (0.242) (0.210)

Single Parent 0.056 0.055 0.047 0.055 0.055
(0.231) (0.229) (0.212) (0.228) (0.229)

Couple, no Children 0.201 0.231 0.179 0.245 0.215
(0.401) (0.421) (0.383) (0.430) (0.411)

Couple with Children 0.459 0.401 0.563 0.426 0.482
(0.498) (0.490) (0.496) (0.494) (0.500)

1 Child 0.116 0.112 0.147 0.121 0.118
(0.320) (0.316) (0.354) (0.326) (0.322)

2 Children 0.218 0.179 0.321 0.188 0.280
(0.413) (0.383) (0.467) (0.391) (0.445)

3 and more Children 0.125 0.110 0.095 0.116 0.084
(0.125) (0.313) (0.293) (0.321) (0.278)

By Household 
Composition 

Adults per Household 2.418 2.372 2.248 2.274 2.293
(1.012) (0.984) (0.832) (0.880) (0.822)

Children per Household 0.881 0.832 1.166 0.883 0.915
(1.044) (1.107) (1 111) (1.118) (1.000)

Young Children per 0.268 0.265 0.356 0.298 0.160
Household (0.578) (0.590) (0.591) (0.612) (0.419)

Other Characteristics 

Age 35.84 36.74 33.58 36.60 35.88
(20.98) (21.28) (21.13) (21.38) (20.33)

Gender (Women=l) 0.509 0.508 0.510 0.507 0.507
(0.500) (0.500) (0.500) (0.500) (0.500)

Nationality (Foreigner=l) 0.050 0.057 0 0.084 0

East-West Migrants
(0.219) (0.231) (0.277)

0.028 0.004
(Migrant=l) 

Years of Education 10.97 11.09 11.95
(0.166)
11.27

(0.060)
11.83

(2.28) (2.35) (1.81) (2.44) (2.00)
Employment Intensity per 0.502 0.514 0.662 0.472 0.540

Household Size (0.334) (0.345) (0.315) (0.350) (0.350)
Number of Household 0.104 0.064 0.020 0.090 0.272

Members Unemployed (0.334) (0.256) (0.144) (0.305) (0.509)
Standard deviations in parentheses.
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2.3b Observations Weighed with the Watts Poverty Index

1985 1990
West East

1995
West East

By Household Type 
(DlW-classification )

Single 0.087 0.106 0.148 0.097 0.062
(0.281) (0.308) (0.356) (0.296) (0.242)

Man 0.023 0.032 0.017 0.026 0.020
(0.149) (0.175) (0.130) (0.158) (0.149)

Women 0.064 0.074 0.131 0.071 0.042
(0.245) (0.262) (0.338) (0.257) (0.201)

Single Parent 0.136 0.140 0.087 0.178 0.141
(0.342) (0.347) (0.280) (0.383) (0.348)

Couple, no Children 0.097 0.134 0.158 0.088 0.087
(0.296) (0.341) (0.365) (0.283) (0.282)

Couple with Children 0.508 0.445 0.491 0.474 0.557
(0.500) (0.497) (0.500) (0.500) (0.497)

1 Child 0.077 0.101 0.076 0.122 0.100
(0.266) (0.302) (0.265) (0.327) (0.300)

2 Children 0.206 0.190 0.249 0.173 0.275
(0.405) (0.393) (0.433) (0.378) (0.447)

3 and more Children 0.225 0.153 0.166 0.179 0.183
(0.418) (0.361) (0.372) (0.384) (0.387)

By Household 
Composition

Adults per Household 2.431 2.361 2.170 2.208 2.232
(1.109) (1.082) (1.030) (0.955) (0.826)

Children per Household 1.324 1.090 1.326 1.278 1.346
(1.238) (1.274) (1.131) (1.313) (1.144)

Young Children per 0.467 0.352 0.436 0.486 0.351
Household (0.768) (0.677) (0.636) (0.728) (0.591)

Other Characteristics

Age 31.56 34.98 36.75 31.13 28.66
(21.82) (23.07) (25.40) (21.65) (18.61)

Gender (Women=l) 0.535 0.547 0.563 0.542 0.545
(0.499) (0.498) (0.496) (0.498) (0.498)

Nationality (Foreigner=l) 0.107
(0.309)

0.127
(0.333)

0 0.171
(0.376)

0

East-West Migrants 
(Migrant =1)

- - - 0.036
(0.187)

0

Years of Education 10.17 10.06 11.20 10.21 11.39
(1.76) (1.73) (1.97) (1.97) (2.05)

Employment Intensity per 0.279 0.247 0.423 0.225 0.305
Household (0.274) (0.273) (0.310) (0.259) (0.292)

Number of Household 0.295 0.200 0.032 0.286 0.710
Members Unemployed (0.538) (0.436) (0.177) (0.520) (0.679)

Standard deviations in parentheses.
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Results: Joint Decomposition

Next, I proceed to the results of shift-share decompositions for West Germany between 

1985 and 1990 as well as 1990 and 1995, and for East Germany between 1990 and 

1995. In the first step, I decompose jointly with respect to a large number of 

characteristics, constructing subgroups according to

five household types (couples without children, couples with children, singles, lone 

parents, and other household types);

four categories indicating the number of adults per household (1, 2, 3, >=4); 

four categories indicating the number of children per household (0, 1, 2, >=3); 

three categories indicating the number of young children (0 , 1, >=2); 

a dummy for whether the household is affected by unemployment; 

four employment intensity categories (see appendix 2.B); 

four education categories; 

four age categories; 

a gender dummy; and

a German/foreign dummy (for West Germany).

A necessary condition for the decomposition to work, however, is that no subgroup is 

e m p t y . T o  this end, I set the minimum subgroup size of 15 individuals for West 

Germany, and of 7 for the East. Whenever a subgroup fell below these thresholds, I 

merged it with another subgroup with similar characteristics and subgroup poverty 

levels. All in all, this procedure partitions the population into 106-117 subgroups 

(depending on whether German/foreign subgroups are constructed or not), where the 

groups comprise between 0.1 and 3 percent of the sample. Correlating average poverty 

per subgroup with individual poverty gives correlation coefficients between 0.281 and 

0.564, depending on the year and the region. Hence, the observed characteristics 

account for a large part of the differences in individual poverty.

The joint decompositions result in the structural and level effects reported below. The 

standard errors are bootstrapped on the basis of the same principles as in chapter 1,

Otherwise, groups existing in one year but not in another fall out of the decomposition, which can 
cause considerable bias.



rather than calculated from standard asymptotic theory as in section 2.1. Although the 

latter would be possible in principle, it would require a disproportionate computational 

effort (see appendix 2 .A).

Poverty Change

(1) West Germany 1985 -1990;

-0.968
(0.090)

(2) West Germany 1990 -1995:

-0.033
(0.076)

(3) East Germany 1990 -1995:

-1.443
(0.125)

Structural
Effect

-0.096
(0.034)

-0.082
(0.035)

+0.034
(0.024)

+0.063
(0.026)

+0.424
(0.183)

Level Effect

-0.872
(0.081)

- 0.886
(0.076)

-0.067
(0.066)

-0.095
(0.072)

-1.867
(0 .201)

a)

b)

a)

b)

a)

a) does not include nationality dummy b) includes nationality dummy. 
Bootstrapped standard errors based on 500 replications

Hence, West Germany’s poverty reduction between 1985 and 1990 was due to both, 

poverty-reducing changes of the population structure and falling poverty levels within 

subgroups, although the latter effect was more important. Between 1990 and 1995, 

however, the overall change in poverty hides two diverging (albeit statistically 

insignificant) developments. While subgroup poverty levels continued to fall (even 

though at lesser speed), the population structure became more vulnerable to poverty. 

Dropping the nationality category -  hence not accounting for the increase in the 

population share of foreigners -  underestimates the structural effects for both periods, 

but not by much.
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In post-unification East Germany, changes of the population structure increased 

poverty. This was overcompensated, however by a large reduction of poverty within 

subgroups^^.

Robustness Check: Double Decomposition

As shown above, the effects obtained from different decompositions cannot be 

compared with one another without further qualification. Double-decomposing 

according to (2.9) gives

AAP A5. AL. ARS. ARL.

(1) West Germany 95/90 - West Germany 90/85

+0.935 
(0.142)

-1.410
(0.149)

-0.475
(0.159)

+0.131 +0.806 -0.001 -0.001 a)
(0.046) (0.127) (0.011) (0.011)

+0.156 +0.801 -0.011 -0.011 b)
(0.051) (0.135) (0.011) (0.011)

West Germany 95/90

+0.333 -2.168 +0.056 +0.369 a)
(0.112) (0.203) (0.101) (0.082)

West Germany 90/85

+0.584 -1.356 -0.065 +0.362 a)
(0.116) (0.223) (0.088) (0.080)

Bootstrapped standard errors based on 500 replications

Although A/?L is sizeable and statistically significant when East Germany is compared 

with West Germany (comparisons (2) and (3)), both àRS  and ARL are small compared 

to the “substantial” components A5" and AL, thus leaving the essence of the simple 

shift-share decompositions unaltered.

The effect of East-West migration cannot be dealt within a decomposition based on (2.8c), as in 1990 
the migrants category is empty. It can, however, be analysed with a decomposition based on (2.8a) (where 
the migrants’ population share in 1990 is not involved in the calculation). The respective share effects are: 
West without migration +0.033, with migration +0.044, East without migration +0.352, with migration 
+0.350. The impact of East-West migration on poverty levels is therefore marginal, and West Germany’s 
poverty increase due to immigration from the East is smaller than the increase due to immigration from 
outside Germany.
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The Effect of Single Characteristics and their Interactions

Tables 2.4a to 2.4c report structural effects at less detailed le v e l s . I n  the first column, 

the decomposition is carried out with respect to one single characteristic only. Columns 

(2) and (3) decompose jointly with respect to some but not all characteristics. In column 

(2), the upper figure (I) quantifies poverty change due to changes in the employment 

structure. This statistic is obtained by creating subgroups according to both employment 

intensity and unemployment. The lower figure (II) reflects poverty change due to 

changes in household composition, which is calculated by interacting the number of 

adults, the number of children, and the number of young children. Column (3) 

disaggregates further by interacting changes in the employment structure with education 

for figure A; and household structure with household type, gender, and age for figure B. 

Column (4), finally, decomposes with respect to all available characteristics as 

previously. Note that the order in which the various single characteristics are interacted 

to obtain higher-level decompositions is of course deliberate, and could be changed.

Starting with West Germany between 1985 and 1990, table 2.4a reveals that almost all 

changes of the population structure during that period tended to reduce poverty. 

Statistically significant reductions were associated with changes of the employment 

structure and of household composition. In contrast, between 1990 and 1995, changes of 

the employment structure increased poverty significantly. Note that as one interacts 

employment intensity with unemployment, the resulting structural effect is larger than 

the structural effect from unemployment alone. This implies that unemployment 

increased in particular in households with already low employment intensity.

Most of East Germany’s large poverty-raising structural effect from 1990 to 1995 was 

driven by poverty increasing changes of the employment structure, which, similarly to 

West Germany, were caused not only by rising unemployment as such, but also by the 

interaction of unemployment with low employment intensity. While simultaneously the 

household composition changed in a way that reduced poverty, in particular by a 

reduction of the number of children per household, this did not suffice to compensate 

for the poverty increase from falling employment.

The corresponding level effects are, of course, obtained by subtracting the structural effects from the 
overall change in poverty.
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Table 2.4: Structural Poverty Change at Different Disaggregation 

Levels

2.4a West Germany 1985-1990

(1)
Single

Characteristic

(2) 
Moderate 

disaggregation level

(3)
High 

disaggregation level

(4)
Full

disaggregation

(1)
Unemployment 
-0.084 (0.021)

(I)
Employment Structure 

[=(!) + Empl. Intensity]
-0.105 (0.031)

(2)
Education

-0.016 (0.012)

(A)
(I) and (2) 

-0.113(0.035)

(3)
Number of Adults 

-0.006 (0.007)
(4)

Number o f Children 
and Young Children

-0.019(0.016)

Household Type 
-0.032 (0.016)

(6)
Sex

0.000 (0.002)

(7)
Age

(H)
Household Structure 

  [(3) and (4)]
-0.052 (0.023)

-0.015 (0.009)

(B)
[(II) and (5), (6), (7)]. 

-0.041 (0.026)

(8)
Nationality

+0.010 (0.009)

Structural change 
without nationality

[(A) and (B)]

-0.096 (0.034)

Structural change 
with nationality
[(A), (B) and (8)]

-0.082 (0.035)
Bootstrapped standard errors based on 500 replications in parentheses)
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2.4b West Germany 1990-1995

(1)
Single

Characteristic

(2) 
Moderate 

disaggregation level

(3)
High

disaggregation level

(4)
Full

disaggregation

( 1)
Unemployment 
+0.042 (0.014)

(I)
Employment Structure 

[=(1) + Empl. Intensity],

+0.106 (0.021)
(2)

Education
-0.009 (0.010)

(A )
(I) and (2)

+0.122 (0.014)

(3)
Number o f Adults 

-0.001 (0.005J
(4)

Number of Children 
and Young Children^

+0.010(0.007)

(II)
Household Structure 

[(3) and (4)]

+0.026 (0.014)
(5)

Household Type 
-0.001 (0 .010)

(6)
Sex

0.000 (0.002) 

(7)
Age —

+0.003 (0.005)

(B )
[(II) and (5), (6), (7)] 

+0.013 (0.017)

(8)
Nationality 

+0.026 (0.009)

Structural change 
without nationality

-  [(A) and (B)]

+0.034 (0.024)

Structural change 
with nationality
[(A), (B) and (8)]

+0.063 (0.026)
Bootstrapped standard errors based on 500 replications in parentheses)
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2.4c East Germany 1990-1995

(1)
Single

Characteristic

(2) 
Moderate 

disaggregation level

(3)
High

disaggregation level

(4)
Full

disaggregation

(1)
Unemployment 
+0.407 (0.120)

(I)
Employment Structure 

[=(!) + Empl. Intensity]

+0.785 (0.176)
(2)

Education
+0.010 (0.025)

(3)
Number o f Adults 

+0.005 (0.027)
(4)

Number of Children 
and Young Children

-0.165 (0.043)
(5)"

Household Type 
+0.005 (0.027)

(6)
Sex

-0.001 (0.007)
(7)

Age 
-0.022 (0.018)

(II)
Household Structure 

  [(3) and (4)]
-0.179 (0.050)

(A)
(I) and (2)

+0.754 (0.177)

(B)
[(II) and (5), (6), (7)] 

-0.171 (0.057)

Structural change
  [(A) and (B)]

+0.424 (0.183)
Bootstrapped standard errors based on 500 replications in parentheses)

In particular for East Germany, it is worthwhile to study the larger structural effects on a 

year-to-year basis, as in table 2.5. To ensure that year-to-year share effects sum up to 

the structural effect over 5 years, , the share effect from year t to year r+T is

calculated as S, ^  -  %  P„^AQ 58
« 9 0  *

K-=l K=\

One may notice that this is a light deviation from the Shapley-value principle, as this would have asked 
for treating periods symmetrically (which would have created yet another adding-up problem). Here, all 
share effects are expressed in comparison to 1990.
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Table 2.5 uncovers that most of the post-unification within-subgroup poverty reductions 

occurred during the first two years after unification, that is from 1990 to 1992. While 

between 1992 and 1995, the level effects continued to be negative (poverty reducing), 

they were comparatively small in magnitude.

The overall structural effect behaved more erratically over time. Between 1990 and 

1992, East Germany clearly turned into a structurally poorer society. Most of this was 

driven by the surge in unemployment which, at least between 1990 and 1991, was 

reinforced by simultaneous decreases of voluntary labour market participation.^^ The 

same forces, however, turned matters around from 1994 to 1995.

During the entire post-unification period, changes of the household composition 

reduced poverty. From 1990 to 1991, this was partly driven by changing numbers of 

adults per household (on closer inspection, most of this was due to shrinking population 

shares of single households) and interaction effects. From 1991 onwards, the collapse 

fertility helped to push poverty down.

Table 2.5: Selected Structural Effects over Time, East Germany 1990- 

1995

Unemp Empl. Number Numb, of Household Overall Overall

loyment Structure of Adults Children Compos. Str. Effect Lv. Effect

1990/91 +0.318
(0.096)

+0.611
(0.129)

-0.042
(0.030)

-0.004
(0.028)

-0.096
(0.042)

+0.535
(0.138)

-1.154
(0.180)

1991/92 +0.150
(0.062)

+0.076
(0.088)

+0.008
(0.028)

-0.042
(0.025)

-0.014
(0.027)

+0.093
(0.104)

-0.372
(0.138)

1992/93 -0.019
(0.050)

+0.083
(0.081)

+0.017
(0.032)

-0.048
(0.030)

-0.004
(0.044)

-0.074
(0.096)

-0.106
(0.120)

1993/94 +0.037
(0.055)

+0.086
(0.083)

+0.002
(0.030)

-0.038
(0.035)

-0.040
(0.048)

+0.028
(0.094)

-0.129
(0.117)

1994/95 -0.079
(0.058)

-0.158
(0.081)

+0.019
(0.030)

-0.033
(0.039)

-0.025
(0.051)

-0.156
(0.090)

-0.105
(0.115)

Bootstrapped standard errors based on 500 replications in parentheses

This could, for example, reflect a discouraged worker phenomenon
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2.3 Summary and Conclusion

This chapter showed that the large reduction in East German poverty identified in 

chapter 1 went along with large changes of East Germany’s static and dynamic poverty 

structures. In this process, East Germany’s poverty structures lost their own 

characteristics quickly and almost fully adjusted to the very stable West German 

poverty pattern. Groups that originally faced low poverty risks, such as families with 

children, lost out relative to the population average; others gained, in particular 

pensioners and childless couples. West Germany’s poverty structure, in contrast, was 

unaffected by unification.

The impact of these developments on poverty were analysed in the context of shift- 

share decompositions of poverty changes. The results show that if East Germany’s 

population structure had remained unchanged after unification -  in which case overall 

poverty would have changed only because of changes in poverty within subgroups -  

poverty would have fallen by 30 percent more than it eventually did. However, East 

Germany’s population structure did change in two important ways, which had 

significant and opposite effects on poverty. First, unemployment rose and employment 

intensity fell, thus increasing poverty. Second, the composition of East German 

households changed, in particular because fertility fell dramatically after unification, 

thus reducing the number of children per household. The unemployment increase raised 

poverty in particular between 1990 and 1992, while falling fertility reduced poverty 

from 1991 onwards, and accounted for more than 10 percent of East Germany’s overall 

poverty reduction between 1990 and 1995.As Lechner (1998) has shown, also this 

development can be attributed to an East German adjustment to a West German pattern: 

the postponement of the childbearing decision from the early twenties to the late 

twenties and early thirties.

No effects of changes of the population stmcture on poverty of similar size were found 

for West Germany, although employment changes reduced poverty slightly between 

1985 and 1990, and increased it between 1990 and 1995.
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Appendix 2.A: Asymptotic Statistical Inference for Various Subgroup 

Poverty Measures

2.A.1 Standard Errors from a Random Sample of Individuals

This appendix provides formulae for calculating asymptotic standard errors for the 

various subgroup poverty indices used section 2.1 All of the following calculations are 

based on the (5-Method, and build on and extend the work of Kakwani (1993), Zheng 

(1993) and Bishop et al. (1995).

Assume that incomes ^re randomly drawn at period t from a population

in region r with corresponding individual poverty indices

whete j°X y„,,z) = F(y,,,,z)*7(y,.^ <z) .

Consider the following primary indices

1 ^
( y in ,z ) , Aggregate Poverty,

ty ,=i

1 ^
= — %  /(y,;r e  ^  wr ) ’ the Population Share of group ic, and

1 ^
= — ^Pirr(yitr^z)I(yi,r G 0 ^ ) ,  s Sutgroup Proportional Poverty

A/ ,=i
Contribution.

I{yitr G is an indicator function which takes value 1 if individual i receiving 

income y . belongs to k, and 0 otherwise.

All primary indices are estimated as simple sample means, which are well known to be 

consistent and normally distributed in large samples (by the Central Limit Theorem). 

Asymptotic inference for the further measures or secondary indices requires first to 

reformulate them as functions of the primary indices. By the Slutzky Theorem, the 

respective point estimates are consistent. By the (5-method, these estimates are normally
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distributed in large samples and its standard errors are consistently estimated as outlined 

below (see e.g. Rao 1973 pp. 388f. for details),

For the following, it is helpful to distinguish between measures that use one sample 

only, and those that are based on several samples.

a) Measures Based on One Sample

These are60

(2.A.1) Subgroup Poverty

(2.A.2)

(2.A.3)

PI = —  =

jSPI = ^Kt ^Kt-\ 61

Poverty Intensity, and

the Change in Poverty Intensity.

While (2.A.3) uses observations from two periods, these are merged into one sample 

(and only individuals observed in both periods are kept in the merged sample). If 

merging does not cause systematic sample attrition -  i.e., if the frequency at which 

individuals fall out of the sample when merging is not correlated with the poverty 

measures to be estimated -  the merged sample can also be interpreted as a random 

sample, thus warranting the application of the procedures that follow.

Denote a secondary index as X ^ , and label the primary indices that make it up 

For subgroup poverty e.g. X^ = P^, X^^ = C„ and X ^ ^ = Q „ . B y  

the (^method, X ^’s standard error is

(2.A.4)
f \ \0-5

\  y

^  I drop time or region subscripts where there is no risk of confusion.
For consistency with the remainder of the appendix, the characteristic is also denoted as k , rather than 

X (as in the main text).
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where is an IxS vector

(2.A.5) — { d X f 1 3 X

and Ey is the SxS matrix

(2.A.6) =

VarX̂ ĵ  CovX̂ ĵ Xr̂ ĵ
CovX^j^X2j( VarX I K

COVX^frX

CovX ik ^ sk

VarX S K  /

The elements of E^ can be calculated from standard large-sample variance and 

covariance estimates. For Subgroup Poverty (see also Bishop et al. 1995), for example,

and

(2.A.6a) E ; ,(P J  =
^ I c , Æ - c , e ,  ê . ( i - ô , )

b) Multi-Sample M easures

Matters are slightly more complicated for measures that are based on several samples, 

such as the Difference in Differences index

(2. A.7) AA,_, = (in -  In P /,,, ) -  (in -  In )

_ -  111 QK,t+t,r\ -  In Pt+t,r\ )“ (l" ̂ K,t,r\ ~  1" ôr./.rl ~ P, )]-
[(in C ,̂r+f.r2 -  In < 2 r , , + / . r 2  “  In P,_̂ 2 ) -  (in “  In ô^.r.rz -  In Pt,ri )]

Using panel data, some (but not all) individuals that appear in the r-sample will typically 

also appear in the r+r-sample. If their primary indices are correlated over time, the



samples will therefore be partly dependent. This needs to taken into account when 

calculating the standard error.

Formally, consider a multi-sample measure which is made up from of S+T primary

indices where the first S primary indices stem

from subsample I and the other T  primary indices stem from subsample Subsample 

I has size N l, subsample 2 size N2, and M  individuals appear in both subsamples. Using 

a result in Zheng (1998) and extending it to subgroup indices, X ^’s standard error is 

consistently estimated as

(2.A.8) SE{X^)  = { D \ Z \ D \ f  , with

(2.A.9) D K — {^dXIdX^j^ . . . d X I d X o X ^ l o X - ^ f r j j  ...oXfrjoXjj^jj^ and

(2. A. 10) =

VarX̂  ̂/ VI 

CovX-^^jX^f,j /V I

CovX^f^X^f^ I N \  "

VarX^Ki /  CovX^^iX^^„  *

*(%/lV2) V a r X . ^ J N l

C o vX X j f ^ j i  *  ̂ 1V 2) IKU ̂ TKII /  ^  2

CovXĵ , * {^/n IV2)

CovX̂ fj Xj^, * 2)

CovX^^jXjui  / V2 

VarX-r^,, / V2

Note that the elements of the shift-share decomposition are multi-sample measures too, 

and could in principle be dealt with analogously. However, the more detailed the 

decomposition is, and the more subgroups it therefore contains, the more primary 

indices are involved in the computation, thus inflating the variance-covariance matrix 

X*. It can be shown that its number of unique elements E  (note that X* is symmetric)

relates to the number of subgroups X as E  = 2K^ + K . For more than 3 or 4 subgroups, 

applying the ^m ethod becomes a tedious exercise. Alternatively, one may bootstrap

62 To keep the notation tractable I refer to the two-sample case only, whereas the difference in differences 
measure uses primary indices from 4 samples. The extension is straightforward.
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standard errors. This is what I do throughout section 2.2, applying the same 

bootstrapping algorithm as in chapter 1.

2.A.2 Accounting for Clustering at the Household Level

The formulae derived above are based on the assumption of a random sample of 

individuals. However, all poverty indices used in chapter 2 are calculated from 

disposable household income, such that poverty within a household is identical. To 

account for this feature (which often ignored in the applied poverty measurement 

literature), 1 use the following standard approximation (see e.g. Kish (1965) pp.

(2.A.11) S £ ,(X ) = S £ ,(X )*[l + ( A - l ) p f ’ , w h e r e A = - ^ ,

(2.A.11) allows for clustering of observations. Hi is the number of clustered 

observations per individual i (including i herself), p  is the intra-cluster correlation 

coefficient and measures the „similarity“ of observations within a cluster. In a standard 

clustering problem p  needs to be estimated from the data. For disposable income within 

the household, however, p= l by construction, hence (2.A.11) simplifies to

(l.A .lla )  =

This suggests a convenient two-step procedure: calculating standard errors as in 2.A.1, 

and then multiplying them by the square root of A, the average number of clustered 

observations. For subgroup measures, the adequate definition of A requires some care: 

If the subgroup is defined with respect to household characteristics, then A is the 

average number of household members per individual. If the group is defined with 

respect to individual characteristics, A is the average number of household members per 

individual with the same characteristic.^"^

For the bootstrapped standard errors used in section 2.2, this problem is solved by redrawing clusters 
(as in chapter 1).
^ (2.A11) holds exactly when the clusters have the same size. Here, household size of course differs. For 
aggregate poverty, however, where (2.A. 11) as well as exact large sample standard errors can easily be

101



For multi-period indices, one must take into account that some individuals may change 

households from period t to t+ r. For those individuals, H. is not well defined. One may 

bracket H-, however, between the number of individuals that share Vs household in 

both periods (including i herself), and the size of the larger of both households. As a 

practical matter, both standard errors never deviated from one another by more than 3 

percent. To be on the safe side, the paper reports the large-household based standard 

errors.

calculated (using the formula in Deaton 1994, p. 54), (2.A .11) deviates in no case from the exact standard 
error by more than 5 percent, with an average difference of 2 percent. Furthermore, the deviations show 
no systematic pattern. Given that inference derived with the 6-method gives only large sample 
approximations anyway, this can be considered as fairly satisfying.
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Appendix 2.B: Detailed Values for the Employment Intensity Index

Household Employment

Household Composition

No 1 Part 1 Full 1 FT
Empl. Time Time/ 1 FT/ 

2 FT 3 FT

2 FT/ 2 FT 2 FT 3 FT 4 FT
1 FT/ 2 FT/ 1 FT

1 FT 1 FT 3 FT
2 FT 3 FT

1 Adult, no Children 

1 Adult, 1 Child 

1 Adult, 2 Children 

1 Adult, 3 Children

0.500 1.000

0.343 0.687
.

0.266 0.532

0.219 0.439

2 Adults, no Children 

2 Adults, 1 Child 

2 Adults, 2 Children 

2 Adults, 3 Children 

2 Adults, 4 Children

0.287

0.233

0.197

0.172

0.153

0.574

0.466

0.394

0.344

0.306

1.862

0.698  

0.592  

0 516  

0.458

0.931

# -
Ô.6ÈT -

0.611

3 Adults, no Children 

3 Adults, 1 Child 

3 Adults, 2 Children 

3 Adults, 3 Children 

3 Adults, 4 Children

0.208

0.179

0.159

0.143

0.130

0.415

0.359

0.317

0.285

0.259

8 .0.8§7

0 6 3 4  0 .7 9 3 / .0 .___

0.570 0.713 0.855

0.519 0.649

4 Adults, no Children 

4 Adults, 1 Child 

4 Adults, 2 Children 

4 Adults, 3 Children 

4 Adults, 4 Children

0 0.165 0.330 0.495

0 0.147 0.295 0.443

0  0 .134 0.267 0.401

0  0.123 0.245 0.368

0 0.113 0.226 0.339

0.660 0 ,8 2 5 . . ,0J9

0:590 0 .7 3 7 ,;: 0 . 8 ^
 ̂ .  %

0.535 0.669 0.8.02 0.934
. - -'5.

0.490 0.613 0.735 0.868

0.452 0.565 0.678 '0.791

Grouping o f employment intensity for the creation of subgroups:

employment intensity low (< 1/3) 

employment intensity medium (> 1/3 and < 2/3) 

employment intensity high (> 2/3 and <1) 

employment intensity very high (> 1)
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PART II

POVERTY AND INTERGENERATIONAL 

MOBILITY IN WEST GERMANY

Chapter 3:

A Model for the Conditional Evaluation of 

Poverty Risks, with an Application to Prime Age 

Germans 1991 -1995
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3.0 Introduction and Overview

Chapter 2 made extensive use of subgroup poverty indices (SPIs) to describe and 

analyse Germany’s poverty structure. While SPIs are a useful tool for obtaining an idea 

about who the poor are, they have the disadvantage of reporting just the unconditional 

correlation of poverty with characteristics. Therefore one cannot judge whether SPIs 

for, say, ethnic minorities are high because they live in households with many children, 

have acquired little education, are genuinely being discriminated against, or because of 

all of these factors. Distinguishing between them requires working out the conditional 

correlation instead, that is, the correlation with one factor while holding the other 

factors constant.^^

A seemingly obvious way to tackle this issue is regression analysis. In a correctly 

specified regression model, the marginal regression coefficient reports the conditional 

effect of a characteristic on the mean of the variable of interest. For poverty, however, 

regression analysis is not straightforward. Instead of being directly observable, poverty 

indices are constructed from (observed) economic status variables. A sophisticated 

literature thereby imposes restrictions on the poverty index’s functional form so as to 

ensure that it corresponds with intuitive preconceptions about the “nature“ of poverty 

(see chapter 1). In general, poverty is defined as some nonlinear, nondifferentiable 

function of the income distribution and the poverty line, which renders the fit of a linear 

regression model inadequate.

Until recently, no methodology existed that linked these “axiomatic” poverty indices 

consistently to regression analysis. Some earlier attempts tended to confuse poverty 

indices with incompletely observed variables, and therefore fitted misspecified models 

(see below). Pudney (1999) first proposed a method that overcame these shortcomings. 

It is based on estimating the entire income distribution conditional on covariâtes, and 

evaluating the covariates’ effect on poverty by comparing predicted poverty from 

different covariate combinations. The specific technique that Pudney proposed is 

computationally expensive, however: it is based on evaluating a fitted  income

The interactions of the multi-way partitions in chapter 2 go some way toward conditioning. However, 
they help explaining poverty changes only, not poverty itself, and they are more difficult to interpret than, 
say, a regression coefficient.
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distribution. This requires a careful and flexible specification of the distribution’s 

functional form; a task that may put many practitioners off.

This chapter aims at developing an estimator that is both similar in spirit to Pudney’s 

estimator and similarly general, but much easier to implement. It is based on evaluating 

a residual income distribution. The technique is used to study the conditional poverty 

structure of prime-age Germans between 1991 and 1995.

The remainder of this chapter is organised as follows. Section 1 reviews the existing 

poverty regression literature, in particular tobit-type models that are shown to be 

inadequate for poverty inference in most cases. Section 2 then introduces the residual 

distribution approach, contrasts it with Pudney’s method, and discusses some 

extensions. Section 3 reports the application, and Section 4 concludes.

3.1 Conditional Poverty Inference and the Tobit Model

The objective of conditional poverty inference is to calculate E(Pi IX, ), where P, is 

poverty of individual i and X, is a vector of individual or household characteristics. 

Write aggregate poverty as

where I  is the indicator function taking value 1 if income y, falls short of the poverty 

line z and 0 otherwise, and F, is the deprivation function that weights incomes according 

to their distance from z. If < 0 for y,- > z (3.1) can be rewritten as

1 ^
(3.1.a) P -  — ^ P i , where P. -  F- i f  F - >0

^  f=i

and P- = 0  if  Fj <0 .

This holds for the Watts poverty measure and all CHU-measures, including the poverty gap. For 
FGT(ctr)-measures, it holds only if oris an odd positive number. If oris even, it is unclear what the tobit 
parameterises. See chapter 1 for definitions of these indices.
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The individual poverty index P. is therefore a limited, nondifferentiable variable. As a 

consequence, one must not relate the covariates X- to through a linear regression 

model P- = + £ .: for y^> z ,  P̂ = 0  and, hence, £(£■ I X .) = ->6 ’X . . The error

term and the covariates are therefore systematically related, and the estimated p  

coefficients are biased and inconsistent.

(3.1.a) has eye-catching similarities with an index model. This has led researchers to 

advocate (e.g., Ravallion 1996) or use (e.g., Muller 1998) tobit-type models for 

conditional poverty inference.^^ A “naive” use of the tobit, however, gives misleading 

results. The tobit parameterises an underlying variable that is the variable of interest but 

cannot be fully observed. Instead, the researcher observes an index variable that 

corresponds to the variable of interest over a restricted range of values only. Here the

“underlying” variable is and the “index” variable P,. Hence, the tobit specifies

(3.2) P(F, IX ,) = y6 ’X ,.

the deprivation function, however, is clearly not the variable of interest. To illustrate 

this point, take the Watts measure, where F, = log z -  log y,. (see chapter 1). A tobit 

calculates

(3.3) F(logz-logy,.IX ,.) = /5’X ., and since z is fixed

F(logy.lX ) = lo g z -y 6’X ..

Rather than parameterising poverty, a tobit on the Watts measure is equivalent to a 

linear regression on log-income, except that the slope coefficients have the opposite 

sign and the intercept is biased by a factor {log z}. This problem arises from confusing 

censoring due to incomplete observability, as is the case in standard tobit applications, 

with intrinsic censoring, as is the case here.^^

If one measures poverty with the headcount ratio, the corresponding index model is binary, such as a 
probit or a linear probability model. Although the headcount ratio is, for various reasons, a flawed 
poverty measure (see chapter 1), these models have sometimes been used (see, e.g., Jantti and Danziger 
(1994) or Rodriguez and Smith (1994)). Some aspects of the probit model are discussed in Pudney 
(1999).

Results from (3.3) may well look sensible, as characteristics that raise income will in most cases also 
reduce poverty. The estimates can even be close to the true relationship if the covariates affect log-
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Not everything is lost, though. Under the assumption of a normally distributed error 

term, one can run a tobit on F, and then calculate the conditional mean of as (see, 

e.g., Johnson and Kotz (1970))

(3.4) E{P. \ X. )  = P x o b { F . > 0 \ X . y E { F . \ F , > ( d , X . )

= 0 *J V

P ’X . + a

where 0  is the distribution function of a standard normal distribution, (j) the density, 

and o  the standard deviation of the error term. Note that the tobit, however, whether 

corrected by (3.4) or not, makes inefficient use of the data, by throwing all observations 

on the non-poor away. With a low poverty line, this will be most of the sample. F„ 

however, can be constmcted for everybody with an income observation. A more 

efficient method is, therefore, to run a linear regression on F, and to calculate (3.4) from

the resulting p  and <5 ^.

But even this technique is not desirable, for two reasons. First, consistency of (3.4) 

depends on the assumption that the error term is normally distributed. This is unlikely to 

be exactly the case in any application. The distribution of log-income is often found to 

be roughly normally distributed, which implies that the deprivation index of the Watts 

measure also is, roughly, normally distributed (as it is just the negative of log-income 

plus a constant). For all other indices, such as the poverty gap or the FGT measures, it is 

very unlikely that the distribution of F, (and therefore the error term) will even be close 

to a normal.

A second point has been emphasised by Pudney (1999).^^ In (3.4), 0 ( /5 ’X, t o )  is the 

probability that an individual’s income falls below the poverty line z. Consequently, an

income at the population mean in a similar way as they do at the mean of poverty. Employing a quantile 
Tobit and conditioning on a low quantile (as Muller (1998) does) therefore reduces the problem by 
shifting the conditioning observation toward the distribution’s lower tail. It does not solve it, though.

It may be possible to relax the normality assumption by employing nonparametric techniques for 
computing the terms in (3.4). As easier options are available (see below), I do not pursue this option.
^  A further potential problem is heteroscedasticity. This, however, could be addressed by employing 
heteroscedasticity-consistent tobit estimators, as, e.g., Petersen and Waldmann (1981).

While Pudney centres his critique on the parameterisation of the head count ratio through a probit, it 
applies to all other poverty measures too.
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increase in z would necessitate that increases as well. This places

restrictions on the coefficient vector p. In particular, it has to be true that 

X  "^{dp /dz) > 0 (for details, see Pudney 1999). These restrictions are neither intuitive 

nor can they be guaranteed to hold. Any  type of index model applied to poverty 

therefore bears the risk of logical incoherence, even if it is statistically consistent.

3.2 Two-Step Poverty Estimation 

Pudney’s Estimator

Many problems outlined in the previous section arise from the attempt to infer the 

conditional mean of the “artificial” poverty variable directly. An alternative is to 

conduct the analysis in two steps: first one estimates the conditional income 

distribution, and then computes the conditional mean of poverty from there. The effect 

of the covariates on poverty can be analysed by discretely varying X  and comparing the 

predicted conditional poverty values.

The most appealing way to estimate a conditional income distribution may be a kernel 

regression of X  on y, as a kernel does not place restrictions on the shape of the density 

function. In practice, however, this is infeasible when one wants to include a larger 

number of covariates. A feasible option is to fit the Gallant and Nychka (1987) semi- 

nonparametric conditional density, an approach that has been advocated by Pudney 

(1999). In this case, the density is specified as a normal multiplied by a suitably chosen 

polynomial:

(3 .5) = where h{s)= ^a^s^(j){s)
(T(%) t=o

H(X) and o(X) are the first two moments of the distribution that determine its location 

and scale, and that may vary with the covariates. Implementing (3.5) requires specifying 

parametric forms for //(Zj and g(X) (usually linear or log-linear), and estimating //, a, 

and the cr-coefficients from the data. The order of the polynomial k is chosen by
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selection techniques such as goodness-of-fit statistics or asymptotic likelihood tests. 

Note that the higher moments of the distribution are assumed to be independent of X.

An Alternative Technique

The biggest disadvantage of Pudney’s technique is the considerable computational 

effort needed to implement it. It goes far beyond the requirements for the tobit-type 

estimators that have been discussed in the previous section.

This chapter’s main objective is to show that these complications can be avoided. It will 

outline a consistent estimator of similar generality, which, however, is comparatively 

simple, as it is based only on standard linear regression techniques and a summing-up 

procedure, exploiting some properties of ordinary least squares (OLS). The technique 

should therefore be well within reach of practitioners who do not want to spend too 

much time on technical hitches.

The Basic Model

Starting point is a standard log-income regression

(3.6) logy. =P' X.  +u. ,

where Z, is a vector of individual or household characteristics, and

(3.7) M. ~ iid .

(3.6) and (3.7) form a simple model of the conditional log-income distribution:^^ the 

distribution’s first moment is a linear function of the covariates, and all higher moments 

are independent from X.  Because of (3.7), OLS estimates the coefficient vector ^  

consistently. Moreover, as demonstrated in Theil (1971, p. 378 ), it is true that for each 

OLS disturbance

Income, earnings, and consumption are often found to be roughly log-normally distributed (see above), 
suggesting a log-normal specification. Furthermore, as will be shown in the applied section, the 
conditional poverty estimator takes a particularly simple form if  a log-linear specification is combined 
with the Watts poverty index. However, the following could of course be generalised to continuous 
income transformations other than the log.
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(3.8) w. = lo g } ;.-y § 'X ,,

(3.9) p\ïm {û- - U - )  = 0 V i=l,...,A^as N —> <50 .

Thus, if the true disturbances m. have a limiting distribution, the û. also have a limiting

distribution, and both limiting distributions are identical (for a proof, see, e.g., Rao

(1965, p. 101); formally,

(3.10) w , u. V /= l,...,iV as AT->oo,

where d denotes “convergence in distribution”.

Next, consider the log-income distribution conditional on a specific characteristics 

vector X j. Under assumptions (3.6) and (3.7), its mean is consistently predicted by

p 'X ^. As the disturbances are independent from the covariates by (3.7) and the 

covariate vector X, is fixed by construction, it follows from (3.10) and the Slutzky 

theorem that

(3.11) y^'Xj-HWy—-— SiS N — ><50.

The limiting distribution of y ’̂X, +u-,  however, is, under the above assumptions, the 

distribution of log-income conditional on X , . A consistent estimate of poverty 

conditional on X, is obtained by plugging (3.11) into the poverty index (3.1):

(3.12) ZI , ) = ^  X  F, (exp(;â' Z , +«,-), z)* 7(exp(y8' Z , + «, ) < z ) .

The effect of specific covariates on poverty can be analysed by suitably varying the set 

of characteristics from X, to and comparing f ( y ;z lX J  with ^ (y iz lX ^ ).

Figure (3.1) on page 114 illustrates how equation (3.12) works. (3.6) predicts the mean 

of log-income conditional on X ,. Adding the regression residuals provides an estimate 

of the conditional density. Consequently, the area that is both underneath the
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conditional density and left of the poverty line estimates the headcount ratio conditional 

on X j. More elaborate poverty measures require weighing the density with the 

deprivation function F. Changing the characteristics vector from X, to X^ shifts the 

conditional mean and, with it, the entire conditional distribution. As a consequence, the 

area underneath the poverty line changes, and with it predicted conditional poverty.^^

Heteroscedasticity

The above model is rather restrictive, as the iid assumption imposes that only the mean 

of the log-income distribution depends on X. Other aspects of the distribution may vary 

with the covariates too, however. As an example, consider the case where (log) income 

dispersion is positively correlated with a dummy covariate D. Switching D  on (setting it 

from zero to one) has, therefore, two effects. First, it shifts the conditional mean of log 

income as in figure 3.1. But in addition, it increases the dispersion of the distribution, 

which may be interpreted as an increase of income risk. As illustrated in figure 3.2, this 

in turn increases the fraction of the distribution below the poverty line, and therefore 

poverty. Neglecting this effect will underestimate the poverty risk associated with D= 1.

The iid assumption can be relaxed, however, by employing a standard control for 

heteroscedasticity. Suppose

(3.13) Var(Uj) = a f { X j )  = <7^*co{X.),  i= l,...,N \ ^ c o - = N .

It is well known that OLS estimates the p  coefficient vector consistently also under

(3.13). Moreover, (3.10) holds under heteroscedasticity, too (see Harvey (1976)). 

Adding the OLS residuals on to the conditional mean as before, however, will not  

consistently estimate the conditional log-income distribution in this setting, as this 

ignores that the disturbances’ expected deviation from the mean changes with the

63 Inserting (3.8) gives P'X^ +w, = log y, P \ X -  - X , ) .  Hence, (3.12) can be rewritten as 

1 ^(3.12)’ F ( y ; z l X , ) =  -^5^F(exp(log>', + F ’(X. -X ,)),z )* /(ex p (lo g y ^  + P \ X .  - X , ) ) < z ) ,
N i=j

which gets rid of the regression residuals. Thus, the estimated conditional log-income distribution -  and 
therefore predicted poverty -  is based on an N-time average of a transformation of the observed log- 
income distribution, where incomes are manipulated according to the weighed distance between the 
observed characteristics X- and the fixed characteristics X ,. The OLS coefficients serve as weights. 1 
am grateful to Stephen Jenkins and John Ermisch for this observation.
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covariates. In other words, the disturbances’ expected deviation conditional on may 

deviate from the unconditional standard deviation. Taking this into account requires 

adjusting the residual distribution as

Adding (3.14) to the conditional mean and inserting (3.13) gives

(3.15) f i ’X^ +Ui * ^ û ) ( X , ) ,  1=1.......N,

whose limiting distribution is the log-income distribution conditional on Xj 

(homoscedasticity is, obviously, the special case where û)=\).

Hence, in addition to P  and the w., predicting the conditional income distribution 

requires a consistent estimate of Cû{X), the dispersion factor. It expands the residual 

distribution if ûJ(X, ) > 1 (as in figure 3.2), and contracts it if ûJ(X, ) < 1.

Cù{X) can be obtained from the OLS residuals if one is prepared to assume that the 

disturbances’ variance relates to the covariates as

(3.16) <rf(X,) = A'X,.

Then, forming the regression equation

(3.17) wf = erf + f .  with £-~iid,

and replacing uf by its estimate u f gives

(3.18) û f = X ' X . + v . ,  with v . = £ . + i û f - u f ) ,
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which can be estimated by OLS. As shown by Amemyia (1979 and 1985, p. 203), V- 

has non-zero mean and is correlated across observations in finite samples, but both 

difficulties disappear as A -̂^oo. Hence, in large samples, Â ’X-  consistently predicts

(jf ( X . ) T h e  dispersion factor conditional on a specific characteristics vector X, 

can then be estimated as

Inserting û )(X ,), p  and the û. into (3.15) gives

(3.20) y S 'X ,+ « .* V ^ (5 7 ), 1=1......N,

which, again by the Slutzky theorem, converges in distribution to (3.15). Hence a 

consistent estimate of conditional poverty is given by

(3.21) f ( y ;z lX ,)

= ^Xl=;(exp(/9'X, +«, *V 5w ),z)* /(exp (,8 'X , +«, *Va)(X,)) < z).“
A ,= i

Dependency o f the Higher Moments on X

For (3.21), the first two moments of the conditional log-income distribution are allowed 

to depend on X. The higher moments are assumed to be constant. Note that this matches 

the level of generality of Pudney’s estimator. Things become more complicated if one 

wants to allow the higher moments to depend on X as well, as there is no

^ While a full iterative maximum likelihood estimator could also be implemented, it carries no advantage 
in the absence of normality of u (see again Amemyia 1985)

Amongst the commonly used specifications for heteroscedasticity, linearity in the variance is the only 
one applicable here. Other specifications, such as log-linearity in the variance or linearity in the standard 
deviation, are consistent up to a (additive or multiplicative) constant whose value depends on the 
distribution of u (see Harvey 1974 and 1976). Since this distribution is unknown, consistent predictions 
for are infeasible. However, the linear specification is not as restrictive as it may perhaps seem, as 
non-linearities can be incorporated by including cross terms and higher-order polynomials into the 
covariate vector. A potential blemish, however, is that (3.18) may predict negative variances. One can, of 
course, include different covariates in (3.6) and (3.18).

(3.21) may be rewritten using *^co{X^) = = log y  + y5’(x, - X .  *fco(X^))  to get
lid of the residuals. The interpretation is less straightforward than in the homoscedastic case, however.
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straightforward transformation of the residual distribution that would address this case. 

Nevertheless, it may sometimes be necessary to let the higher moments vary: suppose 

that switching on a dummy D is associated with a wobble in the distribution’s left-hand 

tail, in addition to changing the mean and the dispersion. This will likely affect 

expected poverty, and, if it is ignored, the estimate will be inconsistent.

With a large sample at hand, however, one may be able to address this phenomenon too, 

at least up to a certain degree. Suppose that the population falls into two groups, with 

D=1 for individuals i= l,...K\ and Z)=0 for individuals i=K-\-\,...,N. For individuals 

with D = \, the conditional income distribution differs from individuals with Z)=0 in 

ways that are not captured by the mean and the variance. The core idea is then to 

estimate and evaluate the densities of these two groups separately.

Formally, rewrite X  = { D , X ^ ) , p  = , and À = (/c,À^),  where X ^  is the

covariate matrix except for the dummy characteristic D, and and are the 

respective parameter vectors of the mean and dispersion equations, except for the 

dummy regression parameters S  and k. Then the model equations (3.6) and (3.16) can 

equivalently be rewritten as

(3.22) y i,D=l ~ ^  ^  ^ i,D=\ ^ i ,D = \ i= l,...,K ,

logy ,,D = o= ^° '^°fe0 + “ /,0=0 for i= K + l,...,N

for the conditional mean, and

(3.23) 0-'c=i =*■+■^'’ ’̂ “0=1 for i= l , . . .X

0-,-£.=o=^'’’^°£.=o for !=A:+1 N

for the conditional variance. The difference, however, is that we allow m. and m, £,=0 

to follow different distributions over and above differences in the first two moments.

(3.22) and (3.23) are estimated as before. For the specific covariate combinations 

(D = I, X P )  and (D = 0 , X P ) , respectively, one calculates
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A I ' Y ^
(3.24) é ,(D  = l X ^ )  = -----   ' from 1=1......K, and

«?'D=l

PiP ' y  ^
ft)o(Z) = 0,X ,° )=   I from :=Æ +l......N.

D=0

Then, for the same arguments as above,

(3.25) S + P ^ ' X ^  + » ,„ ,, * ^ ^ ^ - ^ S  + P '> 'X °

as and

i—K + \,...,N , 2iS {N-K)—̂oo,

whose limiting distributions are the log-income distribution conditional on (Z) = 1,X,^) 

and on {D = 0 , X ^ ) . Predicted poverty is thus evaluated as

(3.26) f (y ;  z I (D = l, =

- i |; f ; ( e x p ( ,y  + y§'X“ * ^ X z ) * l ( p x p ( S  + P 'X ,‘’ * ^ X z ) ,
A ; = ]

for D=l, and

(3.27) P ( y ; z \ i D  = 0,X, ^)  =

= 7 7 7 ^  XT'(exp(yS'X® *V^),z)*/(exp(y9'X,'’ * ^ )  < z)
{1\ K) i=K+]

for D=0, with the effect of D on poverty being 

P( y; z lD  = I , X“) - n > - ; z l Z )  = 0 , X ° ) .

Rather than being zero or one, D  can also be fixed at some value 0<6<\. Predicted 

poverty conditional on {D = 6 , X ^ )  is then a mix of (3.26) and (3.27):
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(3.28) P ( y , z \ ( D  = e ,X^)  =

= (exp(^0 + P ' X °  + M,o., *4 ^ ),z)*l(p\p{S9 + P ' X °  + Mj0=1 *4 ^ )  < z)-
(=1

N

+ /I + +»,.D=0 + +"i.B=0 *V )̂ < z)
( A '  i=K+]

where

IkV? 4- 2 '̂ y  ̂
(3.29) œ ,,(D  = 9 , X , ^ ) =  and

“ Li

D = 0

(3.28) can apply under various circumstances. First, D may be deliberately fixed at 

some value between 0 and 1, reflecting a probability 6  of belonging to the group with 

D=l. Second, D may be fixed at the population mean. This requires an estimate for 0,

the obvious choice being the sample frequency of D = l, 6 = K / N  . A  third case is best 

illustrated with an example. Suppose, first, that the objective is to analyse the effect of 

age on poverty, and, second, that for household with children (Z)=l) the conditional 

income distribution differs from the one for households without children (Z)=0). It may 

seem natural to let the incidence of children vary with age. Then, 0  is the probability of 

having children conditional on belonging to a specific age group. There are various 

ways how ^m ay be estimated: if the sample contains enough observations for every age 

group, it may be estimated by the subsample share of households with children per age 

group. Otherwise, a binary response model can be employed to obtain an estimate 6 .

Some remarks are in order. (3.25) illustrates that splitting distributions as above 

increases the requirements on the sample size: both K  and (N-K) need to be large 

enough to ensure consistency of the respective poverty prediction. If sample size is not 

an issue, however, the above technique can be generalised in several ways. First, one 

can split the population into more than two subgroups. Second, one can relax the 

restriction(s) and/or , thus allowing the covariates to
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determine also the dispersion and/or the mean for both subgroups in different ways.^^ 

This, however, amounts to fitting separate statistical models for each subgroup, rather 

than just extending the basic model toward allowing for dependency of the higher 

moments on X.

Statistical Inference

Often, one may not only be interested in point estimates of poverty but also in their 

distribution, in particular when comparing predicted poverty from different covariate 

combinations. Working out the asymptotic distribution of the above conditional poverty 

estimates is not straightforward, however, as the indicator function introduces a 

nondifferentiable element into the calculation. All standard errors in the applied section 

are therefore calculated by bootstrapping the respective point estimate (or difference in 

point estimates). The clustering of incomes at the household level is, as in the previous 

chapters, accounted for by redrawing households rather than individuals.

Goodness o f Fit

In principle, it would be straightforward to construct a goodness-of-fit measure from the 

actual and predicted poverty values. This is computationally expensive, however, as it 

requires poverty predictions for every covariate combination in the sample. Moreover, 

and more importantly, as (3.18) may predict negative variances for extreme covariate 

combinations, evaluating (3.21) and (3.28) may, for some observations, be impossible. 

Thus, no such attempt is made in the applied section of this chapter.

Evaluating the Residual vs. the Fitted Distribution

Finally, it would like to underscore what I consider the main difference between 

Pudney’s technique and the method suggested here. The Gallant-Nychka semi- 

nonparametric density estimator (which Pudney advocates) had originally been 

designed as a flexible alternative to the tobit model, and hence for cases in which the 

distribution of the dependent variable is incompletely observed. This requires imputing 

the distribution by specifying and fitting an explicit parametric form of its density. For

Relaxing both is the residual distribution equivalent of Pudney's (1999) mixing of distributions.
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the analysis of poverty, the log-income distribution is typically fully observed, however, 

which renders its -  computationally expensive -  imputation unnecessary.

3.3 An Application: The Conditional Poverty Structure in West 

Germany, 1991-1995

Data and Specification Issues

This section uses the above model to analyse West Germany’s conditional poverty 

structure during the early nineties. Disposable household income is constructed as in 

chapters 1 and 2. Where not indicated otherwise, I use the Watts poverty measure and 

draw the poverty line at the 20̂  ̂percentile of West Germany’s 1989 income distribution 

(as in chapter 2). I restrict the sample to West Germany, however, exclude foreigners, 

and individuals younger than 30 or older than 60. Observations were also dropped 

where monthly disposable household income is implausibly low, that is less than 180 

DM (~US$ 90). These restrictions mean to ensure that the household income 

distribution is mostly determined by market incomes and complementary 

unemployment/social assistance schemes, and thus to exclude the most drastic cases 

where the higher moments can vary with the covariates.^* Estimates based on one single 

cross section tended to be imprecise. Therefore, I pooled observations across the waves 

covering 1991 to 1995. This results in 15994 observations from 4093 individuals, who, 

over the years, lived in 9775 different households.

The statistical model is based on the mean- and dispersion-equations

(3.30) log % = + u„ and

(3.31) ctI = X ' X , .

(3.30) and (3.31) were estimated by OLS. For reasons explained further below, no 

attempt was made to control for individual-specific effects. Moreover, the basic

One may, for example, perceive that pensions are generated by a different process than earnings. 
Hence, the density of the pension income distribution may differ from the density of the household 
earnings distribution over and above differences in the first two moments.
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specification does not control for possible correlation of the covariates with the 

distribution’s higher moments. Combining the log linear specification (3.30) with the 

Watts measure gives a particularly convenient form for (3.21)

(3.32) f ( y ; z l X J  =

= ^ ' Z { o g z - 0 ' X , - a , * l i p ' X , +  «, *^ âK X, )  < logz).*’

X  includes controls for household labour market status, household composition, gender, 

education, and age. In view of the relative constancy of poverty patterns from 1991 to 

1995,1 accounted for business cycle effects on poverty just by including year dummies.

Individual labour market status has two dimensions, unemployment and (observed) 

labour supply. To keep the model tractable, I let observed individual labour supply take 

a value of 1 if an individual works full time, and 0.5 if she works part time. I distinguish 

between the labour market status of the household head and the status of other (adult) 

household members. The latter are aggregated into one single status variable. To control 

for household composition, I include a count for both the number of adults and the 

number of children in the household, plus dummies for the household type: single, lone 

parent, couple without children, couple with children, and three dummies for 

households that do not fall into any of these categories (lone parents with adult children, 

three-generation households, and other household types).

As the p  and X coefficients are of no direct interest themselves (at least as regards the 

analysis of poverty), I include squares for all covariates that can take more than two 

values, as well as a large number of interaction t e r m s .T h e  idea is to keep the 

underlying model highly flexible, so as to avoid that biased poverty estimates are 

obtained as a result of imposing an unnecessarily restrictive functional form.

Estimating (3.30) by OLS gives the residual distribution displayed in figure 3.3. For 

comparison, a normal density with identical variance is depicted as well. The third 

moment of the residual distribution is -0.034 (compared with 0 for the normal), the 

fourth moment 6.449 (compared with 3). In particular the latter causes the distribution

The time subscript is dropped to keep the notation consistent with the previous section.
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to fail standard tests for normality based on the third and forth moments, such as 

D’Agostino et al. (1990). Tobit-type estimators that rely on the normality assumption 

are therefore inadequate even for the Watts measure. Note that they are likely to 

understate poverty, as they concentrate too little weight into the distributions’ left tail.

Evaluating the Model

I evaluate the model by discretely varying the variable of interest and fixing the other 

covariates at their respective sample means.^* As the absolute sizes of the predicted 

poverty values have no interpretation, I normalise them by dividing over predicted 

poverty of an individual with sample mean characteristics.^" Poverty predictions larger 

than one thus indicate above-average poverty risk, and vice versa.

I0)
Û

1

0 -

-2 1 0 1 2
Residuals

Figure 3 .3: The Residual and the Normal Density

See appendix 3.A for the preferred specification.
This mimics the standard interpretation of a mean regression model. It also seems the most natural 

approach to take if one wants to consider the effect of specific covariates in isolation. An alternative - 
which I did not pursue here - is comparing poverty estimates for well-defined reference cases (say, lone 
mother with one child / working full time vs. lone mother with one child / not working).

The predicted Watts-index at average characteristics is 0.0147, while the sample average of the Watts 
index is almost twice as large at 0.0278. This is a consequence of the model design. First, for (3.30), 
predicted poverty at average characteristics equals predicted poverty at the mean of log income. Second, 
the Watts index is a (weakly) concave transformation of log income. It follows from Jensen’s inequality 
that P ( X ) < P  .
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Labour Status Variables

When evaluating the impact of labour market status on poverty, one has to keep in mind 

that labour supply and unemployment cannot vary independently, as an unemployed 

individual cannot be observed supplying labour, and an employed individual cannot be 

unemployed. The effect of labour supply is therefore best analysed conditional on 

unemployment being zero, and vice versa.

Table 3.1 reports estimates of poverty conditional on the labour market status of the 

household head. When the head does not work, predicted poverty is more than three 

times higher compared to when he works full time. Part-time employment takes an 

intermediate position, although it is closer to full-time employment than to 

nonemployment. It makes a significant difference, however, whether the household 

head does not work because he does not supply labour or because he is unemployed: in 

the latter case, predicted poverty is more than twice as high. Comparing the 

heteroscedasticity-adjusted model with the simple (but inadequate) conditional mean 

model reveals that unemployment of the head is associated with both higher income risk 

and lower income. In table 3.2, the labour market status of household members other 

than the head is varied.^^ The pattern is broadly similar as for heads, although it is less 

pronounced. An eye-catching difference, however, is that the formal unemployment 

status of non-heads is not associated with additional poverty, on top of the risk from not 

working.

Table 3.3 shows how interactions of the labour market status of different household 

members relate to poverty, on the example of a two-adult household. The head works 

either full time or is unemployed, while the partner works either full-time or part-time 

not at all. An unemployed head with a not working partner is associated with an 

immense poverty risk; conversely, poverty risk is minimised when both work full time. 

Moving from the bottom left cell to the top right cell describes the effect of an “added 

worker”: in one household (upper row) the head works full time, in the other (lower 

row) he is unemployed. If in both cases the second adult does not work, predicted 

poverty is 11 times higher in the unemployed household. If the partner of the 

unemployed works full time, the differential is just 80 percent.

The employment status of one other household member is varied, while the statuses of the remaining 
members are fixed at the sample mean.
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Table 3.1: Poverty Risk and Employment of the Household Head

No Control for 
Heteroscedasticity

Control for 
Heteroscedasticity

Difference

Head Working Full 0.790 0.739
Time (0.062) (0.063)

0.616
Head Working Part 1.303 1.355 (0.071)
Time (0.078) (0.095)

1.156
Head Not Working 2.247 2.511 (0.152)

(0.147) (0.244)
3.179

Head 4.293 5.691 (0.705)
Unemployed (0.467) (0.671)

Bootstrapped standard errors based on 500 replications in parentheses.

Table 3.2: Poverty Risk and the Employment Status of Other 
Household Members

No Control for 
Heteroscedasticity

Control for 
Heteroscedasticity

Difference

Working Full Time 0.638 0.525
(0.058) (0.068)

0.427
Working Part Time 1.021 0.952 (0.032)

(0.070) (0.072)
0.795

Not Working 1.702 1.747 (0.070)
(0.088) (0.100)

-0.035
Unemployed 1.606 1.712 (0.253)

(0.148) (0.242)

Bootstrapped standard errors based on 500 replications in parentheses.

Table 3.3: Added Workers and Poverty

Household Head... Does not Work

Partner... 

Works Part Time Works Full Time

Unemployed 12.481 5.580 2.059
(1.219) (0.706) (0.533)

Works Full Time 1.142 0.606 0.321
(0.091) (0.061) (0.054)

Bootstrapped standard errors based on 500 replications in parentheses.
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Household Composition

Table 3.4 shows how poverty relates to the number of adults per h o u s e h o ld .I t  is 

instructive to perform the analysis separately for households with and without children. 

In both cases, the poverty profile is V shaped, with predicted poverty being minimised 

with two adults. For households with children, however, moving from one to two adults 

more than halves expected poverty, while moving from two to three adults is associated 

with a small and insignificant poverty increase only. This relationship is the opposite for 

childless households.

Table 3.5 focuses on the link between poverty and children. The model is evaluated 

separately for one- and two-adult households. As column 1 shows, children quadruple 

the poverty risk for one-adult households (there are too few observations to perform 

separate analyses for different numbers of children). For two-adult households, one 

child, as opposed to no children, doubles expected poverty; and additional children raise 

the poverty risk even more.

An issue that has found the interest of both researchers and policymakers is to what 

extend children prevent adults from working, and in how far this feeds into poverty. In 

column two of table 3.5, observed labour supply varies - as the only variable - with the 

number of children. Hence, the difference between columns one and two show by much 

poverty increases because adults with children are less likely to work.

For lone parents, this effect is considerable. Their average labour market participation 

index is 0.57, while it is 0.86 for singles. This difference raises lone parents’ expected 

poverty by another 30 percent compared to singles. For two adult households, the effect 

is smaller but present nevertheless. The employment reduction associated with one child 

increases poverty by 5 percent relative to childless couples. For two children and more 

than two children, the effect is 21 percent and 25 percent respectively.

Column 3, finally, lets all other characteristics vary with the number of children, 

showing that in particular lone parents have other (observed) characteristics that are 

associated with poverty.

For logical coherency, one needs to vary the household-type dummies with the number of adults.
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Education, Gender and Age

Table 3.6 shows that gender as such, i.e. when all other characteristics are held constant, 

is not associated with poverty in a significant manner. Once all other characteristics 

vary with sex, however, expected poverty is almost 50 percent higher for women than it 

is for men.^^ When the differential is decomposed in a similar manner as for the analysis 

of household composition, this shows that differences in years of education (which are 

12 years on average for men, but 11.3 for women) explain almost half of the poverty 

differential. The other half is mostly accounted for by the fact that women live more 

frequently in lone parent households.

A major factor in determining poverty is education. Completing basic school (nine 

years of education) more than halves expected poverty compared to not completing 

(seven years); an additional apprenticeship (twelve years) halves the poverty risk again. 

Remarkably, individuals without a school degree tend to be also exposed to many other 

poverty risks, such as unemployment and lone-parenthood.

Finally, table 3.8 displays the age profile of poverty. I find that individuals in their early 

thirties face a (slightly) above average poverty risk. Fixing all characteristics except age 

(as in column one) is somewhat artificial, however, as, up to a point, household 

composition varies naturally with age. Hence, in column two, the number of both adults 

and children as well as the household type dummies vary with age. This modification 

shifts the poverty risk towards the late thirties. As figure 3.4 illustrates, the reason for 

this is that at this age more children live in the household. The fully unconditional 

evaluation points to higher poverty risks of elderly individuals. Again, most of this 

variation is accounted for by one single factor: the unemployment risk of the household 

head increases drastically after the age of fifty.

These numbers differ from the poverty intensities reported in table 2.1. This is mainly for two reasons. 
First, the gender poverty differential for prime-age individuals is larger than for pensioners and, in 
particular, for children; both of which are excluded from the sample. Poverty intensities in this sample are 
0.872 (men) and 1.127 (women), respectively. Second, there seem to be unobserved characteristics 
making women less prone to poverty.
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Table 3.4: Poverty Risk and Number of Adults

No Children Children

One Adult 0.765 3.267
(0.091) (0.482)

Two Adults 0.542 1.422
(0.064) (0.102)

Three Adults 1.074 1.699
(0.152) (0.175)

Bootstrapped standard errors based on 500 replications in parentheses

Table 3.5: Poverty Risk and Children

Conditional Conditional except 
for Household 
Labour Supply

Unconditional 
(Predicted Poverty)

One Adult 
Household

No Children 0.824 0.769 0.731
(0.095) (0.089) (0.132)

Children 3J67 4.892 5.875
(0.525) (0.665) (0.801)

Two Adults 
Household

No Children 0.428 0.372 0.369
(0.053) (0.048) (0.057)

One Child 1.078 0.985 1.096
(0.120) (0.116) (0.131)

Two Children 1.547 1.630 1.670
(0.123) (0.123) (0.140)

Three or more 1.990 2.169 2.120
Children (0.234) (0.233) (0.249)

Bootstrapped standard errors based on 500 replications in parentheses
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3.6 Poverty Risk and Gender

Conditional Conditional Except 
for Education

Unconditional 
(Predicted Poverty)

Male 0.966 0.894 0.814
(0.071) (0.068) (0.065)

Female 1.031 1.111 1.213
(0.070) (0.074) (0.077)

Bootstrapped standard errors based on 500 replications in parentheses

Table 3.7: Poverty Risk and Years of Education

Conditional Unconditional

Seven 4.325 11.155
(0.867) (1.757)

Nine 1.953 2.186
(0.191) (0.200)

Twelve 0.911 0.966
(0.070) (0.077)

Eighteen 0.338 0.326
(0.048) (0.047)

Bootstrapped standard errors based on 500 replications in parentheses

Table 3.8: Poverty Risk and Age

Conditional Conditional Except 
for Household 
Composition

Unconditional 
(Predicted Poverty)

30 1.563 1.108 1.173
(0.161) (0.134) (0.139)

35 1.192 1.334 1.204
(0.087) (0.097) (0.103)

40 0.995 1.290 1.110
(0.076) (0.099) (0.092)

45 0.889 0.977 0.894
(0.070) (0.077) (0.086)

50 0.840 0.820 0.753
(0.064) (0.062) (0.081)

55 0.837 0.741 0.915
(0.077) (0.068) (0.099)

60 0.883 0.730 1.617
(0.144) (0.119) (0.205)

Bootstrapped standard errors based on 500 replications in parentheses
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Robustness Check 1: How Important are the Higher Moments?

The scope for computing group-specific conditional income distributions is restricted by 

the sample size. Reasoning a priori about binomial characteristics to split the sample, an 

appealing choice might be individuals who live in households affected by 

unemployment and where no one is working. Most of their household income should 

stem from unemployment insurance/social assistance schemes rather than labour market 

earnings. Consequently, the density of their income distribution may differ from the rest 

of the population. With about 400 observations, however, this group is too small for a 

reliable evaluation of its conditional density.

Thus, I searched instead for a characteristic that splits the sample into two groups of 

roughly equal size which, by visual inspection and comparison of the third and fourth 

moments, have relatively different residual densities. I settled for the existence of 

employed household members other than the household head. This applies for 58 

percent of the sample, while in the other 42 percent no other household member works. 

Both groups’ residual densities (normalised for mean and dispersion) are displayed in 

figure 3.6. While they sizeably deviate from one another around the mean, this is not 

too important, as observations around the mean are unlikely to fall below the poverty 

line and do therefore not enter the calculation of conditional poverty. Crucial, however, 

is the distribution’s left-hand tail. There, one observes some wobbles that are not 

conunon to both densities. Also, the density of the group of households with other 

members working has thicker tails.

I use added workers to test the impact of different densities on conditional poverty. 

Note that here the group-separating dummy D  fully enters the calculation: it is either 

switched on (there is an added worker) or off (there is none). Hence, if the densities 

differ with respect to this dummy, it is here where we should see the strongest impact 

on the estimates. First, however, one needs to reestimate the model, as the dummy has 

so far not been included explicitly. As the second column of table 3.9 shows, this 

reproduces the previous results almost exactly, which, for comparison, are once more 

displayed in column 1.
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In the third column, the density varies with the existence of working non-head 

household members. The results slightly deviate from column 2, with no general pattern 

in the deviations. It seems that by fixing the higher moments (column 2), one 

overestimates somewhat the effect of non-head employment on poverty, in particular 

when the household head works full time. Hence, the original estimates may give an a 

bit too optimistic picture of the poverty-alleviating impact of added workers. These 

deviations do by now means change the substance of the results, however. In this light, I 

cautiously conclude that, at least here, the bias from assuming constancy of the 

distribution’s higher moments is small. Consequently, inferring the conditional 

distribution by simply parameterising the mean and the variance gives an approximation 

of acceptable quality.

Robustness Check 2: Fixed Effects Specification

As mentioned above, the analysis has thus far not controlled for unobserved individual 

characteristics. This affects the interpretation of the estimates: if unobserved and

I repeated this exercise for other sample splitting dummies, such as the existence of children in the 
household. The differences are even smaller.
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observed characteristics are correlated, the coefficients of the mean- and dispersion- 

equation will also pick up a part of the effect of unobserved characteristics. 

Consequently, one can only speak of the conditional correlation of poverty with 

characteristics, not about causal relationships. To put it differently, in the above, the 

conditional poverty risk of, say, unemployment is conditional on the unobserved 

characteristics of the unemployed, and the effect of employment is conditional on the 

unobserved characteristics of the employed. The effect of moving from unemployment 

to employment can, therefore, not be determined.

In principle, one could control for unobserved characteristics by including fixed (time- 

invariant) individual effects (FE) into the regression equations. The problem is that this 

may create endogeneity. Effectively fixed effect regresses (here displayed for the mean 

equation only)

(3.15) logy,., -  logy, =J3\X. ,  - X . )  + ( u . , - u . ) .

where log y , , for example, denotes the time average of individual log income (see, e.g., 

Greene 1998, p. 619 f.). Hence, the estimates will be consistent only if a shock on 

income in 1991 does not feed back into the explanatory variables until f=1995.

Otherwise, the shock affects X, , and hence the error term is correlated with the

covariates, leading to biased estimates. Especially for variables like household labour 

supply or even household composition, this possibility cannot be ruled out. The 

following results should hence be interpreted with caution.^^

I use once more added workers to illustrate the impact of unobserved characteristics. As 

the final column of table 3.9 reports, the poverty risk associated with “partner does not 

work - head unemployed” is almost halved when fixed effects are included. This is, in 

principle, what one should expect: if unemployment and/or nonemployment of the 

second adult is positively correlated with unobserved characteristics, and if these 

unobserved characteristics tend to increase poverty, the OLS coefficient should be 

driven upwards. What may surprise nevertheless is the magnitude of this effect.

Instrumenting the potentially endogenous variables is not a feasible option because there are simply too 
many of them.
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Table 3.9: Econometric Modifications

Basic 
Specification 
(=Table 3.3)

Standard 
Specification, 
Inclusion of D

Dummy 
Control for 

Higher 
Moments

Fixed Effects 
Specification

Partner does not work 
(D=0)
Head unemployed 12.481 12.667 12.914 6.504

(1.219) (1.224) (1.265) (0.959)
Head works full time 1.142 1.184 0.964 1.072

(0.091) (0.092) (0.097) (0.177)

Partner works (D=l) 

Head unemployed 2.059 2.092 2.270 1.588
(0.533) (0.532) (0.532) (0.546)

Head works full time 0.321 0.338 0.456 0.321
(0.054) (0.060) (0.081) (0.093)

Bootstrapped standard errors based on 500 replications in parentheses

Similar patterns (albeit of typically smaller magnitude) are found for most of the other 

poverty risks that were analysed above. This implies that individuals with observed 

poverty-increasing characteristics are also poor because of additional poverty-increasing 

characteristics that are not observed.

Robustness Checks 3: Poverty Measurement Issues

Three more or less deliberate choices need to be made in any applied study of poverty: 

the choice of the poverty measure, the choice of the poverty line, and the choice of the 

equivalence scales. I will address all three in turn and test the impact of different 

choices on the conditional poverty structure.

Choice o f the Poverty Measure

All analysis thus far has been based on the Watts poverty index. Table 3.10 also reports 

estimates for the Poverty Gap and the FGT(2) index. As explained in chapter 1, the 

Poverty Gap gives less and the FGT(2) more weight to extreme poverty than the Watts 

index. Consequently, if poverty predictions based on, say, the FGT(2) index are higher

133



than those based on the Watts index or the poverty gap, the determining characteristic is 

associated with “deep” poverty.

In this application, the choice of the poverty measure makes little difference. The 

largest differences are observed for education. Little education appears not to be a deep 

poverty risk. A similar result is found with respect to the existence of children in the 

household. In neither case, however, does the choice of the poverty measure 

substantially modify the poverty pattern.

Choice o f the Poverty Line

The poverty line used so far has been the 20^ percentile of the 1989 West German 

income distribution. With this line, 11.5 percent of the individuals in the sample are 

poor, a larger share than in many other poverty studies. Column 4 of table 3.10 

therefore adds poverty estimates based on the 10th percentile of the 1989 income 

distribution, which classifies only 5.2 percent of the sample as poor.

Again the results do not change qualitatively; they deviate from the basic specification 

in the same way as the FGT(2)-based estimates do. This is not surprising. The FGT(2) 

index weighs the bottom poor more heavily than the base specification. So does a 

stricter poverty line, by allocating zero weights to all incomes between the stricter and 

the less strict line. Note, however, that the standard errors increase. This is because with 

a stricter line the poverty predictions are calculated from fewer observations.

Choice o f the Equivalence Scales

Finally, I choose a different set of equivalence scales. The scales employed so far (type 

1 scales) give relatively much weight to the second adult and to children. I therefore 

apply another set (type 2 scales) that weights the head more heavily. Appendix 3.B lists 

the weights allocated by both scales to different household members.^*

As in chapter 1, moving from the first to the second set o f scales set two is achieved by setting the 
additive parameter of the Banks and Johnson (1994) scales from 0.6 to 0.5, and the exponential parameter 
from 0.8 to 0.7. Changing equivalence scales requires reestimating the model, while changing poverty 
lines and measures merely requires evaluating the same predicted conditional income distribution 
differently.
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Table 3.10 Varying Poverty Measurement

Varying the...

Basic
Specific.

Poverty Measure

Poverty FGT(2) 
Gap Measure

Poverty
Line

Low Line

Equivalent
Scales

Type 2 
Scales

Labour Market 
Status of the 
Household Head

Working Full Time 0.739 0.738 0.747 0.751 0.737
(0.063) (0.058) (0.080) (0.089) (0.061)

Working Part Time 1.355 1.362 1.334 1.327 1.358
(0.095) (0.086) (0.116) (0.129) (0.092)

Head Not Working 2.511 2.547 2.400 2.350 2.522
(0.147) (0.212) (0.325) (0.263) (0.220)

Head Unemployed 5.691 5.727 5.539 5.502 5.685
(0.671) (0.636) (0.762) (0.832) (0.655)

Labour Market 
Status of Further 
Household Members

Working Full Time 0.525 0.526 0.532 0.536 0.501
(0.068) (0.063) (0.074) (0.090) (0.068)

Working Part Time 0.956 0.956 0.945 0.940 0.910
(0.072) (0.072) (0.090) (0.101) (0.068)

Not Working 1.747 1.770 1.682 1.651 1.672
(0.100) (0.100) (0.118) (0.131) (0.095)

Unemployed 1.712 1.727 1.663 1.641 1.640
(0.242) (0.236) (0.252) (0.261) (0.231)

Number of Adults 
Households without 
Children 
One 0.765 0.729 0.836 0.876 1.097

(0.091) (0.081) (0.113) (0.126) (0.116)

Two 0.542 0.535 0.565 0.577 0.630
(0.064) (0.058) (0.078) (0.086) (0.068)

Three 1.074 1.070 1.081 1.087 1.082
(0.152) (0.072) (0.168) (0.180) (0.150)

79 Watts measure, moderate poverty line, type 1 equivalence scales.
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Table 3.10 (continued)

Basic
Specific.

Poverty
Gap

FGT(2)
Measure

Low Line Type 2 
Scales

Number of Adults 
Households with 
Children

One 3.267 3.305 3.136 3.084 3.024
(0.482) (0.473) (0.498) (0.519) (0.449)

Two 1.422 1.455 1.341 1.301 1.207
(0.102) (0.078) (0.112) (0.119) (0.089)

Three 1.699 1.756 1.577 1.482 1.297
(0.175) (0.173) (0.183) (0.189) (0.141)

Number of Children
One-Adult
Households

No Children 0.824 0.784 0.903 0.947 1.179
(0.095) (0.084) (0.116) (0.130) (0.121)

Children 3.767 3.813 3.614 3.553 3.623
(0.525) (0.517) (0.539) (0.562) (0.494)

Number of Children 
Two-Adult 
Households

No Children 0.428 0.424 0.444 0.454 0.499
(0.053) (0.049) (0.063) (0.069) (0.058)

One Child 1.078 1.086 1.060 1.052 1.061
(0.120) (0.116) (0.133) (0.142) (0.113)

Two Children 1.547 1.600 1.416 1.347 1.219
(0.123) (0.122) (0.130) (0.135) (0.102)

Three or more 1.990 2.099 1.716 1.572 1.266
Children (0.234) (0.239) (0.229) (0.221) (0.132)

Gender

Male 0.966 0.972 0.952 0.945 0.967
(0.071) (0.065) (0.089) (0.100) (0.069)

Female 1.031 1.024 1.044 1.053 1.029
(0.070) (0.063) (0.090) (0.101) (0.067)
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Table 3.10 (continued)

Basic
Specific.

Poverty
Gap

FGT(2)
Measure

Low Line Type 2 
Scales

Education

7 Years 4.325 4.654 3.494 3.033 4.425
(0.867) (0.870) (0.888) (0.905) (0.850)

9 Years 1.935 2.021 1.781 1.692 1.977
(0.191) (0.185) (0.207) (0.243) (0.185)

12 Years 0.911 0.902 0.931 0.941 0.908
(0.070) (0.063) (0.088) (0.098) (0.068)

18 Years 0.338 0.331 0.363 0.377 0.334
(0.048) (0.044) (0.061) (0.074) (0.047)

Age

30 1.563 1.593 1.483 1.443 1.572
(0.161) (0.154) (0.178) (0.189) (0.159)

40 0.995 0.989 1.008 1.012 0.866
(0.076) (0.068) (0.094) (0.106) (0.068)

50 0.840 0.834 0.856 0.863 0.838
(0.064) (0.057) (0.081) (0.091) (0.062)

60 0.883 0.895 0.857 0.842 0.887
(0.144) (0.139) (0.156) (0.165) (0.142)

Bootstrapped standard errors based on 500 replications in parentheses

The choice of the equivalence scales does significantly affect the poverty structure, in 

particular with respect to household composition. Type 2 scales emphasise in particular 

the poverty risk from living in a one-adult household. Children appear much less of a 

poverty risk, especially for-two adult households.

To summarise, the choices of the poverty line and the poverty measure do not 

significantly affect the results. This is not true for the choice of equivalence scales, 

however, which -  alongside the statistical specification of the model -  deserves some 

care.
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3.4. Summary and Conclusion

This chapter reviewed methods for inferring the conditional effect of individual or 

household characteristics on poverty, in particular tobit-type models, which were shown 

to be inadequate in many cases. I proposed an alternative that infers predicted poverty 

risk from the estimating the conditional income distribution. The method is both fairly 

general and flexible. Moreover, in terms of technical difficulty, it goes hardly beyond 

standard regression analysis and should therefore be widely applicable.

In terms of substantive results, the paper identifies unemployment of the household 

head as the major poverty risk in West Germany during the early nineties. Its impact 

can be strongly reduced when other household members are working. Furthermore, low 

education poses a large poverty risk, which, in addition, tends to come along with other 

poverty-increasing characteristics such as unemployment or lone parenthood. Children 

are associated with poverty in particular for one-adult households. They also have 

secondary effects on poverty as they prevent lone parents from working. Poverty risk is 

minimised in households with two adults, irrespective of whether children live in the 

household or not.

Strictly speaking, the possibility that observed and unobserved poverty-relevant 

characteristics could be correlated prevents drawing policy conclusions from these 

estimates. The importance of the household heads’ employment for poverty is 

confirmed when employing a fixed-effects specification, however (although these 

estimates should be interpreted with caution, as they may be affected by endogeneity). 

This would suggest concentrating employment programs on principal earners; which 

could, e.g., be achieved by conditioning in-work benefits on household income rather 

than individual earnings. Second, policy measures that encourage lone mothers to work 

can be expected to reduce poverty. Increasing educational levels also appears as a 

powerful anti poverty policy.

The choice of the equivalence scales affects the poverty structure that one finds, 

especially with respect to household composition. Placing too much emphasis on the 

choice of the poverty line or the poverty measure, however, may be “much ado about 

nothing”, since, at least in this study, these choices hardly affect the results.
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Appendix 3.A: The Underlying Linear Log-Income Model: Preferred 

Specification

N=15994 Mean Equation

Adj. R-Squared 0.419

Dispersion Equation

Adj. R-Squared 0.014

(1) Head of Household Unemployed -0.142 0.101
(0.046) (0.036)

(2) Unemployment of Further HH Members 0.070 0.037
(0.055) (0.043)

(3) Voluntary Labour Supply, Head 0.584 0.001
(0.027) (0.021)

(4) Voluntary Lab. Sup., Further HH 0.350 -0.073
Members (0.020) (0.016)

(5) (1)*(4) 0.153 -0.024
(0.029) (0.023)

(6) (1)*(3) 0.013 -0.038
(0.033) (0.025)

(7) (2)*(4) 0.075 -0.017
(0.035) (0.027)

(8) (l)*Number of Adults 0.039 -0.030
(0.022) (0.017)

(9) (2)*Number of Adults 0.034 •0.003
(0.019) (0.015)

(10) (1)* Number of Children 0.015 0.017
(0.018) (0.014)

(11) (2)*Number of Children 0.005 0.007
(0.016) (0.012)

(12) (3)*Number of Adults -0.142 -0.013
(0.011) (0.008)

(13) (3)*Number of Children -0.093 0.031
(0.020) (0.015)

(14) (3)*No. of Adults*No. of Children 0.037 -0.005
(0.081) (0.006)

(15) (4)*Number of Adults -0.042 0.019
(0.006) (0.004)

(16) (4)*Number of Children -0.006 0.048
(0.018) (0.014)

(17) (4)*No. of Adults*No. of Children -0.004 -0.015
(0.006) (0.005)

(18) Sex 0.031 0.015
(0.006) (0.004)

(19) Education 0.161 0.025
(0.011) (0.008)

(20) Education^2 -0.004 -0.001
(0.000) (0.000)

(21) Age 0.054 0.007
(0.004) (0.003)

(22) Age*2 -0.001 -0.000
(0.000) (0.000)

(23) Number of Adults -0.220 0.035
(0.034) (0.027)

(24) Number of Adults'^ 2 0.034 -0.003
(0.005) (0.004)

(25) Number of Children -0.118 0.052
(0.050) (0.039)
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(26) Number of Children^2 0.012 -0.015
(0.013) (0.010)

(27) Single -0.034 0.131
(0.049) (0.038)

(28) Lone Parent -0.539 0.144
(0.091) (0.071)

(29) (25)*(28) 0.250 -0.118
(0.094) (0.073)

(30) (26)*(28) -0.042 0.026
(0.020) (0.016)

(31) Couple Without Children 0.053 0.083
(0.038) (0.030)

(32) Couple With Children 0.004 0.102
(0.041) (0.032)

(33) (25)*(32) -0.069 -0.099
(0.053) (0.041)

(34) (26)*(32) 0.013 0.018
(0.014) (0.011)

(35) Further HH Type 1 -0.169 0.162
(0.040) (0.031)

(36) Further HH Type 2 -0.037 0.082
(0.034) (0.026)

(37) 1992 -0.009 0.001
(0.009) (0.007)

(38) 1993 0.007 0.004
(0.009) (0.007)

(39) 1994 0.003 0.013
(0.009) (0.007)

(40) 1995 0.011 0.004
(0.009) (0.007)

(41) Intercept 5.093 -0.343
(0.121) (0.094)

Standard errors in parentheses.

Appendix 3.B: Typel- and Type2- Equivalence Scales

Weight of... HH
Head

Second
Adult

First 

Child/2 

Adults

Second 

Child/ 2 

Adults

Third 

Child/2 

Adults

First 

Child/ 1 

Adult

Second 

Child/ 1 

Adult

Type 1 Equivalence 
Scales

1 0.74 0.41 0.39 0.37 0.46 0.42

Type 2 Equivalence 
Scales

1 0.62 0.27 0.26 0.25 0.33 0.30
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Chapter 4:

Intergenerational Mobility in Germany
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4.0 Introduction and Overview

So far, the exposition has focused on intragenerational welfare issues, in particular 

poverty. Certainly, this is interesting and relevant in its own right. One may argue, 

however, that poverty is even more worrying when it is transmitted over generations -  

that is, if poor parents’ children stand a bad chance of escaping poverty during their own 

adult life.

There are several approaches that economists have employed to look at this issue. One 

is to trace the economic and social development of individuals from their childhood 

well into adult age, and to study whether the environment they was exposed to during 

their early years affected their performance as adu lts .U nfortunately , this kind of 

analysis requires very mature longitudinal data sets containing rich information on both 

childhood background and welfare during adult age. The German Socio-Economic 

Panel, for example, which I am also going to use also in this chapter, is not yet mature 

enough for such an analysis.

An more feasible alternative has been developed by the “intergenerational mobility” 

literature. Children’s economic status as adults is regressed on their parents’ status, 

measured at a time when the children were living in their parents’ household. The 

regression coefficient can then be interpreted as the degree at which economic status is 

transmitted over generations. This technique has the additional advantage that it 

concentrates all information into one single number.

There exists evidence for several countries on the degree of intergenerational mobility. 

Solon (1992) and Zimmerman (1992) established that the US-coefficient is between 0.4 

to 0.5; a result which since then has been reproduced many times, for example by 

Borjas (1992, 1995), Bjdrklund and Jantti (1997) and Audinbaugh (1998). Solon’s and 

Zimmerman’s work also corrected older wisdom that put the coefficient lower (see, e.g., 

Behrman and Taubman 1985, or Becker and Tomes 1986 for a survey) by showing that 

the older estimates were based on misspecified models. Some earlier authors used one 

cross section on economic status only, where status was typically measured by labour 

earnings. But labour earnings fluctuate over time, and hence single-year snapshots are

See Gregg and Machin (1998) for a recent study in that spirit for Britain.
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an incomplete measure of (long-run) economic status. Incomplete measurement 

downward biases the regression coefficient (see the following section). Moreover, some 

authors used overly homogenous samples, which biases the estimate as well. Using 

Solon’s and Zimmerman’s up-to-date techniques, Dearden et al. (1997), confirming 

earlier work by Atkinson (1981) and Atkinson et al. (1983), showed that the British 

intergenerational mobility coefficient is in a similar range as the American, perhaps 

even a bit higher (indicating less mobility). Bjorklund and Jannti (1997) estimated 

intergenerational mobility for Sweden and found more mobility in Sweden than in the 

US.

However, no satisfactory study exists for Germany yet^\ This is unfortunate, as 

Germany may be a particular case. While Germany is widely seen as an inflexible and 

immobile society, which may suggest little intergenerational mobility, several of its 

institutions point towards the contrary. For example, Germany’s education system is 

almost fully government funded, which, contrary to the US and the UK, ensures that 

parental poverty will not necessitate poor educational levels for their children, which, in 

turn, could restrict the earnings capacity later in their lives.

After a review of the relevant econometric aspects in section 1, section 2 focuses on 

estimating intergenerational mobility in Germany. I keep both the sampling strategy and 

economic status measurement as comparable as possible to Solon (1992) and 

Zimmerman (1992), so as to ensure that the results can be compared to the US and other 

countries that have been analysed before. However, it is difficult to achieve this 

perfectly. Different institutions in Germany and the US suggest different sampling 

strategies; and the American PS ID and NLS data sets (which Solon and Zimmerman 

use, respectively) on the one hand and the GSOEP on the other do not contain identical 

earnings measures. Therefore, I vary both for checking robustness. Section 3 discusses 

some extensions. I apply semi- and non-parametric techniques to intergenerational 

mobility estimation, and check how parental status and their children’s education 

interact in explaining children’s earnings. Section 4 concludes.

Couch and Dunn (1997) compare intergenerational mobility between Germany and the United States. 
Their study is based on a heavily and inadequately selected sample which, as shown further below, yields 
misleading results.
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4.1 The Econometrics of Intergenerational Mobility 

The Concept

Intergenerational mobility regressions typically consist of one single regression 

equation

(4.1) logy;'"'" = ty 4 -p lo g y r" "

where y is some economic status variable. (4.1) is a reduced form equation, such that p  

summarises all direct and indirect effects of the parents’ status on the status of their 

children.

Sources of Inconsistency I: The Measurement Error Problem

A typical choice for y is earnings in one particular year or month. This, however, brings 

about two complications. First, with most data sets, parents’ and children’s earnings can 

only be observed at different stages of their respective life cycles. This may introduce 

bias, whose direction cannot be determined (see Jenkins, 1987). One can, at least in 

principle, address this problem by including the first and second age polynomial of 

parents and children into the regression equation (4.1).^^ Second, and more importantly, 

single-year earnings may be considered as an incomplete measure of economic status. 

The permanent income hypothesis, e.g., suggests that single year earnings may contain 

a transitory component that fluctuates over time. Hence, the variance of single-year 

earnings exceeds the variance of permanent income, which may be seen as the more 

adequate economic status measure. This, in turn, downwards biases the regression 

coefficient.

Formally, suppose that single-year earnings are determined by the following process

A slight efficiency gain may be obtained by regressing parental and children’s earnings separately on 
their respective age profiles first, and then regressing the predicted residual from the parental age profile 
equation on the predicted residual from the children’s age profile equation. This procedure excludes
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(4.2) log y., = log y . + V Vit ~ üd

for both parents and children. Hence, (4.1) can be rewritten as

(4.3) log >-,f"  = or + / j y f -  v f "  + p v ,r " '  + «,■ ■
Residual

But and log are correlated by construction. As a consequence, the

intergenerational mobility coefficient as estimated by ordinary least squares is 

inconsistent. In precise terms, the probability limit of the estimate is (see Solon 1989 for 

a derivation)

2

(4.4)   < p.
^ l o g  > ',p a re n r  ^ v ,p a r e n t

The inconsistency problem can be reduced, although not eliminated, if repeated 

observations on parental status are available. Substituting log by a simple time 

1 ^average log = —^ l o g  gives, under the above assumptions,
T t=]

2

(4.5) p l i m p „ , = p -'AVG  ~  y  2
^ 2  I ^ v ,p a r e n t

\ogy , parent / ' J '

As can be seen easily,

(4.6a) p lim p o ^  < plim p^yg < p , and

(4.6b) lim -> p  lim = p  .

Matters do not change substantially if the transitory component of parental income 

follows a process with memory (rather than being iid), as long as the process is 

stationary. Suppose the transitory component is generated by an AR(1) process

spurious correlation between the parents’ and the children’s age profiles. As I try to mimic Solon’s (1992) 
study, however, I will stick to his estimation strategy.
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(4 .7) It

Then (see Solon 1984)

04.8) p l i m p ^ y a = p
log y, parent

( 1 - r  )

m - r ) m - ç )
^ \ o g  y ,parent

As can be seen by direct calculation, (4.6a) and (4.6b) both still hold as long as ç x l .

Note, however, that < 0. Hence, the stronger the transitory earnings
d ç

component is autocorrelated, the less helpful averaging will be.

A second option for fighting measurement error is to instrument parental earnings. It 

can be difficult, however, to find a suitable instrument that is both correlated with 

parental earnings and can be excluded from a structural model of children’s economic 

status. But even if such a variable cannot be found, instrumenting can still be useful: 

suppose children’s log earnings are generated by the following process

04 9) log = a  + p \o g  ,

where I  is the instrument. Hence, the instrument has a separate effect on children’s 

earnings over and above the effect of parental earnings. Then (see Solon 1992).

(4.10) p \irap„  = p  + .^ L ^ L _ L 1
T(T,\ogy, parent

where Oj is the instrument’s standard deviation, and f i s  the correlation between the

instrument and parental earnings. Thus, if /  enters (4.9) with a positive sign, the IV- 

estimate is upwards inconsistent. This allows bracketing the true regression coefficient 

by (4.10) from above and (4.4), - or, preferably, (4.5) - from below. Typical choices for 

/a re  the parents’ education (Solon 1992) or occupational status (Zimmerman 1992).
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Sources of Inconsistency II: Sample Homogeneity

A second source of inconsistency comes into play when children’s earnings are overly 

homogenous in the sense that their sample variance is less than the variance in the 

population. This may be an issue if a sample is drawn from a selected sub-population, 

consisting, e.g., of children from specific geographical areas, age groups, or 

occupational groups. Formally, write

(411) I) < 6 <1 (c for child).

As shown by Goldberger (1981), under the assumption that both the error term and 

parental log earnings are normally distributed,

(4.12) P o l s , s a m p l e  ~  Y —  P O L S ,population  ’

where B? is ^^8 y i —) coefficient of determination from a “true”, i.e.
y^rdogy;'"'")

population-based, regression model. As can be seen easily, an overly homogenous 

sample downwards biases the regression coefficient.^^

Interestingly, homogeneity on the parents’ side does not affect the regression 

coefficient (see Solon 1989). This is only true, however, if an appropriate measure for 

economic status is used. If status is proxied by a snapshot variable containing a 

transitory component as above, overly homogenous parental (log) earnings worsen 

inconsistency. This may be seen from substituting y ̂parent (P for parent) by a

smaller in (4,4). Clearly, this fhrther reduces (4.4).“

83 Note that 2  = 1 for 0 =  1 ; and that d À / d û > 0
^  Solon (1989) also showed that if  one measures intergenerational mobility by the correlation rather than 
the regression coefficient, homogeneity on both the parents’ and the children’s side alw ays  biases the 
coefficient; i.e. even when an adequate parental status measure is used.
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4.2 Intergenerational Mobility in Germany 

Data and Sampling Issues, Economic Status Measurement

The sample is once more drawn from the German Socio-Economic Panel (GSOEP). 

Parental earnings are taken from the first five waves, covering the period from 1984 to 

1988. Family identifiers are used to select children that lived with their parents during 

that period. The children’s’ earnings are from 1995, the latest available year. As most of 

the related literature, I focus on intergenerational mobility between fathers and sons.

Economic status is proxied by gross monthly earnings as reported by the individual, and 

deflated with the consumer price index. This choice is different compared to most US- 

studies and Couch and Dunn’s analysis, who use annual labour earnings instead. 

However, contrary to the PSID, the GSOEP does not contain annual earnings. One may 

proxy annual earnings by multiplying average monthly salaries, self-employed earnings 

and earnings from second jobs by the number of months these respective income types 

were received, then adding on holiday pay and various b o n u s e s . B u t  while gross 

monthly earnings can -  at least for employees -  directly be copied from a payroll, the 

annual income figures are based on a number of rather rough individual estimates. This 

is likely to induce measurement error, which may well be aggravated by multiplying the 

average monthly earnings figures with the respective number of months of receipt. The 

latter are not reported by the individual, but reconstructed from information on what 

earnings types were received during which months, and necessarily rounded. 

Mismeasured earnings, however, will downwards bias the intergenerational earnings 

correlation (see the previous section). The monthly measure may therefore yield more 

reliable and precise estimates, a proposition which will be tested below.

In the basic specification, I exclude father-son pairs where one of them is an apprentice 

or self-employed. The former is because apprenticeship earnings contain a training 

component, which is why they proxy long-run economic status particularly poorly; the 

latter because self-employed incomes are known to be reported with considerable error. 

I also exclude non-German father-son pairs. Immigrants are systematically oversampled

This procedure has been developed by researchers from the University o f Syracuse in cooperation with 
the German Institute o f Economic Research (DIW), and the result earnings variable has since then earned 
the name “Syracuse income variable”.
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in the GSOEP. If their mobility pattern differs from the rest of the population (which 

may well be the case), simple OLS will yield biased resul t s .Final ly ,  I keep only 

individuals in full time employment. Later, I will vary all these choices to test their 

effect on the estimates.

Basic Results

Table 4.1 displays mobility coefficients from the following regression equations:

• 1995 sons’ log earnings on 1984 fathers’ log earnings,

• 1995 sons’ log earnings on a five year average of fathers’ log earnings from 1984 to 

1988, where fathers’ earnings adhere to the aforedescribed sampling rule in every 

year

• instrumenting fathers’ average log earnings with fathers’ Wegemann index, an 

standard indicator of occupational prestige. The instrumenting procedure is therefore 

similar to Zimmerman (1992).

Table 4.1: Basic Results87

Single Year 
Earnings

Five Year Average

Selection Rule 
Number of Observations 

Unbalanced/Balanced Sample

OLS O LS IV

No selection 
247/ 189

0.199
(0.061)

0229
(0.068)

0.425
(0.142)

Son’s age at least 25 
201 / 152

0.197
(0.056)

0.228
(0.060)

0.372
(0.128)

Son’s age at least 27 
171 / 130

Son’s age at least 29 
132/100

0.207
(0.060)

0.222
(0.074)

0.276
(0.081)

(0.134)

0.455
(0T38)

. Standard errors in parentheses. See appendix for descriptive statistics.

A similar, although not identical, problem arises from the PSID; the "Survey of Economic 
Opportunity" (SEC) oversamples individuals with low incomes. Solon (1992) addresses this issue by 
dropping SEO-observations from his sample.

Some authors (Zimmerman 1992, Couch and Dunn 1997) report correlation coefficients alongside the 
lower bound OLS estimates. Here, these are from top to bottom: single-year estimates 0.210, 0.237, 
0.257, 0.259; five-year average estimates: 0.216, 0.292, 0.315, 0.336. It should be noted that the 
correlation coefficient can be biased from mismeasurement of sons’ status as well, and no attempt is made 
to correct for that (as this would require sufficiently many repeated observations on sons’ earnings too).
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Simple OLS puts the mobility coefficient at about 0.2. This value changes little when 

imposing lower limits on sons’ age. This may surprise, as the German educational 

system prevents most university students from entering the job market before the age of 

25, and in many cases before the age of 27. Samples including very young sons are thus 

likely to overrepresent non-academics. This, in turn, may well induce bias, if the 

variance of non-academic earnings is smaller than the variance of overall earnings. For 

this reason, imposing a minimum age of 27 years appears sensible, and I will use this as 

basic selection rule in most of the following.^^ The resulting sample contains 130 father- 

son pairs with an average age of 30.7 years for sons and of 46.5 for fathers^^ (both being 

close the characteristics in Solon’s sample, see appendix 4.A). Nevertheless, the effect 

of lower lirnits on son’s age on the estimates appears to be small.

Averaging fathers’ earnings over five years raises the mobility coefficient by a mere 

0.03, indicating that either monthly earnings are an excellent proxy for economic status, 

or that they are strongly autocorrelated. Instrumenting lifts the coefficient to about 0.4. 

As mentioned above, this estimate is probably upwards inconsistent. Table 4.1 therefore 

suggests that the German mobility coefficient lies between 0.25 and 0.4, indicating 

significantly more mobility in Germany than in the US or the UK.^° In fact, the German 

upper (IV-) limit coincides with the US lower (average OLS-) limit. Moreover, the 

results are remarkably similar to those Bjorklund and Jannti (1997) find for Sweden.

Robustness Checks I: Mimicking Solon (1992)

Tables 4.2-4.4 deviate from the basic selection rule in several ways, all of which make 

the sampling procedure more similar to Solon (1992). Table 4.2 displays the effect of 

modifications that reduce the sample size, thus yielding less precise estimates. First, 

where one father is matched with several sons, I keep the eldest son only. Second, I 

restrict sons’ maximum age to 33, lest oversample sons leaving the parental household 

at late ages. Finally, I apply both restrictions. None of these modifications changes the 

estimates substantially. If anything, the upper (IV-) limit falls a little. This may give 

confidence in the - compared to Solon - slightly less restrictive basic selection rule.

As opposed to the 25 years that Solon (1992) sets as lower age limit for the US.
As noted above, the fact that fathers’ and sons’ earnings are observed at different stages of their 

respective earnings life-cycles is accounted for by including age and age squared for both into the 
regression equation.
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Table 4.2: Varying Sampling Rules I

As Basic Selection Rule... OLS IV

.. .plus upper age limit 33 0.240 0.361
110 (0.066) (0.143)

.. .plus eldest sons only 0.199 0.344
102 (0.076) (0.161)

.. .plus eldest sons only and upper 0.220 0.373
age limit 33 89 (0.081) (0.177)

Standard errors in parentheses

More problematic issues are addressed in table 4.3. First I include foreign father-son 

pairs. As noted above, immigrants are oversampled in the GSOEP. Hence I use 

weighted least squares (weighted 2SLS respectively), with weights derived from the 

population shares as reported in the Statistical Yearbook. Including foreigners does not 

change the result much, however. Including self-employed and apprentices has the 

expected effect of driving the coefficient downwards. Moreover, the estimates are less 

precise. My interpretation of these results is that they confirm that these incomes should 

be excluded, as they proxy economic status particularly poorly.^* As can be shown, 

including part-time workers makes matters even worse.

Table 4.3: Varying Sampling Rules II

As Basic Selection Rule... OLS IV

.. .plus non-German fathers. 0.240 0.403
weights 198 (0.051) (0.107)

.. .plus non-German fathers, no 0.270 0.393
weights 198 (0.053) (0.103)

.. .plus apprentices and self- 0.187 0.233
employed 151 (0.097) (0.197)

...plus both extensions, weights 0.186 0.228
224 (0.079) (0.160)

Standard errors in parentheses

90 Thus, instrumenting raises the mobility coefficient by roughly the same amount here as it does in the 
US-studies (perhaps even slightly more).

Moreover, instrumenting with fathers’ occupational prestige has not the desired impact when used as an 
instrument for all earnings types (apprenticeship, self-employed and employed) alike.
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Table 4.4 varies the economic status measure rather than the sampling procedure. As 

mentioned in the introduction, most US-studies use annual labour earnings. This 

variable does not exist directly in the GSOEP, but is proxied by the Syracuse income 

variable (whose constmction is sketched above). Syracuse incomes exist for all but the 

final wave. To allow direct comparison one therefore needs to reestimate the model with 

the 1994, rather than 1995, sons’ log monthly earnings as dependent variable. Since 

fewer sons had crossed the age limit of 27 until 1994, this costs observations and 

therefore precision. As table 4.4 shows, it has no effect on the point estimate, however.

Using Syracuse incomes dramatically reduces the regression coefficient. The Syracuse 

income based estimates suggest a range from 0.1 to 0.3, compared to 0.25 to 0.4. 

Furthermore, the estimates are far less precise. There are two possible interpretations. 

First, the multiple imputing and adding up procedure may induce measurement error. 

This observation would cast, in my view, doubt on whether the Syracuse variables 

should be used in a regression context at all.^^ Second, annual correlations may measure 

something intrinsically different from monthly correlations. In the latter case, however, 

the use of annual earnings does not only confirm the result of more mobility in 

Germany than in the US, but even magnifies substantially the differences.

Table 4 ,4 : Varying Economic Status Measurement

As Basic Selection Rule... OLS IV

... but son's monthly earnings from 0.240 0.382
1994 (0.090) (0.167)
95

... but Syracuse Income, son's 0.092 0.315
incomes from 1994 (0.125) (0.233)

95
Standard errors in parentheses

As can be shown, applying any of the modifications in tables 4.2 and 4.3 to Syracuse incomes does not 
raise the upper-limit mobility coefficient higher than 0.318.
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Robustness Checks II: Comparison with Couch and Dunn (1997)

Whatever the sampling rule or economic status measure, estimates of the German 

intergenerational mobility coefficient remain firmly below the standard US-value. 

Hence it seems safe to conclude that intergenerational mobility in Germany exceeds the 

US. This result is in open contrast to Couch and Dunn (1997), who state (p. 230)

“...the estimated correlations in ... earnings for father-son pairs are almost identical in 

Germany and the United States. ...W e  emphasise the point that the American and German 

correlations for men move in the same direction and by similar magnitudes when the 

selection rules are changed. This shows that the findings here are robust to a number o f  

variations in the methods by which the samples might have been chosen ” .

In the following, I will inspect some reasons for Couch and Dunn’s findings. First, I will 

review their study and try to replicate some of their results. Thereafter, I will 

successively adjust their procedure towards the one advocated in the previous section, 

thereby clarifying which differences are crucial for the diverging results.

Couch and Dunn’s (in the following CD) study is based on the first six waves of the 

Socioeconomic Panel only. They set no lower limit on sons’ age, keep part time 

workers, and keep non-German father-son pairs without weighting the observations. 

The only sampling restrictions they report is to "exclude observations during any year in 

which the child was enrolled in school or the parent to whom she o f he is matched was enrolled 

in school or retired” (p. 214), furthermore "only observations o f at lea s t... 160 DM per year 

are used in the calculations” (p. 215). CD use Syracuse Incomes as economic status 

measure, and "in calculating averages o f earnings across years  . . .  include as many years o f  

valid data as were available fo r  each individual”. This technique of taking unbalanced 

averages introduces potential heteroscedasticity (multi-period averages are likely to 

vary less than single-year observations), hence CD report Huber-White standard errors.

Clearly CD’s procedure is prone to introducing many sources of downward bias. Their 

unbalanced averages include single-year observations on fathers’ earnings, introducing 

additional measurement error. Part-time earnings may not be a proper status measure. 

Also, the sons are very young: 1984, when they were registered in their parents’ 

household, they were typically teenagers, five years later they can be at in their early 

twenties. The average age of CD’s sons is in fact 22.8, as opposed to 30.7 in my basic
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sample and 29.6 in Solon’s study. Hence, the sample is bound to overrepresent 

individuals with low education. The few elder sons in CD’s sample live either still in 

their parents’ household or left it at late ages, which may reinforce the homogeneity- 

problem. CD tackle these issues by constructing a US-sample from the PSID that they 

claim to be similarly selected. Thus, they implicitly assume that the resulting bias is the 

same for both countries. The effect from including foreign father-son pairs without 

weighing (and hence massively oversampling them), however, is unclear. The previous 

section suggested that this might rather upwards bias the estimates.

On the basis of the information in CD’s article, I was not able to fully reproduce their 

sample.^^ It remained unclear to me whether CD include apprentices. Leaving them in 

produces negative mobility coefficients and larger samples than CD report. Excluding 

them gives a sample size of 275 (when unbalanced six-year averages are regressed on 

one another), and a mobility coefficient of 0.088. This contrasts with 272 observations 

in CD’s sample and a coefficient of 0.112^" .̂ Given that some characteristics of CD’s 

sample are reasonably well reproduced too (see appendix), I consider this as fairly 

satisfying.

CD vary their selection rule twice, and claim that both times the American and German 

coefficient move in the same direction by similar magnitudes. First, they raise the cut

off age to 25. As a consequence “the average correlation rises to ... 0.300for the Germans", 

going along with “a loss o f about half the observations"  (p. 220). Doing the same my 

sample size falls by 55 percent (from 275 to 126 observations) and the coefficient rises 

to 0.313^^. In the second step, CD “exclude any father-son pair if  either member had a 

discontinuous work history" The “average earnings correlation rises to 0.523 in the German 

sample", but the authors “suffer an even more dramatic reduction in sample size" (p. 220). 

Mimicking this procedure, I get a coefficient of 0.501, which is based on 15(!) 

observations only -  a truly dramatic reduction. However, this latter result is the most

Couch and Dunn did not send me their sample, although I repeatedly requested this.
^ Couch and Dunn produce a wealth of intergenerational mobility coefficients differing with respect to 
over how many years the parental unbalanced income average is taken. For brevity, I concentrate on the 
full six year average on both father's and son's side. Couch and Dunn do not attempt to estimate an upper 
limit.

The fact that raising age limits affects the estimates here but not in the previous section may be due to 
using samples of different maturity. In the previous section young sons (that may cause inconsistency) 
account for just 30 percent of the unrestricted sample, while here their share is 55 percent.

This refers to work histories over several years.
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challenging, as it exceeds by far the German intergenerational mobility coefficients 

found in the previous section.

Table 4.5 Replicating and Modifying Couch and Dunn (1997)

Sampling Rule Couch and Dunn’s 
(1997) Estimates

Replication /  
Modification

(A) 0.112 0.088
Unbalanced Six-Year Syracuse (0.063) (0.069)
Log Income Averages for both 

Fathers and Sons
[272] [275]

(B) 0.300* 0.313
As (A), but Son’s Minimum Age - (0.109)

25 [about half of 272] [126]

(C) 0.523* 0.501
As (B), but Balanced Averages - (0.101)

for both Fathers and Sons [dramatically less than in 
(B)]

[15]

(D) 0.301
As (B), but Balanced Averages (0.114)

for Fathers (only) [82]

(E) 0.147
As (D), but Sampling Weights (0.083)

According to Pop. Share [82]

(F) 0.140
As(D), but German Father-Son (0.085)

Pairs only [56]

(G) 0.138
As (F), but Son’s Log (Syracuse) (0.092)
Income in 1989 as Dep. Variable [55]

(H) 0.210
As (G), but no Apprentices and (0.180)

Self Employed [52]

(I) 0.174
As (H), but Sons Minimum Age (0.266)

27 [30]

(J) 0.282
As (I), but Monthly Earnings (0.129)
Instead of Syracuse Incomes [29]

(K) 0.682
As (J), but rV Instead of OLS (0.204)

[29]
First row: point estimate, second row: Hubert-White standard error, third row: sample size 
*: Average correlation from several estimates
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Continuous work histories for sons, as CD require in (C) (table 4.5), are not necessary 

for consistency, though, as mismeasurement of the dependent variable does not bias the 

point estimates. Relaxing this restriction increases the sample to 82 observations. The 

regression coefficient then falls to 0.301. Coefficients in the area of 0.5, therefore, 

appear first and foremost a consequence of unreliably small sample sizes.

By using the raw GSOEP-observations, CD oversample immigrants. More than 30 

percent of the (D)-sample are foreign father-son pairs, as opposed to a population share 

of about 8 percent. Weighting the observations accordingly gives a coefficient of 0.147. 

Dropping foreign father-son pairs altogether gives 0.140. Hence, controlling for the 

population share of foreigners has a dramatic effect on the estimates, as they fall well 

below the lower limit found in the previous section.^^

For further comparison, I swap the dependent variable from unbalanced income 

averages to sons’ log income in 1989 (wave 6, the latest wave that Couch and Dunn 

observe). This costs just one observation and leaves the regression coefficient 

practically unchanged. Excluding self-employed raises the coefficient to 0.210 (as 

ex p ec ted ).L iftin g  the lower age limit to 27 changes the regression coefficient to 

0.174. Note, however, that -  due to small sample sizes - these estimates are imprecise.

Fully adjusting to the previous section’s sampling procedure, I finally used gross 

monthly earnings instead of Syracuse incomes. The OLS coefficient rises to 0.282. This 

confirms once more that monthly earnings are closer correlated over generations than 

annual earnings, either for intrinsic reasons, or because monthly earnings are more 

reliable proxies for economic status, or because of both reasons. Note that this 

coefficient roughly reproduces the previously established lower limit of 0.25, and lies 

well below the standard lower US-limit of 0.4. The IV estimate is 0.682, but it is 

conceivable that instrumenting on the basis of 29 observations gives unreliable results.

To summarise, CD’s large German intergenerational mobility coefficient can be 

attributed to two factors: An unreliably small sample, and oversampling of non-German 

father-son pairs. Several sources of downwards bias (in particular the use of Syracuse

This indicates less mobility between non-German fathers and sons than between German fathers and 
sons. The foreign subsample is too small, however, for drawing reliable conclusions of that kind.
98 All remaining observations are full time workers
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incomes and the inclusion of self employed individuals) do not undo the upwards bias 

from these two factors. Correcting all those shortcomings, I find a lower limit of 0.282, 

as opposed to the 0.523 of CD. This roughly resembles the findings of the previous 

section, although sample sizes based on the GSOEP’s first six waves are too small for 

reliable conclusions. CD’s assumption that bias affects the German and the American 

estimates in identical ways does not hold, as no foreigner-oversampling problem exists 

in the PSID. Moreover, PSID annual labour incomes are likely to be less contaminated 

than Syracuse incomes, as they are directly reported by the individuals rather than 

reconstructed from various sub-estimates. Thus, CD’s conclusion that intergenerational 

mobility in both countries be similar does not hold.

4.3 Modifications and Extensions 

Nonlinear and Nonparametric Estimates

So far, I have assumed that the relation between fathers’ and sons’ log earnings is linear, 

or, to put it differently, that upwards and downwards mobility is the same. Apart from 

convenience, there is no reason to presuppose that. The easiest way to account for 

nonlinearity is to fit a polynomial. Including the square and cube of fathers’ log average 

earnings results in a marginal coefficient of 0.081 at the 10̂  ̂ and of 0.314 at the 90̂  ̂

percentile. This seems to confirm the common US- and UK-finding of more upwards 

than downwards mobility^^. The pattern is overstated, however, by outliers at the 

extremes of the fathers’ log average earnings distribution. Deleting the two largest and 

two smallest observations changes the marginal coefficient to 0.189 at the 10^ and to 

0.269 at the 90̂  ̂percentile (the linear coefficient however remains virtually unchanged 

at 0.244). The estimates are too imprecise, though, for stating significant differences. 

Applying “proper” nonparametric techniques suggests that the relationship is entirely 

linear over most of the fathers’ log average earnings distribution. Figure 4.1 displays a 

Robust Locally Weighted Regression line using Cleveland's (1979) LOWESS 

e s t i m a t o r . T h e  vertical lines are the distribution’s 5^ and 95* percentile. No major 

nonlinearity can be detected within this range.

^ See e.g. Solon (1992), Zimmerman (1992), Atkinson (1991), Dearden et al. (1997).
See, e.g.. Hardie and Linton (1994) p. 2311 f. I used the ksm-routine in Stata 6.0. The bandwidth in 

figure 4.1 is set at 0.6, however, the result is highly robust with respect to the bandwidth’s choice. Similar 
results are obtained when using a Kernel.
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Quantité Regressions and the Interaction between Son’s Education and Father’s 

Earnings

Nonlinear regression inquires “how strong is the transmission of economic status given 

that the fathers’ earnings are at a certain percentile of fathers’ log (average) earnings 

distribution”. Alternatively, one may condition on the sons’ earnings distribution, thus 

asking “how important are parental earnings for sons at different points of the sons’ 

conditional log earnings distribution”. Therefore, one does not fit a regression line 

through the mean of sons’ log earnings as in traditional OLS, but through a specific 

quantile. Formally, this is achieved by solving

04 13)
min ' ^ q \  log yf”  -  or -  p  log y I + £  (1 -  g) I log y -  a  -  p  log yf'*" I

^  (':logv/‘’''>Qr+u log (:iog v " " < a + p  log
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numerically for p, where q is the (prespecified) quantile. For <7=0.5, quantile regression 

is equivalent to median r e gr e ss ion . H i de  and Showalter (1999) recently applied 

quantile regressions to American father-son pairs, and found that fathers’ earnings are 

considerably more important at the bottom of the sons’ conditional income distribution 

than at the top. In the following I will mimic their approach.

Figure 4.2 displays the mobility coefficients and corresponding 95-percent confidence 

bands for the odd percentiles of the sons’ conditional earnings distribution. The 

horizontal line is drawn at 0.238, the OLS estimate. In contrast to Hide and Showalter’s 

(1999) results, the picture suggests that fathers’ earnings are a more important factor in 

the distribution’s upper half. However, the coefficient varies only moderately between 

0.136 and 0.332. Running a t-test of the smallest vs. the largest coefficients (at the 13̂  ̂

and the 71®̂ percentiles) by bootstrapping (500 replications) the respective difference of 

0.196*^^ gives a standard error of 0.136, and hence a t-value of 1.44. Thus, even when 

considering the most extreme cases, one fails to find significantly different mobility 

coefficients with respect to the percentile of the sons’ earnings distribution.

cQ)
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Ü
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10
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25 
of Son’

50
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75 90
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Figure 4.2: Quantile R egression Estim ates

See Buchinsky (1998) for a recent and comprehensive survey on quantile regressions. 
I used Stata 6 .0 ’s iqreg command.
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Eide and Showalter (1999) discuss another interesting extension. Including sons’ 

education into the regression quantifies not only how sons’ log earnings relate to their 

level of education (conditional on fathers’ economic status); the degree at which this 

reduces the mobility coefficient also indicates how much of intergenerational status 

transmission is explained by education, or, more precisely, by the phenomenon that 

wealthier parents’ children tend to acquire more schooling and vice versa. More 

formally, consider

(4,1) log = or + p  log y T ""  + , and

(4.13) lo g y f "  =or; + ; r l o g y r “ ' + c „

where E  represents years of education, tt is hence another reduced form coefficient 

capturing all intergenerational transmission mechanisms bar education. By the standard 

fomiula for omitted variable bias,

(4.14) p - - Ê - \ - è f

C<?v(l0g \
where = '-----  is the slope coefficient from regressing son’s

yardogy^")

education on father’s economic status. Consequently —— — -  —  estimates the share of
P P

the intergenerational transmission coefficient that is accounted for by education. Table 

4.6 performs this exercise not only for the mean but also for various percentiles of the 

sons’ conditional log earnings distribution. It suggests the following conclusions:

On average, the correlation between fathers’ economic status and sons’ years of 

education reflects about 30 percent of the overall economic status transmission, 

leaving about 70 percent for other factors (e.g., ability).

However, education reflects considerably more of the mobility coefficient at the 

bottom of the sons’ conditional earnings distribution than at the top. It almost fully 

accounts for status transmission at the 10^ percentile. Family background variables 

other than education are therefore more important for wealthier sons.
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• Conversely, education is relatively more important for poorer sons. This implies that 

education compresses the log earnings distribution.

Interestingly, these results are much in line with Hide’s and Showalter’s findings for the 

US.

Table 4.6: Mean and Quantile Regressions Including Son’s Education

Specification

Independent
Variable

Excl. Sons’ 
Education

Fathers’ Log 
Average 
Earnings

Including Sons’ Education

Fathers’ Log Sons’ 
Average Education 
Earnings

Percentage Fall 
of Fathers’ Log 

Average 
Earnings 

Coefficient

Mean Regression 0.238 0.170 0.023 29
(0.063) (0.071) (0.011)

10̂ ** Percentile 0.177 0.020 0.032 89
(0.126) (0.123) (0.015)

25̂ ** Percentile 0.233 0.098 0.038 58
(0.092) (0.083) (0.014)

Median 0.264 0.196 0.018 26
(0.098) (0.106) (0.016)

75̂ ** Percentile 0.323 0.260 0.019 20
(0.101) (0.110) (0.020)

90*** Percentile 0.247 0.154 0.021 38
(0.131) (0.125) (0.020)

Bootstrapped Standard Errors Based on 500 Replications in Parentheses

4.4 Summary and Conclusion

This chapter estimated intergenerational earnings mobility between German fathers’ and 

sons’ with a data set sufficiently mature to exclude all major sources of downwards 

bias. Hence, the mobility coefficient can be bracketed between a lower (average OLS-) 

and an upper (IV-) limit. The evidence is that the German coefficient lies between 0.25
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a n d  0 .4 ,  a  v a l u e  c l e a r ly  b e lo w  w h a t  is  u s u a l ly  f o u n d  f o r  t h e  U S  o r  B r i t a i n .  I t  is  h o w e v e r  

r e m a r k a b l y  s im i l a r  to  th e  c o e f f ic i e n t  B jo r k lu n d  a n d  J a n t t i  ( 1 9 9 7 )  f in d  f o r  S w e d e n .  I  a l s o  

s h o w  t h a t  e a r l i e r  w o r k  p u t t in g  th e  G e r m a n  c o e f f i c i e n t  in  a  s i m i l a r  a r e a  a s  t h e  A m e r ic a n  

w a s  f l a w e d  d u e  to  in a d e q u a te  s a m p le s .

W h i l e  t h i s  r e s u l t  is  i n t e r e s t in g  in  i t s e l f ,  it  b e c o m e s  e v e n  m o r e  s ig n i f i c a n t  i f  o n e  

c o m p u t e s  expected earnings differences f o r  d i f f e r e n t  c o u n t r i e s ,  c o n d i t i o n a l  o n  th e  

f a t h e r s ’ e a r n i n g s  d i f f e r e n t i a l .  H o w  c lo s e  th i s  s ta t i s t i c  is  to  z e r o  c a n  b e  i n t e r p r e t e d  a s  a  

m e a s u r e  o f  e q u a l i t y  o f  o p p o r tu n i ty .  N o te  th a t  ( d u e  to  th e  l o g  l i n e a r  s p e c i f i c a t i o n ) ,  p  c a n  

b e  i n t e r p r e t e d  a s  a n  e l a s t i c i ty .  C o n s e q u e n t l y ,  t h e  c o n d i t i o n a l  e x p e c t e d  p e r c e n t a g e  

e a r n i n g s  a d v a n t a g e  o f  th e  s o n  f r o m  a  to p  d e c i l e  e a r n e r  r e l a t i v e  t o  t h e  s o n  o f  a  b o t to m  

d e c i l e  e a r n e r  m a y  b e  c a l c u la t e d  a s

CL15)
 ̂ y S o n , t o p \ 0  

son.bottom\0 - 1  =

r  ^  father,toplO  

father,hottomXO - 1

F a t h e r s ’ t o p - d e c i l e  to  b o t to m - d e c i l e  e a r n in g s  r a t io  m a y  b e  c a l c u l a t e d  f r o m  s ta t i s t i c s  a s  

e .g .  r e p o r t e d  b y  th e  O E C D  ( 1 9 9 6 ,  s e e  f o o tn o te  1). T h i s  g iv e s  t h e  f o l l o w i n g  e x p e c t e d  

p e r c e n t a g e  a d v a n ta g e s :

US Britain G erm any Sw eden

p=0.2 3Z 7 2C5 17.6 17.1

p=0.3 5Z 9 4Z 2 2T 5 26.7

p=0.4 76.1 60.0 3&2 37.2

p=0.5 103.0 80.0 50.0 48.4

p=0.6 133.9 102.3 6Z 5 60.6

Approximate range of standard estimates (Solon/Zimmerman 1992 for the US, Dearden et al. 1997 for 
Britain, this chapter for Germany, Bjorklund and Jantti 1997 for Sweden)

H e n c e ,  in  G e r m a n y  c h i ld r e n  o f  w e a l t h y  p a r e n ts  c a n  e x p e c t  a  r e l a t i v e  e a r n in g s  a d v a n t a g e  

o f  2 0  to  4 0  p e r c e n t  c o m p a r e d  to  p o o r e r  p a r e n t s ’ o f f s p r i n g .  I n  c o n t r a s t ,  in  th e  U S  th e  

p r e d i c t e d  a d v a n t a g e  is  a t  l e a s t  7 5  p e r c e n t .  O n e  w o u l d  n e e d  to  f in d  a  G e r m a n  

in t e r g e n e r a t io n a l  m o b i l i t y  c o e f f i c i e n t  o f  a t  l e a s t  0 .7  to  a t t a i n  th e  c o m p a r a t i v e ly  lo w  U S  

s ta n d a r d  o f  e q u a l i t y  o f  o p p o r tu n i ty .
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Although a “sample” of just four countries is arguably too small for drawing reliable 

conclusion, the results on the US, the UK, Sweden and Germany suggest tentatively that 

countries with strong equitable traditions and universally accessible public education 

systems seem not only to produce more equality, but also more equality of opportunity.

I checked the robustness of these results by fitting nonlinear and nonparametric models, 

as well as conditioning on specific percentiles of the sons’ conditional log earnings 

distribution rather than the mean. The results remain unscathed whatever technique is 

chosen. Education accounts for about 30 percent of the intergenerational mobility 

coefficient. Its explanatory power is bigger at the distribution’s bottom than at its top 

end. This implies that other household background factors than education are more 

important for wealthier sons, and that education compresses the sons’ earnings 

distribution.
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Appendix 4.A: Descriptive Statistics

Basic
Sampling

Rule

Solon’s (1992) 
Core Sample

Sample Table 
4.5, (A)

Sample Table 
4.5, (D)

Couch and 
Dunn’s (1997) 
Core Sample

Sample Size 130 322 275 82 272

Sons’ 8.26 9.75 10.22 10.49 10.16
Economic (0.30) (0.94) (0.51) (035) (0.64)

Status 1 2 3 3 3

Fathers’ 8.28 10.10 10.66 10.72 10.39
Economic (0.39) (0.69) (0.34) (0.32) (0.69)

Status 4 5 6 7 6
Sons’ Age 1995 1984 1984* 1989 1984

in... 30.7 29.6 23.0 27.6 22.8
(2.9) (2.40 (3.8) (2.7) (3.5)

Fathers’ Age 1984 1967 1984 1984 1984
in... 46.5 42.0 50.4 47.7 51.0

(5.3) (7.7) (5X% (5.2) (6.1)
Standard deviation in parentheses 
* only for those sons who had a valid observation in 1984

1; Sons’ monthly log earnings in 1995 
2: Sons’ annual log earnings in 1984
3: Sons’ unbalanced log average annual earnings from 1984-1989 (Syracuse variable) 
4: Fathers’ balanced log average monthly earnings, 1984-1988 
5: Fathers’ balanced log average annual earnings, 1967-1971 
6: Fathers’ unbalanced log average annual earnings, 1984-1989 (Syracuse variable)
7: Fathers’ balanced log average annual earnings, 1984-1989 (Syracuse variable)
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Conclusion and Outlook
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This thesis aimed at giving insights into income distribution issues in Germany that 

previously had been little investigated. The first part concentrated on East Germany’s 

distribution after unification, and how it developed relative to West Germany. The second 

part provided evidence on West Germany’s conditional poverty structure and on 

intergenerational mobility. Rather than summarising the material once again, I would like 

to sketch how the issues considered here could be analysed further, and how the techniques 

employed could be improved and developed.

First, of course, the period investigated here ends in 1995. Since then, almost six more 

years have passed, and microdata for East and West Germany should now be available 

until at least 1999, thus making it possible to follow the further development of both areas’ 

income distributions. After 1995, East Germany entered a period of sluggish growth of 

about 1 to 2 percent per annum, from 1997 onwards, its growth rates fell even behind those 

of West Germany. Unemployment continued to increase, and in August 2001, East 

Germany's official unemployment rate stood at 17.1 percent, more than two percentage 

points higher than at end-1995. Moreover, a large part of the East German absorption 

continued to financed by transfers from the West and by international capital inflows.

It appears doubtful whether, in these circumstances. East German poverty could have 

continued to fall and further converge towards the West German level. If inequality would 

have continued to rise. East German poverty might even have increased during the late 

n i n e t i e s . A s  regards the extended shift-share decomposition of chapter 2, one would 

expect at least a poverty-increasing structural effect from rising unemployment, which 

could or could not have been overcompensated by falling poverty within subgroups, or by 

other, poverty-reducing structural effects, e.g. from further falling fertility.

As for the conditional poverty structure in chapter 3, one could analyse whether its pattern 

during the early nineties remained unchanged during the late nineties. If a sufficiently large 

sample for East Germany can be constructed, it would also be interesting to compare the

For a survey and interpretation of the macroeconomic developments in East Germany until 2000, see, e.g., 
Sinn (2000).

According to Grabka et al. (1999), this had not occurred until 1997, however.
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East with the West. Finally, additional GSOEP-waves would also help to gain more 

observations for estimating intergenerational mobility.

Second, some methods developed here could also be applied on other countries, and 

comparisons between Germany and these countries could be drawn. For example, one 

could analyse how the large inequality increases in Britain and the US during the eighties 

and nineties impacted on poverty, and whether simultaneous growth sufficed to maintain 

or even improve the real living standards of the poor.

Third, the techniques employed here could be developed further in various ways, and some 

could be applied to other issues than poverty. As regards chapter 1, a more formal 

discussion on “poor” inequality shifts may be warranted, similar to analyses that have 

already been carried out for the measurement of inequality (see, as an example, Shorrocks 

1980) and other welfare indicators. Three desirable properties of an inequality shift have 

been mentioned in chapter 1 : an analytical link with a widely used inequality index, non

negative incomes in the counterfactual income distribution, and Lorenz curve dominance. 

In particular the latter two properties restrict the functional form of admissible 

transformation functions for a “pure” inequality shift. Additional properties may be 

identified that could restrict the class of admissible transformations even more. One could 

also aim at combining the techniques used in chapter 1 and chapter 2, to analyse how the 

growth/inequality effects in chapter 1 relate to and interact with the structural/level effects 

in chapter 2.

Regarding chapter 3, it has already been mentioned that a technique would be desirable 

that controlled for dependency of the conditional income distribution’s higher moments on 

the covariates in a less ad-hoc way. Moreover, one could apply the technique in chapter 3 

to the topic of chapter 4, and analyse intergenerational mobility of poverty. From a social 

policy point of view, this may even be more relevant than intergenerational mobility of 

(log) income. However, for applying the technique as presented in chapter 3, the small 

samples that are typically available for studies of intergenerational mobility would be a 

serious impediment, which would ask for a less data-intensive method.
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Also, the estimator developed in chapter 3 could be applied to other issues than poverty; 

for example, determinants of achieving minimum revenue collection ratios in developing 

countries, or causes for bankruptcy of companies (where liquidity could be used as an 

underlying variable as log income was used for poverty in chapter 3).
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