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Abstract. Poverty line de�nitions in use often lack a solid scienti�c foundation. This paper proposes

to exploit data on income satisfaction to construct an evidence-based poverty line. The poverty

line is identi�ed by using its assumed unique property to explain income dissatisfaction best among

all dichotomizations of income. To this end, several model settings are considered including linear

and nonlinear approaches both exploiting panel information. Applying the method to data from the

German Socio-Economic Panel yields a temporally stable poverty line similar to the de�nition provided

by the Statistical O�ce of the European Commission. Using data from the European Community

Household Panel, we present further evidence for satisfaction-based poverty lines across Europe and

investigate their cross-country di�erences. The appropriateness of focusing on discrete poverty lines

is also investigated.

JEL-Classi�cation: D31, I32

Keywords: Household income, poverty line, income satisfaction

Correspondence:

Andos Juhász, Department of Economics, University of Tübingen, Mohlstr. 36, 72074 Tübingen,

Germany, Fax: +49-7071-295013, andos.juhasz@uni-tuebingen.de

1I am grateful to Martin Biewen, Andrew Oswald, the participants of the THE Workshop at the University of

Hohenheim and the Econometric Colloquium at the University of Tübingen for their comments and suggestions.

All errors are my own. The data used in this paper (SOEP v26, 1994-2009 and ECHP, 1994-2001) were made

available by the German Socio-Economic Panel Study (SOEP) at the German Institute for Economic Research

(DIW), Berlin, and the Statistical O�ce of the European Commission.



1 Introduction

When it comes to poverty line de�nitions, the literature o�ers a wide variety of concepts.

There is extensive work on the question of how to de�ne a poverty line according to underlying

axioms and philosophical or conceptional perspectives. In an empirical paper, Ravallion

(2010) analyzes national poverty lines of 95 countries reviewing their strongly varying national

concepts. One of his important observations is that while relative, income-based poverty

line de�nitions are typically chosen in developed countries, developing countries mostly use

consumption based and absolute measures.2 The variety of national de�nitions mirrors

di�erent general concepts in poverty measurement such as the absolutistic `basic needs

concept' (related to physical survival) and the concept of `relative deprivation' (related to

social inclusion).3 It turns out that empirical poverty measures can be seen as combinations

of the two main concepts.4 The classic example for an absolute poverty line de�nition is

the international poverty line of 1.25$ as proposed in Ravallion et al. (2008), updating the

previous value of the World Bank (1990) of 1$. A prominent example for a relative de�nition

of poverty is the one used by the Statistical O�ce of the European Commission as 60% of

the median income5. Such choices do not underrun a statistical optimization process in a

rigid sense though.6

Moreover, a variety of approaches exists that are neither purely absolute nor relative.

Prominent examples are called subjective poverty lines, see, e.g., Hagenaars, van Praag

(1985).7 These poverty lines depend on how individuals perceive poverty in society. Two

well-known concepts are the Leyden Poverty Line of Goedhart et al. (1977) and the

Subjective Poverty Line as in Kapteyn et al. (1988). The theoretic background of these

2Focusing on consumption instead of monetary income helps to overcome the problem of measurability

posed by agricultural production without explicit pricing.

3See Atkinson and Bourguignon (2001).

4This combination is also called `weakly relative poverty', see Ravallion and Chen (2011).

5Throughout this paper we will refer to the equivalized nominal household income with the term `income'.

6Krämer (1994) investigates the source of this de�nition in more detail. He accounts the �rst appearance

of such a de�nition to Fuchs (1967): �I propose that we de�ne as poor any family whose income is less than

one-half of the median family income.[...] no special claim is made for the precise �gure of one-half.�

7Our poverty line de�nition belongs to this group.
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approaches is appealing in many aspects. The suggestion that poverty line de�nitions

should be based on answers to survey questions is central. Nevertheless, both concepts

rely on strong assumptions. A basic conceptual di�erence between the two approaches

above and our de�nition of the Satisfaction-Driven Poverty Line (SDPL) given in this paper

is the following one. While our SDPL approach is based on the hypothesis that �people

are capable and willing to give meaningful answers to questions about their well-being�8,

meaning that direct questions on individual well-being and utility do make good proxies

for their own `true' utility, the former two concepts implicitly make a much stronger

assumption, namely that people are capable and willing to give meaningful answers to

questions about life situations that they are not necessarily living in themselves. Although

`meaningfulness' can mean less than statistical unbiasedness, our belief is that while people

are experts of their own lifes9, they are unlikely to be experts of other theoretical life situations.

To calculate the Satisfaction-Driven Poverty Line for Germany and twelve other European

countries, we use a �nancial dissatisfaction indicator based on the variable `satisfaction

with household income' taken from the German Socio-Economic Panel (SOEP) and `satis-

faction with the household's �nancial situation' from the European Community Household

Panel (ECHP). Controlling for a function of equivalized household income and other socio-

demographic variables, we add an a-priori unspeci�ed binary variable of income as an indepen-

dent variable. Assuming, the true poverty line10 has the unique property of best explaining

income dissatisfaction, we identify the best choice of dichotomization in this sense and call

it SDPL. Empirically, the poverty line is given as the maximizer of the goodness-of-�t of the

underlying regression.

It is important to point out that this approach is not restricted to an absolute or relative

de�nition of the poverty line.11 A-priori, it may well be constant over time or a constant

percentage point of the median or have any other behavior. Furthermore, our approach does

8See Frey and Stutzer (2002).

9This view is supported by actual research. For phychological justi�cation see Diener et al. (1993) and

Kahneman (1999) or Blanch�ower and Oswald (2008) and Steptoe and Wardle (2005) for health related

arguments. For a more general view see Ferrer-i-Carbonell (2011).

10The question of existence will also be investigated.

11Why such choices may lead to too restrictive measures, see e.g. Ravallion (2010) p.17.
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not rely on restricting assumptions concerning the explicit functional relationship between

income and income utility. It is assumed though that reported income dissatisfaction is

classi�ed correctly, that the same classi�cation translates to true (theoretical) monetary

disutility and that the underlying disutility classi�cation is best explained by true poverty. The

reduction to monetary disutility arises naturally as our space of poverty classi�cations is itself

restricted to income.

The aim of our paper is to reveal a sofar unexploited relationship between income satisfaction

and income in order to construct a poverty line. Furthermore we show that this relationship

contains a characterization of the widely-used de�nition of the poverty line by the Statistical

O�ce of the European Commission at 60% of the median based on a statistically founded

optimization criterion for Germany. Additionally, we show that our approach provides evidence

for a sharp, discrete poverty line, rather than a fuzzy one12. For other European countries

we show that the above relationship is not only a Germany-speci�c phenomenon, but it also

exists in other European countries. There is evidence though that the country-speci�c optima

deviate from the 60%-de�nition to some extent elsewhere. Nevertheless, results show that

di�erences among countries in their estimated poverty lines can be explained quite well by

the heterogeneity of macroeconomic characteristics.

The rest of our paper is organized as follows. In Section 2 we introduce both data sets and

motivate the choice of variables. Section 3 explains our methodologies in detail. Section 4

presents the empirical results using data from the SOEP for Germany and Section 5 the ECHP

for international poverty lines. Section 6 concludes.

2 Data and Variable Selection

The German Socio-Economic Panel (SOEP) is provided by the German Institute for Eco-

nomic Research (DIW) in Berlin.13 The SOEP is a representative yearly panel study of private

households in Germany. In 2009 almost 25,000 individuals living in about 11,000 households

12An example for a class of such poverty lines can be found in Belhadj (2011)

13For more details see Haisken-DeNew and Frick (2005) or Wagner et al. (2007).
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were interviewed.14 The survey contains detailed information on a wide variety of personal

and household level characteristics covering social, demographic, economic variables and vari-

ables of subjective well-being. The European Community Household Panel (ECHP) on the

other hand is a representative panel survey provided by the Statistical O�ce of the European

Commission, Eurostat. For a period of eight years, 1994-2001, households were interviewed

to collect information on their income and living conditions on personal and household level

on a yearly basis. The interviews cover a wide range of topics on living conditions such as

income information, �nancial and housing situation, working life, social relations, health and

biographical information.15 In the �rst wave in 1994, a sample of around 60,500 households

with around 130,000 adults were interviewed in twelve European Countries. Those countries

were Germany, Denmark, the Netherlands, Belgium, Luxembourg, France, United Kingdom,

Ireland, Italy, Greece, Spain and Portugal. Austria and Finland joined the project in 1995

and 1996 respectively and Sweden in the year 1997, based on the Swedish Living Conditions

Survey. After 1996, German data was derived from the SOEP, data for Luxembourg from the

Luxembourg Income Study and data for the United Kingdom from the British Household Panel

Survey. Due to missing ECHP satisfaction variable we cannot make use of the data for Swe-

den. Also data for Germany, Luxembourg and the United Kingdom lack a satisfaction variable

with ECHP-consistent de�nition when using national databases. Data for France cannot be

used as household income is only available as gross income. With these limitations the full set

of data with respondents of age 17+ with non-proxy interviews and available satisfaction and

income data is used and we consider the following countries.

• Denmark, the Netherlands, Belgium, Ireland, Italy, Greece, Spain and Portugal (1994-

2001),

• Austria (1995-2001), Finland (1996-2001),

• Germany, Luxembourg and the United Kingdom (1994-1996).

14We did not use households with missing income information or incomplete age structure, but besides that

we made no other restrictions.

15For more on the ECHP, see http://epp.eurostat.ec.europa.eu/portal/page/portal/microdata/echp.
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Variable selection

In the �eld of happiness economics researchers frequently use direct questionnaire-based

overall life satisfaction to proxy the `true' overall welfare. At �rst glance it is hard to believe

that happiness or unhappiness can be put in numbers in a proper and scienti�cally useable way

by regular respondents. One may think that it is an impossible task to express the notion of

happiness quantitatively, or one might think that - if it was possible conceptually - it is unlikely

to work if non-experts are asked with only a couple of seconds to decide. However, research

on the subject tells a quite di�erent story. As summarized by Ferrer-i-Carbonell (2011), there

seems to be a strong statistical relationship between the proxy and true satisfaction. The

connection can be revealed by using objective psychological measures of happiness, based

e.g. on facial expressions or body language as investigated by Sandvik et al. (1993) and

Kahneman (1999) or objectively measurable brain activity as reported in Urry et al. (2004).

Furthermore, researchers found that there is evidence for the existence of a commonly shared

context of happiness, so that the comparison of answers of di�erent individuals is generally

possible.16 When putting this picture together, it seems to be that such �... happiness

measures are consistent, valid, and reliable. In sum, it appears that human happiness is a real

phenomenon that we can measure.�17

Income Satisfaction as dependent variable

When it comes to subjective monetary poverty line de�nitions, personal utility of income or

income-driven welfare is the center of interest. The limitation to this very aspect of welfare

makes sense as the one-dimensional monetary approach is limited on its own, likely to be

driven less substantially by information arising from income-complementary welfare aspects.

While it is well-known that �money alone does not make happy�18, shown by a weak - but

signi�cant - relationship between income and life satisfaction, we may expect much more in

this regards when using income satisfaction instead. Indeed, the SOEP shows only a weak

correlation of around 0.15 between income and life satisfaction, while the correlation is around

16See, for example, Van Praag (1991).

17See Frank (2005).

18See e.g. Ferrer-i-Carbonell and Frijters (2004).
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0.35 when using income satisfaction instead. On the other hand, it is important to see that

while satisfaction with income has a rather speci�c formulation, responses are correlated with

the ones about life as a whole to an extent of around 0.5. This gives rise to the assumption

that income satisfaction is in�uenced by non-pecuniary life circumstances. Consequently, our

particular interest lies in reported income satisfaction, the answer to the question �How satis�ed

are you today with your household income?� on a scale from 0 to 10. The scale in use here

is called a bipolar 11-point-scale19 with the numbers 0-2 explicitly tagged `totally unhappy'

and 9-10 tagged `totally happy'.20 Such a scale has advantages over other possible scales,

see Abrams (1973) or the more recent Kroh (2005). A typical distribution of the answers to

this question is given in Figure 1. The response rate of over 90% shows the willingness of the

interviewees to answer to this question.21 The fact that the scale is used in entirety without

dominating corner solutions, suggests that the respondents are also willing to maximize the

submitted information.22

� Figure 1 around here �

As regards the ECHP, the data set o�ers satisfaction with the household's �nancial situation

for the dependent variable. This is slightly di�erent from the variable available from the

SOEP. To obtain a comparable relationship to actual income it is more important to account

for the overall �nancial situation.23 We will go into detail on the additional controls used to

handle this issue at the end of this subsection. Another important di�erence between the two

satisfaction variables is that while the SOEP variable is given on an 11-point-scale, the ECHP

variable is given on a 6-point scale. This may be a limitation leading to less detailed results.

19For more on the origins of the scale see, e.g., Wagner (2007).

20As opposed to a bipolar scale a unipolar scale would run from `totally not happy' to `totally happy', that

is from the total absence to the total presence of the same issue. This can be seen as restrictive if the lack of

happiness is not necessarily interpreted as unhappiness.

21For our analyzes we make use of the unrestricted sample including every respondent to the income

satisfaction question with known household income.

22The opposite would be the case if people just used 0 or 10 to communicate their being unhappy or being

happy respectively, as we would not be able to di�erentiate between answers within the two groups.

23This is less important when using panel data as slowly changing characteristics such as wealth can be

netted out.
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Income as independent variable

A central point is to explain income-driven welfare based on household income. Using the

household income instead of the individual income is a very common approach. Households

are well-de�ned economic units that usually share their income sources and exhibit economy-

of-scale e�ects. Both have to be accounted for when calculating the households' individual

incomes. The most common approach is to apply equivalence scales24 to account for the

intra-household redistribution of income. Once we have accounted for this redistribution, a

third degree polynomial25 of the resulting equivalized personal income is used to explain the

income-driven satisfaction.

Direct e�ects on income perception

To uncover the direct relationship between income and income satisfaction, we control for

other factors that may in�uence reported income satisfaction. Firstly, the overall �nancial

situation is not captured by income, but may well have an important e�ect on answers, e.g.

as high wealth makes a person less dependent on income.26 We take two measures to control

for this. As we do not have yearly data on �nancial wealth27, we use house ownership as proxy.

Furthermore, �xed e�ects approaches will net out such e�ects, assumed they are time constant.

Secondly, we notice that relative income perception may be a part of the relationship between

income and income satisfaction. To model such e�ects though, relevant social groups that the

individual relates to and potentially compares himself with need to be identi�ed.28 Generally, it

is not obvious which group a person relates to (colleagues, friends, neighbors, family members,

etc.). However, we control for a very general way of relative income e�ects by including

the unspeci�ed poverty indicator in our regressions, which will also pick up relative income

concerns as shown in section 5 (by the signi�cance of the Gini coe�cents in the country panel).

24We use the commonly used scale, called new OECD scale, assigning the weight 1 to the household head,

0.5 for every other adult in the household and 0.3 for every child, but we also check for the robustness of this

choice by using the Luxembourg scale with no qualitative di�erence in the results.

25Robustness test were performed by using only a second degree polynomial and by using logarithmic income

instead of a polynomial. This led to very similar results.

26For more details see e.g. Headey and Wooden (2004).

27The SOEP only contains detailed wealth related data for two selected years.

28For more details see D'Ambrosio and Frick (2007), Clark and Senik (2010), Clark and Oswald (1996) or

Luttmer (2005) among others.
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A third point that can be e�ciently controlled for is the source of income. It may be

important whether people work for their income on their own or whether they receive income

from the state, e.g., in form of social welfare. Besides the direct monetary e�ects, strong

non-monetary e�ects are expected. The latter e�ect may also be interpreted as undervaluation

of the income, e.g., from social welfare. For more details concerning di�erent e�ects of

unemployment bene�ts see Winkelmann and Winkelmann (1998). Here we control for the

number of months in the previous year the household received social welfare, unemployment

bene�ts and unemployment assistance. Furthermore we control for part-time employment,

retirement status, unemployment and being out of labor force. A further and last point

is income adaptation that generally plays a role for subjective income valuation.29 In this

regards though, we refer to DiTella and MacCulloch (2008), who �nd that income adaptation

is likely to be less pronounced for poverty-relevant subgroups. Nevertheless, we control for

the number of month, the household received social welfare as mentioned above. This also

controls for potential adaptation e�ects for the recipients. Furthermore, long term adaptation

e�ects are netted when using �xed e�ects.

Indirect e�ects on income perception

Another set of controls has a more indirect impact on income perception. It is rather

connected to complementary aspects of overall welfare as opposed to income-driven welfare.

It is likely that impacts on aspects of life other than income may indirectly in�uence the

perception of income, leading to an alteration of its perception. For example, people may

not really refer to their income only if asked, but they may also be in�uenced and biased by

other circumstances. Four subgroups that we see as relevant in this regards are attitude and

personality, major life events, health and social network. Attitude and personality summarize

the individual speci�c view of the world. Attitude typically cannot be measured directly, but

assuming its mainly constant character it can be accounted for when panel data is available.

As numerous other aspects of individual personality traits can be at least indirectly controlled

for, we account for this group with the variables gender, age and education, where we use a

29For an early work on adaptation see Brickman et al. (1978) or for an ongoing discussion Ferrer-i-Carbonell

and Van Praag (2009).
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dummy of high school degree and a dummy for apprenticeship or German Abitur as highest

degree for education. Additionally, we control for being in education at the time of the

interview.

Major life events are positive or negative shocks which may also bias the answers on income

satisfaction. For example, if the beloved dog of the family dies just the day before the

interview, the interviewee's answer to the question may be downward biased due to his

bad mood.30 As controls we use a dummy for a child born in the past six months, newly

married in the last twelve months, divorced in the last six months, newly disabled in the

last twelve months. Furthermore we control for deaths in the household in the last twelve

months and children under fourteen that left the household in the last six months. In

addition, we control for events in the household's near future. This clearly only makes

sense for events that people can anticipate and that can be associated with psychological

e�ects. Our choice here is to take divorce in the next twelve months and marriage in the

next six months. Another category is health. Here we control for the number of days spent

ill in the last year and the disability grade. The last category is social network. Controls

belonging to this set relate to information about other individuals that the individual in

question is aware of. While it is hard to characterize the in�uence of the social network

in general, we may say that if a person is living with a social network that is in harmony

with his personal attributes, he should feel happier than someone, who's social network is

very di�erent from the desired one. This can be people who desire more friends or a bigger

family. To control for the social network, we control for marital status including being

separated and children including age structure. We control for children between zero and

three years, four to eleven years and twelve to seventeen years in the household with dummy

variables. Controlling for other e�ects requires knowledge about the relevant social structure

and the perception of it, both of which are likely to vary with the individual and are beyond

the scope of our work. However, also here, �xed e�ects will net out such e�ects to a fair extent.

As already pointed out, there are some di�erences in the choice of controls when using the

ECHP. The di�erences result from the di�erent data sets on the one hand and from the

30For more on the direct e�ects of such events on general life satisfaction see Mentzakis (2011).
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fact that the �nancial situation has to be accounted for more explicitly on the other. To

additionally control for the latter, we use the quartile membership of household capital income

and rental income, debts and loan dummies and house ownership. Furthermore we control for

unemployment, unemployment frequency since 1989, highest education dummies, disability in

two stages of severity, new deaths, new births, marital status, employment, retirement, positive

and negative subjective income shock since last year and EU and non-EU foreigner dummies.

Finally, we control for the quartile position in the distribution of doctor visits as an objective

control for health.

3 Methodology

3.1 Motivation

There is a wide range of econometric approaches used in recent literature about self-reported

satisfaction. Much has changed due to the availability of new methods, advance in com-

putation and due to new insights into the nature of the satisfaction variable. Typically, in

the �eld of psychology simple cross sectional regression approaches were used to explain

the role of di�erent in�uence factors on self-reported satisfaction. Such approaches clearly

rely on the cardinality assumption of the dependent variable.31 If we rather want to assume

ordinality only, nonlinear models like ordered logit models are the methods of choice. Such

models have been widely used in economic literature, see e.g. Blanch�ower and Oswald

(2004). A drawback of cross-sectional approaches is that they cannot account for time

constant individual heterogeneity. When assuming ordinality, the �xed e�ect logit model

in Chamberlain (1980) can be used to overcome this problem. For an application see

Winkelmann and Winkelmann (1998). As the latter model needs a binary dependent variable,

a dichotomization of the satisfaction variable has to be used, generally leading to a loss of

information.

According to Huppert and Whittington (2003), an additional issue arises if self-reported

satisfaction is used. They state that the determinants of low satisfaction (dissatisfaction)

31For examples see e.g. Diener et al. (1999).
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and high satisfaction are di�erent. For their analysis they use two distinct satisfaction scales:

one explicitly describing well-being, the other one describing the presence and absence of

symptoms for mental and physical health related problems. As standard ordered logit based

models are structurally limited through their single crossing property32, they are likely to be

too restrictive to capture heterogenous impacts according to the above �ndings properly.

Based on the cross-sectional generalized ordered probit model in Terza (1985), Boes und

Winkelmann (2010) introduce a panel based extension with correlated random e�ects, assum-

ing ordinality, while accounting for scale heterogeneity and unobserved individual heterogeneity.

An aim of our study is to reveal a relationship between income satisfaction and income,

implicitly de�ning an income poverty line. We start by de�ning the poverty line in a strict

binary sense based on a dummy variable of income. Starting from a relationship given by a

third degree polynomial in income and controls mentioned in the last section, we introduce

an additional explanatory variable in form of the above mentioned dummy without de�ning

its exact position. We have already motivated the use of satisfaction with income instead

of general life satisfaction for the estimation of the satisfaction-driven poverty line (SDPL)

in the last section. As we are only interested in the relationship between poverty and clear

income dissatisfaction, we use a dichotomization of income satisfaction instead of income

satisfaction itself. The resulting binary variable has the value 0 for all people that are

dissatis�ed with their incomes and 1 for all others. As the SOEP's income satisfaction

question explicitly labels the answers 0, 1 and 2 as `totally unhappy', we see our choice to

take the cuto� point 2 as well-founded.33 In the case of the �nancial satisfaction variable

of the ECHP, choice is much more limited. Here only the value of 1 is explicitly labeled as

`not satis�ed at all', making other choices speculative. We therefore chose 1 as our cuto�

point. Using the binary dependent variable de�ned above and a simple regression yield a

linear probability model in which the marginal e�ect of the dummy variable for income has

the straightforward interpretation of a change in probability to not being totally unhappy

with income. Such a jump in probability can then be interpreted as the location of leaving

poverty as argued in the �rst section. We de�ne the best dummy variable to explain the re-

lationship between income and income satisfaction as the satisfaction- driven poverty indicator.

32See Maddala (1983) for more details.

33Additionally, it turns out that taking 1 or 3 do not make a qualitative di�erence.
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The dichotomization of income satisfaction has the additional advantage of circumventing

the scale heterogeneity problem mentioned above.34 Otherwise we would need to deal with

generally di�erent impacts of income on di�erent levels of satisfaction to avoid mixture-driven

outcomes. In addition to this, there are some computational reasons for us to prefer models

based on the cardinality assumption. To perform a detailed grid search on the dummy variable,

we need to repeat the model estimations a large number of times. While maximum likelihood

methods generally take much longer time to calculate, a number of them also su�er from

numerical drawbacks due to local extrema and saddle points with suboptimal solutions that

are hard to identify. This problem is especially pronounced with high numbers of repetitions

leading potentially to suboptimal grid maxima. Fortunately, empirical research frequently

comes to the conclusion that while the ordinality assumption is the right choice in theory,

there are no practical di�erences to the results when compared to cardinality-based methods.

See Boes and Winkelmann (2010) for such a conclusion. Following these arguments we use the

cardinality assumption in our research leading to linear models when performing grid search.35

As controlling for individual heterogeneity is also empirically important in general36, we extend

our analysis to the use of �xed e�ects panel models. Additionally, we introduce a more �exible

approach based on nonlinear least squares both in the cross-sectional and the �xed e�ects

panel setting.

3.2 The Grid Search Approach

The idea of the following approaches is to estimate the poverty line as the income value

that maximizes the goodness-of-�t of a model explaining income satisfaction by the variables

de�ned above. Assume the following underlying relationship

sit = β0 + x′
itβ + g(π, ιit)γ(π) + uit, i ∈ {1, . . . , N}, t ∈ {1, . . . , T}, (1)

with i as cross sectional and t as time index respectively, β0 as intercept, β := (β1, β2, . . . , βK)
′

as K × 1 real vector of coe�cients, xit := (xit1, xit2, . . . , xitK)
′ as independent variables, sit

34See Boes and Winkelmann (2010).

35Nevertheless, for robustness checks we use a cross sectional logit model for comparison, yielding very

similar results.

36See, for example, Ferrer-i-Carbonell and Frijters (2004).
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as the dependent variable income satisfaction, ιit as the income of person i at time t and uit as

an additive error term for all i and t.37 Additionally, let g(π, a) := 1{a>π}(a) be a dichotomous

function and γ(π) a real valued coe�cient that generally depends on the value of π, where π

is the point of income dichotomization.

In the special case of T = 1 we have

si = β0 + x′
iβ + g(π, ιi)γ(π) + ui, (2)

which can be estimated by ordinary least squares given the usual regularity conditions for any

�xed, positive π yielding the usual

R2(π) = max
β,γ(π)

∑
i∈N

(x′
iβ + g(π, ιi)γ(π)− s̄)2 ·

(∑
i∈N

(si − s̄)2

)−1

(3)

as solution of the maximization problem with R2(π) as the standard goodness-of-�t measure

and s̄ as the arithmetic mean of the si.

It follows that for a �nite grid G ⊂ R, #G < ∞, we can extend our maximization problem

and get

R2
G := max

π∈G
R2(π) = max

β,γ,π

∑
i∈N

(x′
iβ + g(π, ιi)γ(π)− s̄)2 ·

(∑
i∈N

(si − s̄)2

)−1

(4)

yielding the SDPL

π̂ := argmaxπ∈GR
2(π), (5)

i.e. the poverty line that makes the relationship between income satisfaction and poverty

status as strong as possible.

Consider now another con�guration that makes use of a possible panel structure of the data.

Given T > 1 and putting uit := vi + ϵit as the sum of individual unobservable heterogeneity

vi and an idiosyncratic error term ϵit in (1) we obtain

sit = β0 + x′
itβ + g(π, ιit)γ(π) + vi + ϵit, i ∈ {1, . . . , N}, t ∈ {1, . . . , T}. (6)

37We suppress the i in Ti allowing for unbalanced panels for notational simplicity.
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As the above strategy remains basically unchanged for either of the usual panel data models

using least squares estimation, we keep the exposition brief. It is important to point out that

g(π, ιit) is typically time variant, so time demeaning or usual di�erentiating strategies do not

endanger the identi�ability of π̂. Furthermore, the goodness-of-�t measure we use is the R2

based on the time demeaned least squares regression, also called `within' R2.38

While the above approach is conceptually simple, it has two main drawbacks. The �rst -

theoretical - one is that the solution generally depends on the choice of G and it is unlikely

to equal the global solution on R. The second - practical - one is that it may require a fair

amount of computational time to calculate #G regressions, especially if panel data models

are involved in the calculation. Both of these problems can be solved as shown in the next

subsection.

3.3 The Nonlinear Least Squares Approach

To put the grid search in a more familiar econometric setting consider the following cross

sectional relationship

si = f(x̃i, β̃) + ui (7)

with f as a not necessarily linear function of the independent variables x̃i, a vector of coe�-

cients β̃ and an additive error term ui. In our case let

f(x̃i, β̃) = β0 + x′
itβ + 1{a>π}(a) · γ(π) (8)

To estimate the coe�cient vector β̃ = (β, γ, π), a nonlinear least squares (NLS) approach

can be carried out given su�cient regularity conditions and conditions of identi�cation

as described in Wooldridge (2002), Chapter 12. While most of the conditions are rather

unproblematic for empirical application, in our special case f violates the necessary condition

of being continuous on the parameter space. This is why (7) given (8) cannot be estimated

directly.

To overcome this problem we choose a function that is very similar to the indicator function

but is su�ciently smooth for a consistent NLS estimation. It can be seen easily that the

38Also compare equation (14) below.
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cumulative distribution function (CDF) of the logistic distribution

Λ(x, α, β) :=
1

1 + e−(x−α)/β
(9)

is a smooth function with location parameter α and scale parameter β. Furthermore it can be

shown that for all α ∈ R

Λ(x, α, β) −→
β↘0

1{x>α}(x)

pointwise, making the choice especially attractive. Nevertheless, there are other choices that

approximate the indicator function even better. Note that Λ(x, α, β) ̸= 1{x>α}(x)∀x ∈ R

given any β > 0 as the CDF of the logistic distribution never equals zero or one for �nite x.

This problem is not present if one takes

Π(x, α, β) :=


0 if x < α

10 · (x−α
β

)3 − 15 · (x−α
β

)4 + 6 · (x−α
β

)5 if α ≤ x ≤ α + β

1 if x > α + β,

(10)

constructed to be su�ciently smooth in α and α + β and again

Π(x, α, β) −→
β↘0

1{x>α}(x).

The advantage of this function is that it equals the indicator function on the complement of

its middle section for all choices of β > 0. Besides that, in the next section we can use both

of the above approaches for robustness checks. For a clearer comparison of Λ, Π and the

indicator function see Figure 2 for an illustrative example.

� Figure 2 around here �

When inserting either (9) or (10) into (8) the model parameters can be estimated by nonlinear

least squares. Besides that, we also gain a more �exible model with the additional parameter

β. While in the case of Π we have a direct interpretation of β as the length of the transition

region between 0 and 1, a similar interpretation applies in the case of Λ if we de�ne the length

of the transition region as the one between Λ−1(ϵ) and Λ−1(1− ϵ), with ϵ = 0.05 for example,

as the values zero and one are never achieved. This yields for α = 0

Λ−1(0.95, 0, β)− Λ−1(0.05, 0, β) = 2 · Λ−1(0.05, 0, β) ≈ 5.889 · β, (11)
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without loss of generality. If we take a look at Figure 2 we may recall the 3 elements of the

region of interest explicitly. The height of the jump that we may also interpret as the marginal

probability e�ect of the state change of being poor by SDPL de�nition to not being poor by

SDPL de�nition is represented by the vertical section of the dotted line and is of the magnitude

of around 17%. It means that given a ceteris paribus state change to being not poor comes

along with a 17% higher probability, namely around 92% probability, of not being dissatis�ed

with income. The second element is the jump distance or the length of the poverty transition

region (PTR). While it is zero in the indicator case, it is around 80 Euros in the logistic and

polynomial cases, meaning that in this case changing one's state from poor to not poor is not

a discrete phenomenon. The third element is the location of the jump. In the logistic and

polynomial cases it may be de�ned as the end of the jump for example and in the indicator

case it is more clearly the point of dichotomization. The number here is somewhat around

400 Euros, the estimate for the SDPL for Germany in 1985.

3.4 The Fixed E�ects Nonlinear Least Squares Approach

Given

sit = f(x̃it, β̃) + vi + ϵit (12)

time demeaning leads to

s̈it = f̈(x̃it, β̃) + ϵ̈it (13)

with s̈it := sit − 1/J ·
∑J

j=1 sit−j+1, f̈it := fit − 1/J ·
∑J

j=1 fit−j+1 and

ϵ̈it := ϵit − 1/J ·
∑J

j=1 ϵit−j+1 respectively for time horizon J .

While there is no simpli�ed expression for f̈ in general, estimation is still possible if f follows

necessary regularity conditions emerging directly from the cross sectional NLS case. Minimiza-

tion of the empirical counterpart of ϵ̈it is equivalent to minimization of the population variable

E(ϵ2it) in (12) because

E
(
ϵ̈2it
)
= E

(
ϵ2it
)
· (1− 1/J) (14)

for all �xed J .39

39See Wooldridge (2002), equation (10.51).
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We call this approach �xed e�ects nonlinear least squares approach (FENLS) throughout the

rest of this paper. Using this model is particularly desirable as it both accounts for individual

heterogeneity and posses a higher degree of freedom to adjust to the problem at hand, allowing

to test for additional hypotheses.

4 Empirical Results

4.1 SDPLs based on the SOEP

After applying the grid search method as described in Section 3 to the SOEP, we obtain results

as shown in the Figures 3a-d and 4a-d.40 Each plot can be interpreted as follows. The value

zero is the baseline R-squared of the underlying regression, without the poverty dummy. The

additional gain in R-squared is given by the solid line with the poverty line set for the value

as depicted on the x-axis. The highest gain is normalized to one. The grid applied to the

search is between 150 and 4000 Euros in nominal value in 5 Euro steps. The �rst four �gures

show grid search results based on the linear probability model for the years 1985, 1995, 2005

and 2009. The last four �gures show grid search results based on the �xed e�ects model of

3 consecutive years. Results here are labeled with the middle year as 1986, 1996, 2006 and

2008. The dotted vertical lines show 60% of the median. Despite the time span of 25 years,

results are very robust. Dichotomizations at around 60% of the median deliver the highest

explanatory power of the variable with pronounced unimodal shapes from 1994.41 Both cross

sectional and panel approaches yield very similar results.

� Figures 3a-d and 4a-d around here �

Table 2 shows the regression results at the maxima based on data between 2007 and 2009.

Additionally, we present results based on data of one decade earlier for comparison in Table

1. Columns marked by (1) show the results based on the linear probability model, (2) based

on the �xed e�ects model with full set of controls, (3) shows �xed e�ects without the income

40The results shown are also qualitatively representative for the years not depicted.

41Two consecutive years shortly after the German uni�cation are generally the only bimodal exceptions.
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dummy variable and (4) shows results for the case, where no additional controls are used

besides income.

� Table 1 and Table 2 around here �

While for (1) the full set of controls is used as described in Section 2, we drop some of them

for the �xed e�ects models. We cannot make use of the time invariant regressors gender and

East German origin, and age is dropped as year dummies are employed in the �xed e�ects

regressions. Furthermore we excluded variables with very weak time variation such as house

ownership, university degree and Abitur/vocational training. Additionally, we dropped the

controls for major life events as their impacts were already erratic in the cross sectional case,

and as they were highly insigni�cant in the �xed e�ects model.

Despite the di�erences in the models, the coe�cients of the third degree polynomial of income

have the same magnitude. In the relevant income segment the marginal e�ect of income is

positive and falling in income, in line with the general assumption that the marginal utility of

income is a convex function. The additional dummy variable of income is always positive and

highly signi�cant ranging between 8% and 9% for 1998 and between 9% and 13.4% for 2008,

always smaller in the �xed e�ects model. When plotting the probability e�ects arising from

the income variables only, Figure 5 shows strong di�erences between the dummy-included and

dummy-excluded models. Exclusion leads to local underestimation of the e�ect of income of

up to 5% around the jump. When comparing (2) and (3) we see for both years that the

inclusion of the dummy variable is not only reasonable in terms of the high signi�cance of the

variable, but also raises the �t of the regressions from 0.0313 to 0.0395 in 1998 and from

0.0341 to 0.0390 in 2008 by a considerable amount. When we take a look at the constants of

the regressions, they range between 68.5% and 92.5% for 1998 and between 76% and 93% for

2008. Naturally, these baseline probabilities of not being dissatis�ed with income cannot be

compared directly as they are valid for di�erent reference individuals. For example, the e�ect

of age ranges between 0 and -10% with a minimum at around 42 years of age in 1998 and

around 50 for 2008 in the linear probability model, while age is only included squared in the

�xed e�ects regressions and is never signi�cant.
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� Figure 5 around here �

While the coe�cient of married is high and signi�cant with 4.75% and 2.2% respectively, its

e�ect vanishes when using the �xed e�ects model. The e�ect of separated varies strongly,

but it is below zero as to be expected if signi�cant in 1998. In the FE cases estimates of

the latter two variables may be weak due to a weak time variation in the panel. The gender

coe�cient suggests a somewhat higher probability of not being dissatis�ed with income for

females, but the evidence is not strong. The East German dummy is signi�cant in 1998, but

not any more in 2008, indicating a vanishing heterogeneity in the German population. Both

signs are negative as expected.

The presence of children has generally a positive e�ect, especially when the results are

signi�cant. The interactions between jobless and other persons jobless in the family have

negative signs and the highest impacts besides income itself. If another person in the

household is jobless, there is some weak evidence for a negative e�ect of up to around 2.3%

in 2008. This e�ect may be a psychological impact of unemployment on the interviewee, as

income itself is already accounted for. If the interviewee himself is without a job and no one

else is unemployed in the household, the probability e�ect is highly signi�cant and may well

exceed 16% depending on year and model. As income is accounted for, this e�ect might

be a strong psychological e�ect of unemployment. If we compare the di�erences between

the model in (2) and (4) with respect to the coe�cient of the income dummy, we see an

overestimation of the dummies' probability e�ect. This turns out to mainly coincide with

the absence of the unemployment dummy. Putting things the other way around, we see an

overestimation of the e�ects of unemployment, when omitting the income dummy in (3) as

compared to (2). Interestingly, if another person in the household is additionally without

a job, there is some evidence that this e�ect is mitigated in 2008. Nevertheless, in 1998

the FE models tell the opposite story. The former e�ect may be explained with an income

comparison in the family, mitigating relative deprivation, or it might be a residual e�ect

arising from the fact that at least two persons in the household are present to share the

burden of unemployment.
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The four occupation dummies are to some extent complementary and may be interpreted

in relation to fulltime employment. Participation in education has a weakly negative e�ect

and may be explained with some unexplained correlation with age and lack of employment.

The e�ect of being retired is mostly negative and mostly insigni�cant. Finally, part-time

employment instead of full-time employment has a negative sign and being out of the labor

force is mostly highly signi�cant and negative. The linear probability models reveal a positive

and strongly signi�cant e�ect of around 1.4% to 2% for house ownership. It is not only a

proxy for �nancial situation but also captures the e�ect of not paying rent, leaving a higher

amount of household income for consumption.

The following three variables capture the degree of dependency of social transfers. The

number of months receiving unemployment bene�ts is not signi�cant, probably as we already

controlled not only for income, but also for unemployment status. The number of months

receiving unemployment assistance captures the presence of long term unemployment beyond

the unemployment dummy. The e�ect is negative as expected and may be well over 10% if

received at least 12 months. Social assistance is typically not unemployment related and has

no signi�cant e�ect in our models.

University degree or Abitur or vocational training have a weakly negative in�uence which may

mirror higher expectations on income levels of the subgroups or potentially higher relative

deprivation. Because of limited time variation, they were left out from the �xed e�ects esti-

mations and they do not show signi�cance in the cross section with one exception. Degree of

disability and days spent ill last year are wealth proxies. While the degree of disability has a

negative and signi�cant e�ect in the cross sections, it partly vanishes in the panel estimations.

Illness has an additional negative e�ect, especially signi�cant in 2008. In model (2) of 2008

the e�ect of 8 weeks of illness is -1.8%. The last eight controls only appear in the cross sec-

tional estimations. While they are mostly not signi�cant, their values are also strongly erratic

with changing signs. The fact that death is signi�cantly positive in both years is merely a

coincidence and typically does not apply to the other years analyzed. Because of this, these

controls were not used in the �xed e�ects models. Year dummies were also included, but they

were never signi�cant and are not listed.
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� Figures 6a-b around here �

Figures 6a-b show the complete estimated SDPL time series. The left �gure shows that all

models yield similar time series with a very similar time trend compared to the time series

of the o�cial poverty line. The right �gure shows the SDPL in terms of median income

percentages. The values �uctuate nicely around the de�nition of the European Commission,

meaning that this poverty line explains income dissatisfaction best among all potential poverty

line de�nitions. If we take a look at Figure 7a, we see that the �xed e�ects estimation yields

lower marginal probability e�ects at the poverty line of around 10% for FE and 11% for FENLS,

while the cross-section delivers 13.5% for LPM and 14.5% for NLS. It may be assumed here that

cross sectional models overestimate the e�ects by not accounting for individual heterogeneity.

� Figure 7 around here �

4.2 The Poverty Transition Region

The nonlinear least squares approach is a generalization of the grid search method and it is

not restricted to a search grid that almost surely misses global maxima on its uncountable

superset R. While this problem should only be minor in practice, the nonlinear least squares

method also adds a straightforward way to statistically test for the maximum's location.

Furthermore, it adds a degree of freedom to the characterization of poverty as it includes

a jump length dimension of the local smoothing function. This dimension can be used to

check whether the state change to poverty is discrete as assumed by the dummy grid search

construction or whether there is a poverty transition region (PTR).

Both the NLS and FENLS procedures were carried out in two independent settings.42 The

�rst one involved the estimation of the location by �xing the length of the PTR to a small,

42This strategy avoids an arbitrary restriction for the smooth function to be local in the NLS context when

the PTR's length and location are estimated simultaneously. Generally, a smooth function stretched on the

full income spectrum yields a better �t than its local counterpart and may therefore be favored by the iteration

procedure. Nevertheless, a better global �t does not indicate the non-existence of a meaningful local smooth,

it only prevents the single step procedure to �nd it.
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but feasible value.43 The purpose here was to underline the linear �ndings of the grid search,

where PTR lengths of zero were assumed, and to obtain standard errors for the locations.

Location results were already shown in the last subsection. The standard errors obtained are

between 2 and 5 Euros in the NLS case and 2 and 8 Euros in the FENLS case with exception

of 1990, where it is as big as 80 Euros. These standard errors underline that the estimation

of the SDPL locations are rather precise.

The second setting starts with pre-estimated SDPLs based on the LPM and FE procedures

respectively. The aim here is to assess the local behavior of the transition. To calculate a

con�dence intervall for the PTR's length, a two stage bootstrap is performed involving both

the pre-estimation of the location and the nonlinear procedure. The results for the length of

the PTR are given in Figure 7b. The estimates based on the original sample are reported

along with the 90th centiles of the empirical distributions of the estimators derived from the

bootstrap procedure. The estimates are almost always below 100 Euros and under 50 Euros

in over two third of the cases. The results cannot be statistically distinguished from any low

value, so there is no evidence in this setting against the assumption that the PTR is vanishingly

short and that the search for a non-fuzzy poverty line is justi�ed.

5 Poverty Lines in European Countries

While results based on German data suggest that the SDPL is temporally stable and consistent

with a constant percentage point of the median income, it is interesting to investigate whether

this result applies more generally in a cross-country comparison. To take a closer look, we

use the ECHP. In contrast to the SOEP, the ECHP contains a question about the satisfaction

with the �nancial situation in general instead of the more speci�c income satisfaction. As this

makes a more rigid control for the household's �nancial situation necessary, we apply the FE

panel approach only, netting out the in�uence of wealth, given its assumed time constancy.

Also, satisfaction is only measured on a 6-point scale here as compared to the 11-point scale

of the SOEP. Additionally, there are fewer observations at country level. Nevertheless, the

results can be useful to draw an international map on approximate SDPL estimates.

43The value was chosen to be 20 Euros. As a robustness check, 7 di�erent starting points were used and in

cases of di�erent estimation outcomes the one with the smallest RSS was chosen.
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� Figure 8 around here �

In Figure 8 we present the estimated country speci�c poverty lines, based on country-wise

�xed e�ects estimation. The estimated maxima are plotted along with 95% bootstrap

con�dence intervals.44 In addition, results based on the British Household Panel Survey

(BHPS) 1994-2001 and on the SOEP 1994-1996 are shown for comparison.

The country speci�c SDPLs can be found in a range of 32.27% for Portugal and 64.71%

in Finland. In addition to Portugal the Mediterranean countries Italy (40.02%), Greece

(44.66%) and Spain (50.70%) have rather low poverty lines. On the other hand, Denmark

with its 44.85% has a signi�cantly lower poverty line than Finland. The Benelux countries

Luxembourg (56.06%), Belgium (48.37%) and the Netherlands (50.00%) are relatively

homogenous. Furthermore, Austria with its 55.48% belongs to the middle �eld. The estimate

for Germany of around 52.30% is lower than the estimate based on the SOEP at around

60.83%, but the former one is less exact and the two con�dence intervals have a nonempty

cross section, so the di�erence is not signi�cant. As regards the data from the United

Kingdom, the two results are only slightly di�erent with 62.56% based on the ECHP and

67.58% based on the BHPS, with the di�erence being statistically insigni�cant. Finally,

Ireland with its 62.71% is very similar to the United Kingdom.

In general, Figure 8 provides a heterogenous picture of poverty lines across Europe and may

be interpreted as evidence against the hypothesis of a constant relative poverty line across

European countries. In particular, there is indication that the SDPLs of Denmark, Belgium,

Italy, Greece, Spain and Portugal may be lower than the 60% de�nition of Eurostat. This

is not necessarily the view we would share a-priori. From a global point of view, all these

countries belong to the group of developed countries and their additional spacial proximity

may also suggest that their subjective understanding of poverty does not di�er that much.45

If heterogeneity exists though as indicated, it is interesting to investigate its nature, e.g.

whether it is systematic in a sense that it can be explained by the diversity among these

countries in a macroeconomic, social and cultural manner.

44See Appendix A for how these bootstrap con�dence intervals were computed.

45Also note that in many cases, the di�erences across countries are not statistically signi�cant.
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The di�erences among the countries are explored in more detail using a country panel based

on 3-year subperiods. The dependent variable is taken to be the SDPL as a percentage

point of the median for each country and year, while the independent variables are chosen

to be macroeconomic characteristics.46 As we are also particularly interested in country level

characteristics that do not vary or only slightly vary over time, we see �xed e�ects estimation as

too restrictive and use pooled OLS (POLS) with regional indicators instead. As macroeconomic

characteristics we take the Gini coe�cient of disposable income, GDP per capita as purchasing

power parity in Euros, employment as a share of the employed in the employable population

by the ILO de�nition, grade of urbanization as a share of the population living in cities, life

expectancy at birth and the age dependency ratio of the old47. Furthermore, we control

for regions of Europe including Mediterranean, Benelux and Scandinavian countries and their

complement as the reference group. All the macroeconomic variables are centered at the

overall sample mean excluding GDP per capita, which is expressed as the deviation from the

overall sample mean in percentage points.

� Table 3 around here �

The �rst regression (1) in Table 3 is a regular POLS with macroeconomic variables and

regional indicators. In (2) the regional indicators are dropped to increase the degrees of

freedom of the data. Regressions (3) and (4) are counterparts of (1) and (2) calculated with

multiple imputation (MI) to �ll in missing values of the Gini coe�cient.48 To control for time

e�ects we assume a linear time trend.49 As the number of observations is rather low, we

performed stability checks by leaving out single countries from the regression to see whether

46These data were obtained from OECD StatExtract, Belgostat, the Central Statistics O�ce Ireland, Statis-

tics Finland and Datastream.

47That is the population size over 65 divided by the population size between 15 and 65 years of age.

48About one quarter of the Gini coe�cients for the countries and points of time in use are missing. We

contacted Eurostat, but there is no further data available at this time. The MI procedure used is the STATA

implemented predictive mean matching. Robustness checks showed that other imputation methods lead to

very similar results.

49Time dummies indicate that linearity is a good approximation and more importantly we save degrees of

freedom for the estimations.
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the results are strongly in�uenced by the presence of a single country. Outcomes showed that

this is not the case.

Taking a look at regression (1) and (2) we see that the coe�cient of the Gini is negative

and signi�cant. An increase of the second decimal digit of the Gini by one goes along

with a decrease of the SDPL by 1.6% in (1) and 1.3% points in (2) respectively. The

fact that the regression coe�cient of the Gini is negative, is a sign for inequality aversion.

Countries with higher inequality typically harbor a higher share of the population with

rather low income. Such countries have a tendency for a lower SDPL. The other way

around, if a country has very low inequality, meaning that a high share of the popu-

lation can be found around the median, the SDPL is typically a higher percentage of

the median with a lower distance to the mid section as the population is more sparse in

lower regions with a higher relative deprivation for those at the very bottom of the distribution.

The coe�cient of per capita GDP is also negative and highly signi�cant in all settings.

Wealthier countries - proxied by GDP per capita - seem to go along ceteris paribus with a

lower SDPL in relation to the median. This is in line with basic needs considerations, as it is

easier for people to make ends meet in a wealthier society in terms of a given median income

percentage, which is higher in absolute terms than in less wealthy societies.

These �ndings indicate that the SDPL concept has desirable cross country properties, as it

can be expressed as a mixture of the absolutistic `basic needs concept' and the concept of

`relative deprivation'. To put it in the words of Ravaillon and Chen (2011): �While we can

agree that people care about their relative position in society (at least above some level of

living), it is very hard to accept that they do not also care about their absolute levels of

living (at least for all except very rich societies). More plausibly, utility is derived from both

absolute income and relative income.�

Nevertheless, there are other factors to look at to describe a wider range of heterogeneity

among countries. For example, employment has a negative coe�cient in all four models,
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being highly signi�cant in (2) to (4).50 Higher employment is typically positively correlated

with a higher wealth and the result may be interpreted similarly to the case of the GDP.

Urbanization on the other hand exploits a positive and signi�cant relationship with the SDPL

in (2), else it is insigni�cant. This may weekly indicate that people living together in spatially

condensed areas are more competitive and interpret poverty more in the relative sense in the

direction of the median. The coe�cient of life expectancy can be interpreted as a health

indicator on societal level. It is always negative and it is signi�cant in setting (4). This gives

rise to the assumption that a healthier society is less concerned with income related issues of

overall life satisfaction, being already satis�ed with less income than in societies with lower

health indicators. The age dependency ratio is an indicator for the countries' age structures.

When its coe�cient is signi�cant, its sign is negative. As the ratio is high if the share of

pensioners is high, a negative sign may indicate that pensioners tend to think more in absolute

terms about their income and that they are satis�ed with a lower amount. Also the thinking,

the elderly may be less `competitive', is similarly in line with this �nding. As regards general

time trends, the estimates are highly insigni�cant in all cases. This is an indication for the

SDPL being time stable between 1994 and 2001 in the region in scope.

Along with the variables just mentioned, we use controls for Mediterranean, Benelux and

Scandinavian countries to capture further unspeci�ed time constant e�ects. Results show

that in (1) the coe�cients of Benelux and Scandinavian are signi�cant and positive, indicating

higher SDPLs than in central European countries. After MI though, (3) shows no signi�cance

any more. Why (3) is more in line with the actual �ndings may be seen when looking at the

coe�cient of the Scandinavian countries. As we saw before, Denmark and Finland had very

di�erent SDPLs, a rather low and a rather high one, so it is more intuitive that the coe�cient

is insigni�cant. Thus, (3) indicates that with the amount of data we have at hand, di�erences

are well-explained with the set of macroeconomic variables chosen above and that regional

�xed e�ects have no additional explanatory power.

50The tendency towards insigni�cance is generally higher in (1), as due to the higher number of regressors

model (1) has less power to reject the null.
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6 Conclusion

This paper de�nes the satisfaction-driven poverty line as to maximize the relationship between

poverty status and income dissatisfaction, based on the simple assumption that the true

poverty status has the unique property of explaining income dissatisfaction best in any proper

econometric setting. Application to data from the German Socio-Economic Panel yields a

time stable poverty line similar to the de�nition provided by the Statistical O�ce of the

European Commission as 60% of the median income. Our results characterize this de�ni-

tion of poverty as the best dichotomization to explain the relationship between income and

income dissatisfaction measured by the subjective psychological variable of income satisfaction.

The results suggest that our approach is generally applicable and that estimation of the

SDPL may serve as a uni�ed strategy for poverty measurement across countries. Using data

from the European Community Household Panel, additional evidence for satisfaction-based

poverty lines and their cross-country di�erences were presented. The results further indicate

that although the static 60%-de�nition is in line with the SDPL in Germany, the SDPLs

of other European countries may be di�erent. Analysis of the di�erences among European

SDPLs suggests on the one hand that national poverty lines can be explained by the income

inequality of the country in form of inequality aversion, resulting in poverty lines that are

higher percentages of the median, when inequality is lower. On the other hand, the percentage

points fall with higher wealth as basic needs are already satis�ed with an income at a lower

percentage of the median, if a country is wealthier.

In addition to this, the proposed approach also allows one to test whether the poverty line exists

as a discrete phenomenon, or whether a fuzzy poverty line is more appropriate. Our analysis

for Germany suggests that the state change to poverty is rather discrete, so that poverty line

de�nitions rather than de�nitions of poverty transition regions are more appropriate.
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8 Appendix A

When the bootstrap is applied to the SDPL based on grid search, the problem emerges that in

some resamples the secondary maximum - also observable in Figures 3 and 4 - is coincidentally

larger than the maximum of interest (the one in the poverty region). In order to adress this

problem, we use a two-step strategy. In a �rst step we resample the data to obtain a bootstrap

distribution of the maxima of the FE estimates' R2-s. In the second step we estimate a

�nite mixture model given the bootstrap based maxima. In this way, we can control for

observation disturbances caused by secondary and sometimes tertiary maxima that are inferior

in the original sample, but deliver global maxima in some resamples and are thus handled as

observation disturbances that prevent us from observing the position of the primary maximum.

This situation suggests a latent class setting. A �nite mixture distribution is then given as

follows:

fmix(x) =
D∑

d=1

πd · ϕ(x|µd, σd), ϕ(.|µ, σ) ∼ N(µ, σ).

In almost all cases D = 2 and D is never greater than 3. We estimate via the STATA

addon fmm51 using maximum likelihood. As con�dence intervals we report the 95% con�dence

intervals of the normal distribution the original maximumm belongs to with highest a-posteriori

probability maxi∈{1,...,D} τi(m), given52

τi(m|π1 . . . πD, µ1 . . . µD, σ1, . . . , σD) = πiϕ(m|, µi, σi)/
D∑

d=1

πdϕ(m|µd, σd).

51The addon was programmed by Partha Deb, Hunter College and the Graduate Center, City University of

New York, USA partha.deb@hunter.cuny.edu.

52For more on �nite mixture models see McLachlan and Peel (2000).
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9 Appendix B
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Figure 1 � Distribution of answers to the SOEP income satisfaction question in 2009. Dashed

lines separate the three sections outlined by the questionnaires formulation and the missing values.

Own calculations.
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Figure 2 � Illustrative example of the indicator smoothing concept applied to the relationship

between income satisfaction and income based on real SOEP data of the year 1985. Here the

jump function is combined with a third degree polynomial. Own calculations.
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Figure 3 � Grid search results in 5 Euro steps using the linear probability model. Baseline is set

as the R-squared of regressions without dummy. The highest value is normalized to 1. Top left

(a) result for 1985, top right (b) for 1995, bottom left (c) for 2005 and bottom right (d) for

2009. Own calculations.
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Figure 4 � Grid search results in 5 Euro steps using the 3-years �xed e�ects panel model. Baseline

is set as the R-squared of regressions without dummy. The highest value is normalized to 1. Top

left (a) result for 1985-1987, top right (b) for 1995-1997, bottom left (c) for 2005-2007 and

bottom right (d) for 2007-2009. Own calculations.
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Figure 5 � Probability plots for not being dissatis�ed with income based on �xed e�ects estimation

with and without the income dummy variable. The plots are valid for a reference person with

zero valued control variables as in Table 2, models (2) and (3). Own calculations.
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Figure 6 � Time series: SDPLs based on LPM, FE, NLS and FENLS estimations and the 60%

poverty line. Left (a) in Euros, right (b): as median percentage. Own calculations.
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Figure 7 � Left (a): Time series of the (marginal) probability e�ect of the PTR transition based

on the LPM, FE, NLS and FENLS estimations. A single outlier in 1989 was set to the bootstrap

mean for the FENLS. Right (b): Time series of the length of the PTR based on NLS and FENLS

estimations and their one sided percentile based bootstrap 90% con�dence intervals. Outliers in

1987, 1990, 2001 for the NLS were set to their bootstrap means. Own calculations.
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Figure 8 � Fixed E�ects SDPL poverty lines based on the complete ECHP panel information.

95% con�dence intervals are provided based on bootstrap estimation. Results based on the BHPS

1994-2001 and on the SOEP 1994-1996 are provided for comparison. Own calculations.
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dep. var. : income satisfaction (1) (2) (3) (4)

income .0002088*** .0001552*** .0002376*** .0001902***

income2 -6.41e-08*** -3.59e-08*** -5.69e-08*** -4.29e-08***

income3 5.69e-12*** 2.00e-12*** 3.24e-12*** 2.25e-12***

incdum .0902269*** .0799031*** .0873776***

married .0475478*** -.0005017 6.54e-06

separated -.0890270** -.0265090 -.0270401

sex .0104854*

age -.0046393***

age2 .0000521*** -.0000744 -.0000708

e -.0179378**

child 0-3 .0163940 -.0053448 -.0011421

child 4-11 .0080097 .0365091** .0381299**

child 12-17 .0226381*** .0288710*** .0289072***

jobless X jobless other

0 1 -.0041254 -.0024654 -.0025651

1 0 -.1467259*** -.1056438*** -.1100456***

1 1 -.1323874*** -.1583044*** -.1674143***

in education -.0096857 -.0317808** -.0308935**

retired -.0002229* -.0232619 -.0199658

part-time .0032601 -.0316423* -.0313248*

out of labor force -.0238282 -.0781198*** -.0787139***

owner .0213148***

months unempl. bene�ts -.0017560 .0007395 .0008081

months unempl. assistance -.0058263 -.0078976** -.0080673***

months social assistance -.0030641 .0015851 .0010559

university -.0232552**

abitur/voc. training -.0096111

disability degree -.0002323* .0000624 .0000258

ill -.0003014* 1.25e-08 -4.74e-06

newborn -.0943048*

newly married -.0582913**

newly disabled -.0338399

new death .0840644***

newly divorced -.2116805**

new child u14 left -.0373934

soon divorced .0673761

soon married .0676058***

_cons .7468746*** .9253191*** .9192893*** .6858231***

Observations 13151 35771 35771 35771

R2 0.1316 0.0390 0.0341 0.0247

Location of Maximum 675 675 - 675

∗ p<0.1 ∗∗ p<0.05 ∗∗∗ p<0.01

Table 1 � Year 1998, income satisfaction dummy as regressand. (1) LPM with the best income

dummy �t, (2) 3-years FE panel model with the best income dummy �t, (3) as (2) without

dummy and (4) as (2) without additional controls. Robust standard errors. Own calculations.
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dep. var. : income satisfaction (1) (2) (3) (4)

income .0000527*** .0000437*** .0000795*** .0000530***

income2 -3.55e-09*** -2.61e-09*** -4.70e-09*** -3.09e-09***

income3 2.37e-12*** 3.23e-14*** 5.79e-14*** 3.78e-14***

incdum .1337918*** .0900829*** .1010768***

married .0219009*** .0271412 .0139223

separated -.0000279 .0329272 .0369348

sex .0115466*

age -.0072594***

age2 .0000676*** -.0000358 -.0000437

e -.0061185

child 0-3 .0391889*** .0484145*** .0519664**

child 4-11 .0095827 .0223486 .0239098

child 12-17 .0090761 .0059450 .0074916

jobless X jobless other

0 1 -.0105735 -.0196849 -.0230573

1 0 -.1265161*** -.1656058*** -.1752323***

1 1 -.0376719 -.1406440*** -.1559932***

in education -.0122396 -.0179335 -.0212733

retired .0211099 -.0202260 -.0223186

part-time -.0081407 -.0261201 -.0299941*

out of labor force .0065805 -.1089817*** -.1130105***

owner .0135794**

months unempl. bene�ts -.0053308 .0025754 .0024671

months unempl. assistance -.0083573*** .0017857 .0020511

months social assistance -.0060898 .0014436 .0009512

university -.0042473

abitur/voc. training -.0009225

disability degree -.0004776*** .0005772* .0005917*

ill -.0004839** -.0003344** -.0003449**

newborn -.0608937

newly married -.0013687

newly disabled .0027484

new death .0965823***

newly divorced -.0020439

new child u14 left .0501440**

soon divorced -.1353558

soon married -.0778485

_cons .8866412*** .8850434*** .9270529*** .7641366***

Observations 17882 53704 53704 53704

R2 0.1553 0.0395 0.0313 0.0213

Location of Maximum 875 965 - 965

∗ p<0.1 ∗∗ p<0.05 ∗∗∗ p<0.01

Table 2 � Year 2008, income satisfaction dummy as regressand. (1) LPM with the best income

dummy �t, (2) 3-years FE panel model with the best income dummy �t, (3) as (2) without

dummy and (4) as (2) without additional controls. Robust standard errors. Own calculations.
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(1) (2) (3) (4)

dep. var.: SDPL coe�. P-value coe�. P-value coe�. P-value coe�. P-value

Gini -1.548∗ 0.059 -1.287∗∗ 0.017 -1.060 0.171 -1.356∗∗ 0.011

GDP per capita -0.186∗∗ 0.048 -0.245∗∗ 0.016 -0.317∗∗∗ 0.005 -0.297∗∗∗ 0.004

Employment -0.280 0.470 -1.224∗∗∗ 0.002 -1.089∗∗∗ 0.006 -1.316∗∗∗ 0.001

Urban -0.335 0.189 0.292∗ 0.074 -0.021 0.913 -0.222 0.142

Life Expectancy -0.647 0.713 -2.454 0.156 -2.658 0.179 -2.999∗ 0.093

Age Dependency Ratio 2.441 0.129 -2.245∗∗∗ 0.004 -0.980 0.291 -2.209∗∗∗ 0.005

Mediterranean -0.857 0.884 -7.064 0.311

Benelux 22.027∗∗ 0.016 6.030 0.181

Scandinavian 7.071∗ 0.051 -0.089 0.988

Year -1.443 0.262 0.642 0.512 0.249 0.781 0.633 0.496

cons 46.428∗∗∗ 0.000 48.317∗∗∗ 0.000 48.967∗∗∗ 0.000 46.958∗∗∗ 0.000

Number of Observations 65 65 86 86

R-squared 0.408 0.351

∗ p<0.1 ∗∗ p<0.05 ∗∗∗ p<0.01

Table 3 � POLS country panel estimations with the SDPL as poverty line for 13 ECHP countries.

Models (3) and (4) make use of multiple imputation. Standard errors are clustered. Own

calculations.
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