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1 Introduction

The impact of poverty during childhood on individuals’ economic outcomes later in life is a topic of

active research and a major policy concern in many developed as well as developing countries. In the

US, children as a group are disproportionately represented among the poor: roughly one in five live

in poverty compared with one in eight adults (US Census Bureau 2014). Moreover, according to data

from the Urban Institute about two out of every five children spent at least one year in poverty before

turning 18. Persistently poor children are then 43% less likely to finish college than poor children, and

13% less likely to finish high school (Ratcliffe, 2015). In Europe the picture is similar. From the latest

data provided by EUROSTAT, in 2014 in the EU-28 children were the population age group with the

highest risk of poverty or social exclusion. The share of children living in a household at risk of poverty

or social exclusion ranged from 16-18% in the Nordic countries, Slovenia and the Netherlands to 40-

52% in Hungary, Romania and Bulgaria. Moreover, 50.5% of children whose parents’ highest level of

education was low were at risk of poverty compared to 8.0% of children whose parents’ highest level

of education was high (Eurostat, 2016). In the European Union the education level of current adults is

related to the level of education of their parents in all the Member States, with an average association

index for being low educated of 14.7 for adults having low educated parents. In 2011, in Bulgaria and

Croatia, this association index was more than 40, while in Norway, Estonia, Denmark and Finland, it

was less than 5. This association index is calculated as an odds ratio and measures how strongly the low

level of education of adults is related to the low level of education of parents compared to the high level

of education of parents (Grundiza and Lopez Vilaplana, 2013).

The economic literature on intergenerational transmission focuses typically on the estimates of the in-

tergenerational elasticity in income or earnings of parents and their offspring. Fewer studies focus on

poverty persistence across generations (see among others Mayer (1997); Shea (2000); Acemoglu and

Pischke (2001); Ermisch et al. (2004)). These papers find significant impacts of parental income or

parental financial difficulties on children human capital accumulation and later labor market outcomes,

in the range of 5% decrease in education given parental joblessness for Britain, and a 1.4 percentage

point increase in the probability of attending college for an increase of income of 10% for the United

States. Blanden et al. (2007) analyze in detail the association between childhood family income and

later adult earnings among sons, exploring the role of education, ability, non-cognitive skills and labor

market experience in generating intergenerational persistence in the UK. They do so by decomposing

the estimated mobility coefficient conditional on those mediating variables. They show that inequali-

ties in achievements at age 16 and in post-compulsory education by family background are extremely

important in determining the level of intergenerational mobility. In particular they find a dominant role
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of education in generating persistence. Cognitive and non-cognitive skills both work indirectly through

influencing the level of education obtained, with the cognitive variables accounting for 20% of intergen-

erational persistence and non-cognitive variables accounting for 10%.

Although many contributions agree that growing up in a poor family is associated to the probability

of falling below the poverty threshold in adulthood, the key contentious question for policy is whether

this association is truly causal in the sense that poverty in childhood per se influences later outcomes

or whether it is driven by other factors correlated with both childhood poverty and later outcomes,

such as family structure, neighborhood influences, genetic transmissions, etc. Moreover, it is relevant

for policy to examine plausible causal channels through which being born poor affects the individual’s

economic and social status as an adult. An important part of this poverty persistence is likely to be driven

by the effect of parental background on cognitive skills acquired by children in formal (and informal)

education. Recent studies show that educational differences tend to persist across generations, and

differences in such persistence explain a large share of the cross-country variation of intergenerational

wage correlations (e.g. Solon (2004)).

Experiencing financial difficulties while growing up is not the only determinant of outcomes later in life.

Because of the complexity of the process, different statistical techniques have been used, each of which

relies on a different set of assumptions. In particular, siblings difference models and instrumental vari-

ables approaches have been applied to similar questions. However, the first method does not guarantee

that estimates are unbiased, since there may remain some child-specific factors contributing to potential

bias and the estimates are based on a selected type of family that could be different with respect to other

factors affecting the outcome of the child, as well as their poverty status. The alternative method suffers

from the difficulty to find an additional variable which determines childhood poverty status and which

at the same time has no direct influence on the outcome variable, i.e. a good instrument, resulting in

possible weak instrument bias and anyway providing only local average effect of childhood poverty.

This paper is addressing the following questions: Does living in poverty as a child cause poverty in

adulthood? If so, is education driving this causal effect?

We contribute to the above mentioned literature in three ways: i) we apply a potential outcomes frame-

work to quantify the impact of experiencing financial difficulties while growing up; ii) we analyze the

channel of this poverty transmission, introducing individual human capital accumulation as an inter-

mediate variable and iii) we provide an extensive sensitivity analysis on unobserved confounders (e.g.

parental ability) for both the direct and indirect impact.

Our analysis is based on the module on intergenerational transmission of 2011 of the EU-SILC data,1

1http://ec.europa.eu/eurostat/web/income-and-living-conditions/overview.
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where retrospective questions about parental characteristics (such as education, age, occupation) were

asked. We find that, even considering possible unobserved confounders, such as child ability, being

poor in childhood significantly decreases the level of income in adulthood and increases the average

probability of being poor. Moreover, our results reveal a significant role of human capital accumulation

in this intergenerational transmission.

The remainder of the paper is organized as follows. Section 2 introduces the estimation strategy and

in Section 3 the data used through the whole paper are described. In Sections 4 and 5 we analyze the

average and the distributional impact of growing up poor, respectively, while in Section 6 we focus on the

mechanism behind this impact, analysing the role of education. Section 7 provides some heterogeneous

effects by welfare state regime and Section 8 presents sensitivity analysis and robustness checks of our

results. Finally, Section 9 concludes.

2 Estimation strategy

As briefly reviewed in our introduction, standard parametric models rely on strong assumptions about

parents’ and individuals’ behavior as well as about the mechanisms of poverty transmission. In this

paper we apply a different approach to this question and we follow the framework of potential outcomes

approach for causal inference (Rubin, 1974, 1978), which considers a randomized experiment where (a)

subjects are randomly selected from the target population; (b) a binary treatment is randomly allocated

to the subjects; (c) there are no hidden versions of the treatment and there is no interference between

units (Stable Unit Treatment Value Assumption - SUTVA) as the golden standard for estimating causal

effects.

In our context it is not possible for obvious ethical reasons to design such a randomized experiment on

our population of interest (poor children), but even if we were able to randomly give unconditional cash

transfer to poor parents today, we would not be able to analyze the long term impact of it on the children

before another 15 to 20 years. 2 Therefore, in our study, the critical problem of non-random treatment

assignment (assumption (b) above) implies that additional assumptions have to be made in order to

estimate the causal effects of the treatment. An important identifying assumption is the selection on

observables (unconfoundedness) (Rosenbaum and Rubin, 1983).3

Let us consider a set of N individuals, and denote each of them by subscript i: i = 1, . . . , N . Let

2See for example Haushofer and Shapiro (2016) for the short term impact of such transfers or Aizer et al. (2016) for an
estimate of the long-run impact of cash transfers which compare accepted and rejected applicants to the Mothers’ Pension
program in the United States (1911-1935).

3For a review of the statistical and econometric work focusing on estimating average treatment effects under this assump-
tion, see Imbens (2004).
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Ti indicate whether a child was growing up in a poor household, Ti = 1 (treated), or not, Ti = 0

(control). For each individual, we observe a vector of pre-treatment variables, Xi and the value of the

outcome variable associated with the treatment, Yi(1) for being a poor child, Yi(0) for not being a poor

child. The central assumption of our approach is that the “assignment to treatment” is unconfounded

given the set of observable characteristics: Yi(0), Yi(1) ⊥ Ti|Xi. If the average treatment effect of

interest is the “Average Treatment on the Treated” (ATT), the unconfoundedness assumption is then

reduced to: Yi(0) ⊥ Ti|Xi, where, within each cell defined by X , treatment assignment is random,

and the outcome of controls are used to estimate the counterfactual outcome of treated in case of no

treatment. Let p(X) be the probability of growing up in a poor household given the set of covariates

X: p(X) = Pr(T = 1|X = x) = E[T |X = x]. Following Rosenbaum and Rubin (1983), treatment

and potential outcomes are independent also conditional on p(X): Yi(0), Yi(1) ⊥ Ti|p(X), thus, for a

given propensity score value, exposure to treatment can be considered as random and thus poor and

non poor children should be on average observationally identical. Therefore, we apply a propensity

score matching method to select a control group of non-treated individuals (in this case non poor as

a child) who are very similar to treated individuals conditional on a set of observable characteristics

(parental characteristics, family composition, and other features fixed in childhood, such as the number

of siblings) (unconfoundedness). The matched samples of poor and non-poor children will then be used

to assess impacts on adulthood outcomes. Formally, given the population of units i, if we know the

propensity score p(Xi), then the average effect of being poor on those exposed to poverty (ATT) can be

written as follows:

τt = E[Y1i − Y0i|Ti = 1] = Ep(Xi)|Ti=1[E[Y1i − Y0i|Ti = 1, p(Xi)]] = Ep(Xi)|Ti=1[E[Y1i|Ti =

1, p(Xi)]]− Ep(Xi)|Ti=1[E[Y0i|Ti = 0, p(Xi)]]

As previously introduced, we also analyze a mechanism behind this average effect. Human capital

accumulation is essential to the individual’s cognitive and non-cognitive abilities development and a key

factor to the long-term reduction of poverty. Human development itself is very often the main target of

a range of policies in both developed and developing countries. Hence, a better understanding of the

interaction between cognitive skills development and the reduction of poverty will help to design more

effective policies interventions. In order to do so we use a causal mediation analysis. The mediation

analysis aims at quantifying the relative importance of a particular mechanism through which the effect

of the treatment is mediated.

Several ways to conceptualize the mediatory role of an intermediate variable in the treatment - out-

come relationship have been proposed in the causal inference literature. These methods cover semi-

and non-parametric estimation procedures (Imai et al., 2010b; Pearl, 2001b,a; Hafeman and Schwartz,

2009), matching based on the propensity score (Hill et al., 2003), weighting procedures (Peterson et al.,
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2006; VanderWeele, 2009; Hong, 2010), principal stratification approach (Frangakis and Rubin, 2002;

Jo, 2008; Jo et al., 2011) and the g-computation based algorithm (Robins and Greenland, 1992). As

emphasized by a recent work of Linden and Karlson (2013), many of these methodologies are conceptu-

ally interconnected, or serve as basis for the extension of other techniques. For example, the propensity

score (Rosenbaum and Rubin, 1983) performs as a way of coping with the Sequential Ignorability as-

sumption, in either a separate procedure (Hill et al., 2003) or as a basis for weighting and principal

stratification (Peterson et al., 2006; VanderWeele, 2009; Hong, 2010; Jo et al., 2011). One of the most

popular framework for identifying and estimating causal mechanisms is the above mentioned princi-

pal stratification approach (PRS). 4 PRS defines causal effects by comparing individuals with the same

potential values of the post-treatment variable under each of the treatment status (Frangakis and Rubin,

2002; Joffe et al., 2007). In particular, the use of PRS allows the introduction of direct versus indirect ef-

fects, analyzing the notion of causality when controlling for post-treatment variables (Mealli and Rubin,

2003; Rubin, 2004). Flores and Flores-Lagunes (2009) study more in detail the relationship of the con-

cept of direct versus indirect effects with respect to the total average treatment effect, and they formally

discuss the identification and estimation of causal mechanisms and net effects under different assump-

tions. More recently, Huber (2014) shows the identification of causal mechanisms of a binary treatment

variable under the unconfoundedness assumption, basing his estimation strategy on inverse weighting.

This significant increase in the number of methods recently introduced to conduct mediation analysis

leads to the question of how they should be compared and selected. Huber et al. (2016) help address this

question using a simulation study based on Swiss jobseekers data in order to investigate the finite sample

properties of different classes of parametric and semi-parametric estimators under sequential conditional

independence assumptions. Linden and Karlson (2013) apply instead a variety of methods to the JOBS

II dataset used in Imai et al. (2010a,b) and to simulated data in a Monte Carlo study. In the first analysis,

the so-called g-computation technique dominates, but differences between estimators are often minor in

the various scenarios. The second study also suggests that some methods perform better than others,

but no significant difference was found among best methods in terms of performance. In particular, in

this latter case, the approach by Imai et al. (2010a,b) is among the best performers overall, and, given

its flexibility in terms of models for outcomes and mediating variables and the possibility of conducting

sensitivity analysis with respect to key identification assumptions, it can be easily implemented in most

scenarios often met in applied research. Therefore, acknowledging that in our specific context there

might exist potential unobserved variables that confound the outcome and mediator relationship even

after controlling for a rich set of information, as the one included in our EU-SILC data, we follow the

4As we do not aim to completely review the vast literature on the topic, we refer here to some of the main works recently
developed in the framework of Principal Stratification and inverse weighting.
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procedure described in Imai et al. (2010a), that allows us to assess the sensitivity of the estimated causal

mediated effect to unobserved confounders. Formally, let Mi(t) denote the potential value of the medi-

ating variable for unit i with the treatment T = t, and let Yi(t,m) denote the potential outcome if T = t

and M = m. Under the framework of potential outcomes, the causal effect is the result of a comparison

between the two potential results. This is considered as the basic problem of causal inference, and it is

true also in mediation analyzes, where the observed outcome Yi(Ti,Mi(Ti)) depends on both the treat-

ment status and the value of the mediator under the observed treatment level. Unlike the identification of

the average treatment effect, identifying direct and indirect effects requires more stringent assumptions

than random assignment. In this setting, an additional assumption is therefore required, the so-called

sequential ignorability (SI):

Yi(t
′,m),Mi(t) ⊥ Ti|Xi = x (1)

Yi(t
′,m) ⊥Mi(t)|Ti = t,Xi = x (2)

where 0 < Pr(Mi = m|Ti = t,Xi = x) and 0 < Pr(T = 1|X = x), for t = 0 and t = 1, is in

the common support of Xi and Mi, respectively. Assumption 1 is the standard unconfoundedness as-

sumption, where treatment assignment is assumed to be independent of potential outcomes and potential

mediating variables, conditional on pre-treatment characteristics. Assumption 2 states that the mediator

variable is now ignorable, given the observed treatment level and the observed characteristics, that is,

among those individuals with the same poverty status and the same pre-treatment observable character-

istics, the level of education can be considered as if it were randomized. The average causal mediation

effects can be then consistently estimated by nonparametric identification, that is, under the SI assump-

tion, the distribution of any counterfactual outcome is identified without being based on any specific

model. 5 In particular, Imai et al. (2010a) propose an algorithm to estimate the average causal media-

tion effects based on the quasi-Bayesian Monte Carlo approximation proposed by King et al. (2000), in

which the posterior distribution of the quantities of interest is approximated by their sampling distribu-

tion. This procedure can be used for any parametric specification and, as explained in Imai et al. (2010a),

it is based on the following steps:1) Fit the models for the observed outcome and mediator variables.

2) Simulate the model parameters from their sampling distribution. 3) Repeat the following three steps:

i) simulate the potential values of the mediator, ii) simulate the potential outcomes given the simulated

values of the mediator, iii) compute the causal mediation effects. 4) Compute summary statistics such

as point estimates and confidence intervals.

Our key quantity of interest is the change in the outcome (children outcomes later in life) corresponding

5Refer to the Theorem on Nonparametric Identification in Imai et al. (2010a).
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to a change in the mediating variable from the level that would be observed under the control status

Mi(0) (higher education when not growing up in poverty), to the level that would be observed under

the treatment status Mi(1) (higher education when growing up in poverty), while holding the treatment

variable constant at t (conditional on those growing up poor as a child). In particular, we are interested in

the average causal mediation effect (ACME) defined as: τ̄t = E[Yi(t,Mi(1))−Yi(t,Mi(0))]. Similarly,

we can define the average direct effect (ADE) as follows: γ̄t = E[Yi(1,Mi(t))− Yi(0,Mi(t))].

In our study the mediating variable is binary (achieving at least secondary education) and a probit model

is used:

Mi = 1 {M∗i > 0} (3)

where

M∗i = α2 + β2Ti + ξ′Xi + εi2.

When the outcome variable is continuous (equivalized disposable income) a linear regression model is

implemented:

Yi = α3 + β3Ti + κTiMi + γMi + ξ′Xi + εi3, (4)

while when our outcome is binary (adult poverty) a probit model is implemented.6

The error terms are independently and identically distributed (iid) following a standard normal distribu-

tion and a normal distribution with V ar(εi3) = σ2
3 for εi2 and εi3, respectively:

εi2 ∼ N (0, 1) εi3 ∼ N (0, σ2
3)

and we assume a bivariate normal distribution of the error terms, with mean zero and covariance ρσ2
3 ,

where ρ is the correlation between the two error terms. 7

The ACME is computed as the average difference in predicted disposable income under the treatment

across the levels of high school graduation with and without having experienced poverty (Hicks and Tin-

gley, 2011). Moreover, since assuming no interaction between the treatment and the mediator variable

is often unrealistic, we also include the interaction term in equation 4. Such an interaction might arise

if, for example, the effect of the educational level depends on whether the individual grew up in poverty

or not.

Following this approach, we provide in section 6 information on the extent to which a causal effect of

growing up in poverty on later outcomes is due to the causal effect of growing up poor on human capital

6Yi = 1 {Y ∗i > 0} where Y ∗i = α3 + β3Ti + κTiMi + γMi + ξ′Xi + εi3.
7This will allow us to run a sensitivity analysis by deriving mediation effects as a function of ρ, estimating the ACME under

a series of ρ values different from zero.
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accumulation. Moreover, we provide sensitivity analyzes to quantify the extent to which our empirical

findings are robust to the existence of unobserved confounders.

3 Data

The analysis is based on data from the European Union Statistics on Income and Living Conditions (EU-

SILC), which provides comparable, cross-sectional data on income, poverty, social exclusion and living

conditions in the European Union.8 For the specific purpose of this paper we use the module on inter-

generational transmission of 2011,9 where retrospective questions about parental characteristics (such as

education, age, occupation) referring to the period in which the interviewee was a young teenager (be-

tween the age of 14 and 16) were asked to each household member aged over 24 and less than 66. We

define an individual as experiencing poverty while growing up if she/he reported the financial situation

of the household as very bad or bad in her/his early adolescence.10

We are aware that individuals may suffer from retrospective recollection bias.11 A recall bias would be

present if there are selective preconceptions between groups of individuals (rich or poor, more or less

educated) about the association between having experienced financial problems during childhood and

the outcome of interest (income and education). In our context we argue that the type of questions asked

are less affected by this problem compared, for example, with a direct question on the level of income

in the household during the same period. In support of our argument on the validity of this measure,

previous studies in the fields of medicine and psychology have found that the retrospective recall in

adulthood of serious negative experiences in childhood is sufficiently valid, and it is more likely to have

significant under-reporting than “false-positive” (see Hardt and Rutter (2004) for a review). In particular,

closer to our setting, results from a test for concordance between siblings performed by Robins et al.

(1985) show that young children are likely to have a general concept of whether the family was rich or

poor, and, more importantly for the validity of treatment-control group analysis, they found no difference

in the sibling agreements between group of patients with alcoholism or depression, and a control group

free of psychiatric disorder, suggesting that interviews requiring recall of childhood environment may

be reasonably valid. 12

8Refer to chapter 2 in Atkinson et al. (2017) for a detailed description of this database.
9This module was also asked in 2005, but given that the questions related to our main treatment are not comparable and the

2011 module provides more background variables on the parents, we decided here to focus on this last one. For a preliminary
analysis of the 2005 module refer to Bellani and Bia (2017).

10As a robustness check we use a different definition of childhood poverty based on the ability of making ends meet. The
results are presented in Section 8.

11Recall bias is said to occur when accuracy of recall is different by outcome.
12Refer also to Akerlof and Yellen (1985) and Jürges (2007) for examples of the use of retrospective questions in the context

of occupational mobility and their accuracy.
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Table 1: Descriptive Statistics

mean sd min max
Child characteristics
quarter of birth 2.46 1.11 1 4
year of birth 1965.8 5.97 1956 1976
sex 1.53 0.50 1 2
country of birth==EU 0.034 0.18 0 1
country of birth==OTH 0.049 0.22 0 1
Parents characteristic
year of birth of father 1935.9 8.57 1907 1957
year of birth of mother 1938.9 8.26 1913 1959
father not born in country of residence 0.11 0.31 0 1
mother not born in country of residence 0.11 0.31 0 1
father primary education 0.62 0.48 0 1
mother primary education 0.69 0.46 0 1
father self-Employed 0.18 0.39 0 1
father Employee 0.80 0.40 0 1
mother self-Employed 0.10 0.31 0 1
mother Employee 0.49 0.50 0 1
Household characteristic
Single parent 0.036 0.19 0 1
Tenancy status== Owner 0.73 0.45 0 1
n. of adult in hh 2.51 0.97 1 7
n. of children in hh 2.31 1.22 0 7
n. of person in work 1.85 0.88 0 6
Treatment
Poor as child 0.10 0.30 0 1
Outcomes
At least secondary education 0.79 0.40 0 1
Income 4.02 0.41 0.40 5.03
Poor as adult 0.14 0.34 0 1
Observations 108747

We use as predictors of the probability of experiencing poverty in growing up the individuals’ country

of residence and of birth, the gender, the year and quarter of birth, single parenthood, year and country

of birth, highest level of education, main occupation of the father and of the mother, the tenancy status,

the number of adults, children and persons in the labor force in the household.

The outcomes in adulthood that we are interested in are the log of the equivalised income,13 and the risk

of poverty (defined as having an equivalised income lower than 60% of the median in his/her country

in that year). As already mentioned at the end of Section 2, as intermediate outcome we analyze the

probability of having completed at least secondary education. We further restrict our sample to the

individuals in working age between 35 to 55 to maintain a degree of homogeneity in the period of the

life cycle in which the outcomes of interests are measured.14

As presented in tables 1 and 2, we are left with a sample of more than 100,000 individuals, belonging

13We use equivalised disposable income that is the total income of a household, after tax and other deductions, that is
available for spending or saving, divided by the number of household members converted into equalized adults; household
members are equalized using the so-called modified OECD equivalence scale.

14See for example Chetty et al. (2014) who show that life cycle bias in measure of intergenerational mobility are negligible
when the child income is measured after age 32 .
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Table 2: T-test on the control variables means by treatment and mediator status

Poor Secondary Education
No Yes Diff No Yes Diff

quarter of birth 2.46 2.45 0.01 2.45 2.46 -0.01
year of birth 1965.92 1964.48 1.44∗∗∗ 1964.95 1965.98 -1.04∗∗∗

sex 1.53 1.52 0.01 1.53 1.53 -0.00
n. of adult in hh 2.48 2.70 -0.21∗∗∗ 2.74 2.44 0.29∗∗∗

n. of children in hh 2.25 2.86 -0.60∗∗∗ 2.65 2.23 0.42∗∗∗

n. of person in work 1.87 1.77 0.10∗∗∗ 1.87 1.85 0.02∗∗∗

year of birth of father 1936.08 1934.31 1.77∗∗∗ 1934.47 1936.27 -1.81∗∗∗

year of birth of mother 1939.14 1937.24 1.90∗∗∗ 1937.48 1939.33 -1.85∗∗∗

Single parent 0.03 0.08 -0.05∗∗∗ 0.03 0.04 -0.01∗∗∗

country of birth==EU 0.03 0.04 -0.01∗∗ 0.04 0.03 0.01∗∗∗

country of birth==LOC 0.92 0.89 0.03∗∗∗ 0.90 0.92 -0.02∗∗∗

country of birth==OTH 0.05 0.07 -0.02∗∗∗ 0.06 0.05 0.01∗∗∗

father not born in country of residence 0.10 0.13 -0.03∗∗∗ 0.11 0.11 0.00
mother not born in country of residence 0.10 0.13 -0.03∗∗∗ 0.11 0.10 0.00
father primary education 0.60 0.83 -0.23∗∗∗ 0.90 0.55 0.35∗∗∗

mother primary education 0.67 0.88 -0.22∗∗∗ 0.94 0.62 0.31∗∗∗

Tenancy status== Owner 0.74 0.61 0.12∗∗∗ 0.69 0.74 -0.05∗∗∗

father Employee 0.81 0.73 0.08∗∗∗ 0.73 0.82 -0.09∗∗∗

father self-Employed 0.18 0.22 -0.04∗∗∗ 0.24 0.16 0.08∗∗∗

mother Employee 0.50 0.33 0.17∗∗∗ 0.28 0.54 -0.27∗∗∗

mother self-Employed 0.10 0.14 -0.04∗∗∗ 0.13 0.10 0.03∗∗∗

Note: ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

to the 28 European Union’s countries,15 of which 10% reported to have experienced poverty growing

up.16 Among those we have on average more first generation migrants (11% against 8%), more children

of single parent (8% versus 3%) and more children with mother out of the labor force (more than 50%

against 40%). The most sizable significant difference among these two groups of children can be found

with respect to parental education, the poor being around 23 percentage points more likely to have at

maximum a primary education degree. This difference is even more pronounced once we look at indi-

viduals who have less than secondary education, of which almost 95%(90%) have a mother (father) with

only a primary education degree, 30 (35) percentage points more than in the more educated group. Also

remarkable is the higher difference in maternal employment, the individuals with less than secondary

education are around 24 percentage points more likely to have a mother out of the labor force (almost

60%). Interestingly there is not significant difference in the parental migration status.

To give a better sense of how representative is our sample with respect to the total population, we can

look at the average risk of poverty in 2011 in the EU-27, as reported by EUROSTAT. This was of 24.2%

of the total population. If we then focus on people between 25 and 54 years old, closer to our sample

of interest, this percentage is 22.9 of the total population. Knowing that around 42% of the EU-27

population is in this range of age, while 29% is in the range we are interested in, we can easily see that if

15Refer to table A1.1 for a list of the countries included in our study.
16In table A1.2 we provide the results of a test on the average differences in the relevant outputs between our sample and

the sample of individuals in the same range of age with missing value of our treatment variable. We can notice that there is no
difference in their poverty risk, but the individual in our sample are on average richer and slightly less educated.
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poverty risk was uniform in this age group, around 15% of our adult population should be poor to be in

line with the official data. Our sample shows a slightly lower poverty risk, 14%, and it could be credibly

argued that this is due to the higher poverty risk in the age group between 25 and 29 years (25.5% of the

overall population), who is excluded by construction from our sample.

4 Impact of experiencing poverty on adult outcomes

As a first step in the analysis we estimate by means of a probit model each individual’s propensity score,

i.e. his/her probability to be poor in childhood given the observed characteristics introduced in the previ-

ous section. In our unmatched sample the propensity score has a mean value of .11, a median of .08 and

a standard deviation of .1.17 As already explained in Section 2, the propensity score is a balancing score

(Rosenbaum and Rubin, 1983), that is, within strata with the same value of p(X) the probability that

T ={0, 1} (being poor or not) does not depend on the value of X. This balancing property, combined

with the unconfoundedness assumption, implies that, for a given propensity score, exposure to a treat-

ment status is random and therefore treated and control units should be on average “similar” conditional

on observable characteristics. As a result, to be effective, propensity score based methods should balance

characteristics across treatment groups. The extent to which this has been achieved can be explored by

comparing balance in the covariates before and after adjusting for the estimated propensity score (PS).

Figure 1 (a) provides the standardized bias (in percentage) for unmatched and matched units,18 showing

a huge improvement in the balancing property when adjusting for the PS, with a bias always around 0.

Another important requirement for identification is given by the common support, which ensures that

for each treated unit there are control units with the same observables. In the matched sample, the com-

parison of baseline covariates may be complemented by comparing the distribution of the estimated PS

between treated and controls, as shown in figure 1(b).

As a second step, we apply a single nearest-neighbor matching to remove bias associated with differ-

ences in covariates19 and estimate the effects of being poor on adulthood outcome, primarily equivalent

income and being at risk of poverty. 20

In order to check the robustness of our results, we perform also a doubly-robust estimation of our treat-

17For the results of this first step refer to column (1) of table A1.4 in the Appendix A.1. Note that as a robustness check we
have been estimating this probability also using interaction terms, the results are presented in Section 8.

18The reduction of bias due to matching is computed as: BR = 100(1 − BM
B0

) where BM is the standardized bias after

matching BM = 100(x̄MC−x̄MT )√
S2
MC

+S2
MT

2

and B0 is the standardized bias before matching B0 = 100(x̄0C−x̄0T )√
S2
0C

+S2
0T

2

, where subscript M

denotes after matching, 0 denotes before matching.
19To note that not only the mean value of the difference between the propensity score of the treated individual and the one

of his/her nearest neighbor is zero but also it is zero for the 99% of our data, reaching a maximum value at 0.03.
20In our analysis we use the psmatch2 Stata package (Leuven and Sianesi, 2003).
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(a) (b)

Figure 1: Standardized bias and common support

ment effect, which combines the entropy balancing method proposed by Hainmueller (2012) with a

least squares (or probit) regression of the outcome on the treatment variable. This balancing method

constructs a weight for each control observation such that the sample moments of observed covariates

are identical between the treatment and weighted control groups. We impose here balance on the sec-

ond moments of the covariate distributions.21 The marginal effect of the treatment is our doubly-robust

estimate of the average treatment effect.22

Results are presented in table 3. The results on income show a substantial decrease in the equivalized

income in adulthood due to exposure to poverty in childhood, of around 5%, equal to an average loss

of around 764 ewhich is half of the average gross monthly earning of people with less than secondary

degree in 2010, in the EU-28. 23 We also find a significant increase in the probability of falling into

poverty of 5 percentage points, which means that on average poor children are 1.5 times more at risk

of poverty in adulthood then the non poor. Regarding our intermediate outcome of interest, our results

show an average of 11 percentage points decrease in the probability of completing at least secondary

education, which means that on average the children who did not experience poverty are 1.8 times more

likely to have at least a secondary education degree. The estimates are overall very close between the

two methods, both in the magnitude and in the significance.

21See table A1.5 in Appendix A.1 for the descriptive statistics of the sample pre and post reweighing.
22The results presented are the average marginal effect of the treatment variable, given by the OLS coefficient estimation

for the continuous variable log of Income, and the average of the marginal effects calculated from the probit estimates for the
probability of being poor in adulthood and to attain secondary education.

23Source: http://ec.europa.eu/eurostat/web/labor-market/earnings/database.
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Table 3: Average Treatment on the Treated

Main Outputs Intermediate Output
Income Poverty Education

Propensity score matching -0.06 0.06 -0.12
[-0.071, -0.043] [0.043 ,0.071] [-0.134, -0.104]

Doubly-Robust Estimation -0.05 0.05 -0.11
[-0.054, -0.044] [0.044 ,0.060] [-0.122, -0.104]

N 108355 108355 107566

Note: 95% Confidence Intervals in brackets.

5 Distributional effect of childhood poverty and education

After having shown that childhood poverty has indeed a relevant detrimental impact on economic out-

comes in adulthood, a fundamental question left to answer to be able to make more effective policy

recommendation regards the channels through which being raised in a poor family affects the individ-

ual’s economic and social status as an adult. In order to do so, as a first step in this direction, we begin by

exploring this impact more in detail presenting and comparing the distributions of income in adulthood

of the children belonging to different groups. At first, we consider the whole sample and compare the

distribution of individuals’ income in both the poor and non-poor group of children without controlling

for their probability of experiencing poverty in childhood. Looking at part (a) in figure 2 we can notice

that not surprisingly the distribution of the non-poor children first order stochastic dominates the other,

implying thus higher social welfare in an hypothetical society in which no one experiences poverty as a

child than one in which childhood poverty is common. More interestingly, when we look at the matched

sample, i.e., the sample where the characteristics of the children are matched such as to not significantly

differ between the poor and non poor, this result still holds, suggesting that even when we control for the

observable characteristics which are associated with experiencing poverty in the first place, the impact

of the parental financial difficulties does predict lower welfare achievement in the next generation24 (see

part (b) in figure 2).

The Kolmogorov-Smirnov test shows in fact that there are significant differences in the income distribu-

tion for these two groups. The largest difference between the distribution functions is of almost 10% in

the unmatched sample which reduces to a 6% in the matched sample, remaining always highly signifi-

cant. Focusing on the risk of poverty, we can see that not only the incidence of poverty is higher, around

21% against 13% (15% in the matched sample) for the non poor children, but also its intensity. Finally,

it is worth to notice that the impact of childhood poverty seems to decrease the income achievable by

24In Figure A1.1 in Appendix A.1 the bottom and the top of the distribution is plotted for both cases to show that the
cumulative densities are not crossing.
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(a) Cumulative Distribution Function-full sample (b) Cumulative Distribution Function-matched sample

(c) Three I’s of Poverty (TIP) curves-Full sample (d) Three I’s of Poverty (TIP) curves-matched sample

(e) Lorenz Curves-full sample (f) Lorenz Curves-matched sample

Figure 2: Distributional Graphs
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(a) Cumulative Distribution Function-matched sample (b) Generalized Lorenz Curves-matched sample

(c) Three I’s of Poverty (TIP) curves-matched sample (d) Lorenz Curves-matched sample

Figure 3: Distributional Graphs-Education

the two groups of children but not to impact how this is distributed within each group (see part (e) and

(f) of figure 2).

Performing the same type of exercise, but focusing on the impact of secondary education, we find that the

individuals having only less than secondary education have consistently lower income at any percentile

of the distribution reaching a maximum of 15% difference with respect to the more educated ones, a

difference which is also in this case highly significant, as we can see from part (a) and (b) of figure

3. When we look at the risk of poverty by educational level these differences are more pronounced, in

fact not only the incidence of poverty is higher, around 27% with respect to 13%, but the difference in

its intensity are of particular significance as the average income of the poor drops at only 54% of the

median income. Inequality, not so surprisingly, is slightly higher for the more educated group (see part

(c) and (d) of figure 3, for poverty and inequality, respectively). To conclude this part, before moving

to the mediation analysis on the role of education, we show in figure 4 the distribution of incomes of

our sample divided in four groups, characterized not only by growing up poor, but also by their own

subsequent educational choice. As we were expecting, the income distribution of the poor children
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(a) Cumulative Distribution Function-matched sample (b) Generalized Lorenz Curves-matched sample

(c) Three I’s of Poverty (TIP) curves-matched sample (d) Lorenz Curves-matched sample

Figure 4: Distributional Graphs-Poverty & Education

without a secondary degree is dominated by all the others, but what is less expected, education does not

seem to be able to offset the impact of having experienced poverty in childhood for the bottom 40% of

the income distribution, while it does so, although never completely, along the rest of the distribution.

If we then look at poverty risk, we can notice that acquiring a secondary degree reduces the incidence

and intensity of poverty quite drastically for the poor children, of whom only 13% are poor, compared

with 11% of the ones who did not experience poverty, while they are consistently less likely to fall into

poverty than the children who did not experience poverty, but who did not obtain higher education, for

whom the incidence of poverty is instead of 23%.

6 The mediating role of education

Our analysis has shown so far that i) the individuals who experience poverty growing up are signifi-

cantly less likely to achieve secondary education and ii) the individuals who have less than a secondary

degree have consistently lower income. Therefore, it seems worth focusing at first on the mediating
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role of human capital accumulation. In order to do so, as introduced at the end of section 2, in this last

part of our analysis we implement a causal mediation analysis to uncover the role of education in the

intergenerational poverty transmission. In particular, we study whether being poor as a child led to sub-

stantial lower levels of income later in life by decreasing the likelihood of at least graduating from High

School. Our mediating variable is therefore secondary education, while the outcomes of interest are the

income level and the poverty risk in adulthood. First, based on the fitted mediator model (eq.3), we

generate predicted secondary education attainment levels for the children who experienced and who did

not experience poverty. Next, we use the outcome model (eq.4) to impute potential outcomes. 25 The

average causal mediation effect (ACME) is computed as the average difference in disposable income

under the treatment across the levels of high school graduation with and without having experienced

poverty. Finally, we repeat the two simulation steps 1000 times in order to estimate the standard errors.

Table 4: Mediation Causal Analysis

Income Poverty

Total Effect -0.05 0.06
[-0.058, -0.045] [0.046, 0.066]

Average
ACME -0.02 0.02

[-0.018, -0.015] [0.016, 0.021]
Direct Effect -0.03 0.04

[-0.041, -0.029] [0.027, 0.047]
Tot.Eff. Mediated 0.32 0.33

[0.285, 0.365] [0.276, 0.400]

Poor
ACME -0.02 0.02

[-0.020, -0.015] [0.017, 0.022]
Direct Effect -0.04 0.04

[-0.043, -0.030] [0.028, 0.049]
Tot.Eff. Mediated 0.34 0.35

[0.302, 0.386] [0.296, 0.428]

Non Poor
ACME -0.02 0.02

[-0.017, -0.014] [0.014, 0.020]
Direct Effect -0.03 0.04

[-0.040, -0.028] [0.027, 0.046]
Tot.Eff. Mediated 0.30 0.30

[0.269, 0.344] [0.256, 0.371]

Note: 95% Confidence Intervals in brackets.

Table 4 shows the estimated ACME, average direct effect and average total effect. The total effect is

equal to−5% of equivalized income and +5p.p. risk of being poor. The indirect effect (ACME), i.e. the

portion of the total effect, conveyed through the educational level, is estimated to be around −2% and

2p.p., suggesting that a significant portion of the average total effect is attributable to a decrease in the

25For the binary outcome risk of poverty we use a probit model.
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probability of graduating from High School. Hence, growing up poor as a child induces a lower level

of education which accounts for more then 30% of the total effect on adult income and on poverty risk.

The impact of education does not show any significant heterogeneous impact by poverty status on both

outcomes.

While education is a major contributor, the part of the transmission mechanisms that remains unex-

plained is substantial (around 3% of income and 4p.p. in the risk of poverty). As a first possible ex-

planation for it, we should remind the reader that, due to data availability, our measure of education

only give us information on the degree completed, but does not allow us to distinguish between different

quality of those degrees. Moreover, the extent to which poverty status is transmitted from parents to

their children also depends on the combined effect of the investment in education and the rate of return

on these investments. The extent to which education is publicly financed and rewarded in the labor

market also matters and it is in turn affected by the way both the society and the market operate in the

environment where the children are raised.

7 Heterogeneous effect by Welfare Regime

In order to analyze possible heterogeneous effects of education due to different welfare regimes, in this

subsection we provide the results for both the direct and the indirect impact of poverty by sub-sample of

countries, defined following the well-known and established classification of Esping-Andersen (1990)

with the addition of the Central and Eastern European countries (Hemerijck, 2012).26

Table 5: Average Treatment Effect on the Treated by Welfare State Regime

Main Outputs Intermediate Output
Income Poverty Education

Continental -0.03 0.01 -0.07
[-0.040, -0.010] [-0.011, 0.032] [-0.097, -0.039]

N. 24733 24733 24648
Mediterranean -0.06 0.07 -0.16

[-0.082, -0.048] [0.037 ,0.094] [-0.190, -0.126]
N. 43618 43618 43343
Social Democratic -0.04 0.03 -0.03

[-0.088, 0.009] [-0.029 ,0.096] [-0.104, 0.036]
N. 4282 4282 4252
Central and Eastern Europe -0.03 0.05 -0.10

[-0.044, -0.014] [0.031 ,0.072] [-0.120, -0.076]
N. 43618 43618 43343
Liberal -0.01 0.00 -0.05

[-0.054, 0.036] [-0.070 ,0.076] [-0.121, 0.013]
N. 4623 4623 4509

Note: 95% Confidence Intervals in brackets.

26See table A1.6 in Appendix A.1 for the categorization of the countries.

19



As presented in table 5, Scandinavian and Anglo-Saxon countries do not show significant causal impacts

of childhood poverty on later life outcomes, while these impacts are most pronounced for Mediterranean

countries, which show a higher income loss (6% vs 3%) and lower probability of attaining at least sec-

ondary education (16p.p. vs 7p.p. and 10p.p., respectively) than both Continental and Central and Easter

European countries. It is quite well known that Scandinavian countries have a robust dual earner model

with universal income security and strong incentive for high female employment participation. There-

fore, the results about this group is not so surprising, suggesting that the average difference in income,

poverty risk and education level existing between poor and non poor children are substantially driven

by the factors who are responsible for childhood poverty in the first place. 27 The results on the Liberal

countries, UK and Ireland, seem at a first glance at odds with previous results in the literature (in particu-

lar regarding the UK) but we ought to remember that previous contributions looked either at general male

earnings mobility (Blanden et al., 2007) or at a particular childhood circumstance, as single motherhood

or joblessness (Ermisch et al., 2004), both of which in this contribution are controlled for. Blanden and

Gibbons (2006) look explicitly at poverty transmission but only at associations, they find that 19% of

men who experienced poverty as teenagers in the 1970s were in poverty in their thirties, compared with

only 10% of those who were not poor in their teens, with the size of the transmission similar at ages 33

and 42. However, when they compare people who had similar teenage family background in other ways

apart from family poverty, they find that the direct effect of teenage poverty becomes small and statis-

tically weak showing that the persistence of poverty from teenage through to middle age can be fully

explained by the other aspects of teenage disadvantage, in particular whether one had low-educated or

non-employed parents.

When we analyze more in detail the mechanisms behind the significant impacts in the Continental,

Mediterranean and the Central and Easter European countries, we can notice that in Continental Europe,

although poor children are on average 7 percentage points less likely to obtain at least a secondary

degree, this does not seem to have a significant direct impact on the lower average income of this

group. Moreover, although Mediterranean countries exhibit on average a higher impact of childhood

poverty, the role of secondary education in this process do not seem to differ between those and the CEE

countries, which in fact display almost the same total average effect and the same composition between

direct and indirect effect. Results are presented in tables 6 and 7.

27See table A1.7 for these average differences by welfare state regime.
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Table 6: Mediation Causal Analysis for Income by Welfare State Regime

Continental Mediterranean Central & Eastern Europe

Total Effect -0.02 -0.06 -0.05
[-0.031, -0.004] [-0.070, -0.043] [-0.057, -0.037]

Average
ACME -0.01 -0.02 -0.02

[-0.010, -0.004] [-0.029, -0.021] [-0.021, -0.014]
Direct Effect -0.01 -0.03 -0.03

[-0.023, 0.004] [-0.045, -0.018] [-0.040, -0.020]
Tot.Eff. Mediated 0.39 0.44 0.37

[0.225, 1.203] [0.225, 0.572] [0.303, 0.473]

Poor
ACME -0.01 -0.02 -0.02

[-0.009, -0.004] [-0.029, -0.020] [-0.021, -0.014]
Direct Effect -0.01 -0.03 -0.03

[-0.023, 0.004] [-0.045, -0.019] [-0.041, -0.019]
Tot.Eff. Mediated 0.33 0.43 0.38

[0.191, 1.021] [0.353, 0.564] [0.307, 0.479]

Non Poor
ACME -0.01 -0.03 -0.02

[-0.011, -0.005] [-0.029,] [-0.020, -0.014]
Direct Effect -0.01 -0.03 -0.03

[-0.024, 0.003] [-0.046, -0.017] [-0.039, -0.020]
Tot.Eff. Mediated 0.45 0.45 0.37

[0.259, 1.386] [0.362, 0.579] [0.299, 0.466]

Note: 95% Confidence Intervals in brackets.

Table 7: Mediation Causal Analysis for Poverty by Welfare State Regime

Continental Meditteranean Central & Eastern Europe

Total Effect 0.02 0.05 0.06
[0.001, 0.045] [0.037, 0.070] [0.047, 0.081]

Average
ACME 0.01 0.02 0.02

[0.006, 0.014] [0.017, 0.026] [0.018, 0.030]
Direct Effect 0.01 0.03 0.04

[-0.011, 0.037] [0.014, 0.051] [0.022, 0.057]
Tot.Eff. Mediated 0.43 0.40 0.36

[0.197, 2.108] [0.301,] [0.284, 0.493]

Poor
ACME 0.01 0.02 0.02

[0.005, 0.012] [0.019, 0.029] [0.019, 0.030]
Direct Effect 0.01 0.03 0.04

[-0.014, 0.035] [0.016, 0.053] [0.022, 0.059]
Tot.Eff. Mediated 0.36 0.44 0.38

[0.163, 1.751] [0.331, 0.633] [0.295, 0.512]

Non Poor
ACME 0.01 0.02 0.02

[0.007, 0.017] [0.014, 0.024] [0.017, 0.029]
Direct Effect 0.01 0.03 0.04

[-0.007, 0.038] [0.013, 0.050] [0.023, 0.056]
Tot.Eff. Mediated 0.51 0.36 0.35

[0.230, 2.464] [0.270, 0.517] [0.273, 0.474]

Note: 95% Confidence Intervals in brackets.
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8 Robustness and Sensitivity Analysis

8.1 Sensitivity analysis on the ATT

One of the central assumptions of our analysis is that being poor in childhood can be considered as good

as random, conditional on the set of covariates X . This implies that the outcome of non-poor children

can be used to estimate the counterfactual outcome of the poor children if they were not experiencing

poverty in childhood. The plausibility of this assumption heavily relies on the quality and amount of

information contained in X .28 The validity of this assumption is not directly testable, since the data

are completely uninformative about the distribution of the potential outcomes, but its credibility can be

supported/rejected by additional sensitivity analysis.

Our analysis would be biased if we were to believe that even conditional on all the covariates we can

observe (parental education and occupation, child own age, sex, year and country of birth and number

of siblings, etc.), being poor in childhood would be linked to some unobserved parental genetic ability

which would not only influence the probability of the parents of falling into poverty (being treated) but

also the child’s potential outcome as a result of the genetic transmission of ability. In this setting, it is

assumed that the conditional independence assumption holds given X and the unobserved variable A:

Yi(0) ⊥ Ti|Xi, Ai and knowing A would be sufficient to consistently estimate the ATT: E[Y0i |Ti =

1, Xi, Ai] = E[Y0i |Ti = 0, Xi, Ai].

As a first test on the robustness of our results we follow the recent contribution by Oster (2016) and we

evaluate the robustness to an omitted variable bias under the assumption that the relationship between

treatment and unobservable can be recovered from the relationship between treatment and observables.

Oster (2016) builds on the work done by Altonji et al. (2005) and extends it by explicitly connecting

the bias to coefficient stability, showing that it is necessary to take into account both coefficients and R2

movements in evaluating robustness to omitted variable bias. She develops a consistent, closed-form,

estimator for omitted variable bias which allows to calculate a consistent estimate of the bias-adjusted

treatment effects under the assumptions that, as in Altonji et al. (2005), the R2 from an hypothetical

regression of the outcome on treatment and both observed and unobserved controls is equal to 1 and

that there is proportional selection on observed and unobserved variables. Moreover, with this method,

is possible to calculate the degree of selection on unobservables relative to observables which would be

necessary to drive the effect to zero. Formally, an approximation of the bias-adjusted treatment effect

28Refer to Section2 for a more detailed description of the assumptions made.
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β∗ can be calculated as follows:

β∗ ≈ β̃ − δ[β̇ − β̃]
Rmax − R̃
R̃− Ṙ

where β̇ and Ṙ are the coefficients and the R2, respectively, of the regression of adult income on the

childhood poverty dummy only, while β̃ and R̃ are the coefficient and the R2, respectively, of the

regression of adult income on the childhood poverty dummy and all the observables. Rmax is the R2 of

a hypothetical regression of our outcome on the treatment, the observables and the unobservables, and δ

measures the degree of selection on unobservables relative to observables.

Under the above-mentioned assumptions, we estimate the coefficient of proportionality which moves

the effect of being poor as a child on adult income towards 0 and find that the unobservables would need

to be 20 times as important as the observables to produce a null treatment effect. Moreover, we calculate

the bias-adjusted effect of childhood poverty on adult income under the assumption of equal selection

and double selection on unobservables relative to observed controls and we find an impact of −0.050 in

the first case and −0.048 in the second, confronted with an unadjusted effect of −0.052.

Secondly, we implement the sensitivity analysis developed by Rosenbaum (2002), which relies on a sen-

sitivity parameter - Γ - that measures the degree of departures from the assumption of random assignment

of the treatment. The Γ parameter represents how much two individuals, with the same pre-treatment

characteristics, may differ in the likelihood of receiving the treatment. In a randomized experiment, ran-

domization ensures that Γ = 1. In observational studies, two individuals might be identical conditional

on pre-treatment covariates, but one might be more likely to receive the treatment if they differ condi-

tional on unobserved confounders (Rosenbaum, 2005) (e.g. if Γ = 2 a child might be twice as likely

to be poor). More formally, we have hidden bias if some subjects, j and i, have the same values on X ,

Xj = Xi, but different probabilities of receiving the treatment, πj 6= πi. Hence, if the probability of

experiencing poverty for child i and child j is πi, πj , respectively, then the relative odds will be defined

as: πi
(1−πi) and πj

(1−πj) . The odds ratio of children with the same values on X is at most: 1
Γ ≤

πi
(1−πi)
πj

(1−πj)

≤ Γ

for all i and j with Xi = Xj .

If Ai is the unobserved confounder for unit i, we can specify a logistic regression linking the odds to

both the observed and unobserved covariates:

log

[
πi

(1− πi)

]
= βXi + γAi

with 0 ≤ Ai ≤ 1. If child i and j have the same values on X , Xi = Xj , we can rewrite the model
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including the odds for units i and j in the following way:

πi
(1−πi)
πj

(1−πj)
=
e(βXi+γAi)

e(βXj+γAj )
= e(γ(Ai−Aj)).

That is, children differ in their odds of being poor by a factor of γ and the difference in the unobserved

confounders.

The method developed by Rosenbaum (2002) includes different randomization tests according to the

type of outcomes used in the analysis: Wilcoxon sign rank test (and the Hodges-Lehman point esti-

mate) for continuous outcomes and the Mantel-Haenszel (MH) test for binary outcomes (see Becker and

Caliendo (2007)).29

Results on Rosenbaum’s bounds for the p-values from Wilcoxon’s signed rank test show that for an

increase between 1.1 and 1.2 in Γ, the lower bound of the p-value increases to a level above the usual

0.05 threshold. 30 This means that if we were to take two children with the same observed characteristics,

but one with parents with high ability (A = 1) and one with parents with low ability (A = 0), the child

whose parents are of low ability type would have to have 1.2 times the risk of experiencing poverty

for our effect on adult income to become insignificant. Another way of seeing it, the impact (γ) of a

dichotomous parental ability variable should be larger than the impact of an observable variable like

maternal employment and as large as the impact of parental migration background.

The results of the Mantel-Haenszel test for the binary outcome risk of poverty, under the assumption

that we have over-estimated the treatment effect, reveal that the confidence interval for the effect would

include zero if an unobserved variable, e.g parents’ ability, caused the odds of experiencing poverty in

childhood to be 1.4 times higher for the children of low able parents, conditional on all the observable

characteristics. The impact of secondary education is the most robust as it would remain significant

even if the unobserved variable would cause the odds of experiencing poverty in childhood to be 1.7

times higher. This impact should thus be more than the impact of migration status of the father and the

presence of an extra child in the household and almost as much as maternal education, respectively.

Finally, to analyze the extent of the possible overestimation, we also follow the approach suggested by

Ichino et al. (2008) and assume that the unobserved ability variable A can be expressed as a binary

29For binary outcomes, Aakvik (2001) suggests using the MH test statistic, that is, under the null-hypothesis of no treatment
effect, the outcome distribution is hypergeometric. More formally, let N1s and N0s be the numbers of treated and control
units in stratum s, where Ns = N0s + N1s. Then, let us define Y1s and Y0s the number of successful participants and

non-participants, respectively, with Ys = Y0s+Y1s. TheQMH test statistics is given by: QMH =
|Y1−

∑S
s=1(

N1sYs
Ns

)|−0.5√∑S
s=1

N1sN0sYs(Ns−Ys)

N2
s (Ns−1)

.

30 In this part of our analysis we use the program rbounds provided by Gangl (2004), which allows to run sensitivity
analyzes for continuous outcomes, while to deal with binary outcomes we use the module built by Becker and Caliendo (2007)
mhbounds. The complete results can be found in the Appendix A.1 in tables A1.9, A1.10 and A1.11 for income, poverty and
secondary education, respectively.
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variable taking value H=high, L=low. In addition, A is assumed to be i.i.d. distributed in the cells

represented by the Cartesian product of the treatment and outcome values. The distribution of the binary

confounding factorA can be fully characterized by the choice of four parameters: pij ≡ Pr(A = 1|T =

i, Y = j) = Pr(A = 1|T = i, Y = j,X) with i, j ∈ 0, 1, which give the probability that A = 1(high) in

each of the four groups defined by the treatment status (poor as a child) and the outcome value (poverty in

adulthood). 31 Given arbitrary values of the parameters pij , a value of A is attributed to each individual,

according to her/his belonging to one of the four groups defined by their poverty status in childhood and

adulthood. The simulated A is then treated as any other observed covariate and is included in the set

of matching variables used to estimate the propensity score and to compute a simulated ATT estimate,

derived as an average of the ATTs over the distribution of A. We can thus control for the conditional

association of A with Y0 and T by measuring how each configuration of pij leads to an impact of A on

Y0 and T .

In order to do so, we estimate a logit model of Pr(Y = 1|T = 0, A,X) at each iteration, reporting

the average odds ratio of A as the “outcome effect” (Γ) and “selection effect” (∆) of the simulated

confounder:

Γ =

Pr(Y=1|T=0,A=1,X)
Pr(Y=0|T=0,A=1,X)

Pr(Y=1|T=0,A=0,X)
Pr(Y=0|T=0,A=0,X)

,

i.e. the effect of parental ability on the outcome of non-poor children, controlling for the observable

covariates (X),

∆ =

Pr(T=1|A=1,X)
Pr(T=0|A=1,X)

Pr(T=1|A=0,X)
Pr(T=0|A=0,X)

,

i.e. the effect of parental ability on the probability of experiencing poverty (T=1), controlling for the

observable covariates (X).

We perform two simulation exercises.32 In the first one, the pij are set so as to let our simulated parental

ability A mimic the behaviorof parental education variables, as their strong, although not perfect, posi-

tive correlation is well known in the literature (see among others Black et al. (2009); Anger and Heineck

(2010); Björklund et al. (2010)). In the second one, a set of different pij is built in order to capture

the characteristics of this potential confounder that would drive the ATT estimates to zero (Killer con-

31Note that, in order to perform the simulation, two assumptions are made: i) binary confounder ii) conditional independence
of A given X.

32For this sensitivity analysis we use the sensatt program developed by Nannicini (2007).
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founder). In tables 8, 9 and 10 the results of these sensitivity checks are presented, for poverty

Table 8: Sensitivity Analysis: pij values and odds ratio-Poverty

Father’s Educ-Calibrated Mother’s Educ-Calibrated Killer

p11 0.11 0.07 0.36
p10 0.19 0.13 0.26
p01 0.27 0.22 0.20
p00 0.42 0.35 0.05

Outcome Effect 0.52 0.53 4.76
Selection Effect 0.32 0.26 5.03

Table 9: Sensitivity Analysis: pij values and odds ratio-Education

Father’s Educ-Calibrated Mother’s Educ-Calibrated Killer

p11 0.05 0.03 0.55
p10 0.26 0.18 0.30
p01 0.11 0.07 0.40
p00 0.46 0.39 0.05

Outcome Effect 0.14 0.12 12.69
Selection Effect 0.36 0.30 4.22

and education, respectively. These results show that our findings are robust to the introduction of both

“calibrated” and “killer” confounders. To make our results invalid, the odds of experiencing poverty in

childhood need to be 5 or 4.2 times higher for high ability parents than for low ability ones, and the

odds of being at risk of poverty in adulthood almost 4.8 times higher and the odds of having less than

secondary education almost 12.7 times higher for non-poor children of high ability parents than the ones

of low ability parents.

Table 10: ATT estimation

Baseline Father’s Educ-Calibrated Mother’s Educ-Calibrated Killer

Poverty 0.05 0.03 0.04 -0.00
[0.044, 0.060] [0.020,0.048] [0.022, 0.051] [-0.018, 0.011]

Education 0.11 0.07 0.07 0.00
[0.104, 0.122] [0.056,0.088] [0.056, 0.090] [-0.020, 0.022]

Note: 95% Confidence Intervals in brackets.

Moreover we can see that here the negative effect of our calibrated parental ability on the odds of being

poor as adults of non-poor children is lower than the negative effect of parental ability on the probability

of experiencing poverty in childhood, while this selection effect is lower than the impact on the odds

of having less than secondary education among non poor children. This could be partly explained in

light of the way we calibrated our unobserved parental ability, based on their education level, which is
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known to have a direct impact on the education of the children. 33 Finally, while the significance of the

estimated effects are robust to the introduction of the calibrated unobserved ability, the size of the effects

are revised downward, suggesting an upward bias in the estimates. In other terms, the sensitivity analysis

is telling us that the existence of a confounder behaving like maternal education might account for nearly

30% of the baseline estimates for poverty risk. If we were to consider this as a good approximation of

the bias also on the impact on the equivalized income, we would then still have a significant impact of

circa 4%.

Table 11: Average Treatment on the Treated-Making Ends Meet

Main Outputs Intermediate Output
Income Poverty Education

Propensity score matching -0.03 0.03 -0.09
[-0.044, -0.025] [0.023 ,0.045] [-0.098, -0.072]

Doubly-Robust Estimation -0.04 0.03 -0.09
[-0.041, -0.033] [0.028 ,0.042] [-0.093, -0.078]

N. 106448 106448 105679

Note: 95% Confidence Intervals in brackets.

To conclude this part, we address a couple of concerns that might arise regarding our definition of

childhood poverty and the specification used to estimate the probability of being poor in childhood. In

table 11 we show the estimates for a different definition of childhood poverty based on the ability of

making ends meet. The results are consistent in terms of significance and only slightly smaller in terms

of point estimates, as might have been expected given that those two variables are highly correlated

(ρ = 0.73) and the percentage of treated with this definition is higher (around 17%). In table 12 we

provide the results when we estimate the probability of being poor as a child using interaction terms

between all the variables and the country dummies and between education and employment status of

the parents. Our average treatment effects are not significantly affected by different specifications of the

model.

Table 12: Average Treatment on the Treated (pscore with interactions)

Main Outputs Intermediate Output
Income Poverty Education

All -0.04 0.05 -0.10
[-0.053, -0.030] [0.032 ,0.059] [-0.119, -0.087]

Education and Employment -0.04 0.05 -0.11
[-0.054, -0.025] [0.035 ,0.059] [-0.125, -0.093]

N. 108255 108255 107466

Note: 95% Confidence Intervals in brackets.

33See among others (Piopiunik, 2014) and the references therein.
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8.2 Sensitivity Analysis on the Mediation Effect

As previously mentioned in section 2, both the standard unconfoundedness assumption (Assumption 1)

and the sequential ignorability assumption (Assumption 2) rely on the quality and richness of the data.

Despite the rich set of pretreatment characteristics, if there were unobserved confounders that affect

both the educational level and the income, the SI assumption will no longer be satisfied, and the ACME

and ADE will not be identified. As an example, pre-existing cognitive or non-cognitive problems might

reduce the likelihood of graduating from secondary school, as well as the likelihood of higher income

levels later in life. In order to deal with this hypothetical violation of the SI assumption, we assess the

role of unobserved confounders via a sensitivity analysis.

We first apply the analysis based on the estimated ρ parameter and report the indirect effects as a function

of ρ. When ρ is 0, assumption 2 is satisfied, i.e., there is no correlation between the error terms of the

mediator and outcome models. Conversely, values of ρ different from 0 lead to violations of the SI

(Keele et al., 2015).

In our study, ACME equals 0 for ρ = 0.3, that means that the true mediated effect could be 0 if there were

a modest violation of the SI . As the sensitivity parameter itself is rather difficult to interpret directly,

we show here an alternative approach, expressing the degree of sensitivity as a function of R2, that is

the usual coefficient of determination. In the presence of an omitted confounder Ui, the error term will

be a function of Ui and will be equal to εij = λjUi + ε′ij , with j = 2, 3 for the mediator and outcome

model, respectively, and λj representing the unknown coefficient for each equation. The sensitivity

analysis is based on the proportion of original variance that is explained by the omitted confounder

in the mediator and outcome model, equal to R̃2
M ≡ [V ar(εi2) − V ar(ε′i2)]/V ar(Mi) and R̃2

Y ≡

[V ar(εi3)− V ar(ε′i3)]/V ar(Yi).

In this setting, ρ is a function of the unexplained variances, proportions in the mediator and outcome

models.34 The relationship between the ACME and the R2 can be expressed as the product of the

mediating and outcome variables’ R2, with ρ = sgn(λ2λ3)R∗MR
∗
Y for the unexplained variances, and

ρ = sgn(λ2λ3)R̃M R̃Y /
√

(1−R2
M )(1−R2

Y ) for the original variances (Hicks and Tingley, 2011). 35

To represent the results of this sensitivity analysis we show how much of the observed variations in the

mediating (R̃2
M ) and outcome (R̃2

Y ) variables are explained by a potential unobserved confounder. In

Figure 5 these proportions are reported on the horizontal and vertical axes, respectively. The dark line

represents the combination of explained variations for which the ACME is equal to 0. In particular, the

34R2∗
M ≡ 1− V ar(ε′i2)/V ar(εi2), R2∗

Y ≡ 1− V ar(ε′i3)/V ar(εi3)
35When the mediating or outcome variable is binary, the pseudo-R2 developed by McKelvey and Zavoina (1975) is imple-

mented.
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Figure 5: Sensitivity Analysis

true ACME would change sign when the product of the proportions is greater than 0.02. For example,

we might think that pre-existing cognitive and non-cognitive problems will turn into a decrease of both

graduation rates and income level in adulthood. In this case, the true ACME would be 0 if these problems

explained around 14% of the variances for both of these variables. At higher values of both R̃2
Y and R̃2

M ,

the estimated causal mediation effect would be positive. For example, we can say that our results will be

Table 13: Sensitivity results for the ACME

ρ at which ACME = 0: 0.3
R2∗
MR

2∗
Y at which ACME = 0: 0.09

R̃2
M R̃

2
Y at which ACME = 0: 0.02

insignificant if the unobserved confounder Ui was as important in explaining the probability of acquiring

at least a secondary education degree and the household income in adulthood as maternal education,

which in both our outcome and mediator estimation has one of the most important impacts in terms of

magnitude. 36 We think that the existence of such a confounder is quite unlikely given the number and

type of variables we are able to control for in our analysis and given that none of those alone would

explain that much of the variance.

To sum up, as reported in table 13 both R̃2
Y and R̃2

M must be substantially higher for the original con-

clusion to be changed, showing that negative mediation effects for the equivalized adult income is quite

robust to deviations from the standard SI assumption of no unobserved confounding factors.

36Starting from the estimation of the mediator and the outcome model, we calculated the R̃2
M and R̃2

Y for maternal education,
which are 0.56 and 0.04, respectively.
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9 Concluding remarks

This paper examines the causal channels through which growing up poor affects the individual’s eco-

nomic outcomes as an adult. We employ a propensity score matching method under the assumption that,

conditional on observable characteristics, growing up in poverty is independent of the income level and

the probability of being poor later in life. We also perform a doubly-robust estimation of our treatment

effect, implementing the entropy balancing method with a least squares (or probit) regression of our

outcomes of interest on experiencing financial problems in childhood. The richness of our data and a

series of thorough sensitivity analyzes augment the credibility of our identifying assumptions.

Our analysis is based on the 2011 module on intergenerational transmission of EU-SILC data. Our

results show that, on average, over the 28 European countries considered, growing up in financial dis-

tress leads to a significant 1.4 times higher probability of being at risk of poverty in adulthood, and to a

significant decrease of 4% in the adult equivalent income (circa 610eon average), in our most conserva-

tive estimates. Our results are particularly relevant for Mediterranean and Central and Easter European

Countries.

Our estimates are robust to the presence of unobservable variables bias. We find that in order to drive our

effects to zero: i) the explanatory power of the unobservables would need to be 20 times as important

as the one of the observables, following the method proposed by Oster (2016); ii) parental unobservable

ability would have to increase the parents’ probability of experiencing financial problems by 20% (in

our most restrictive case) even conditional on all the other observable parental characteristics, following

the method developed by Rosenbaum (2002); and iii) the odds of experiencing poverty would need to be

almost 5 times higher for high ability parents than for low ability ones and the odds of being at risk of

poverty in adulthood almost 5 times higher for non-poor children of high ability parents than for those

of low ability parents, following the approach suggested by Ichino et al. (2008).

We also investigate the average effect on income later in life more in detail, looking at the cumulative

densities of the distributions of children income in adulthood belonging to different groups. We find that,

even after controlling for the probability of growing up poor as a child, the distribution of the non-poor

children first order stochastic dominates the one of the poor children, implying higher social welfare

in an hypothetical society where no one experiences poverty as a child against one where childhood

poverty is common. Achieving (at least) a secondary level of education does not completely overcome

the detrimental impact of childhood poverty.

Moreover, experiencing poverty during childhood will more likely translate into an exclusion from fur-

ther education, as the probability of completing at least secondary education is 1.5 times higher for

children who were not affected by financial problems. We find that education plays a substantial role as
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intermediate variable in the causal effect estimation of childhood poverty on income and poverty risk in

adulthood, accounting for more than 30% of the total effect.

Some policy implications can be derived by our study. Our analysis reinforces the need for policies de-

voted to eliminate the source at the basis of this increased risk, reducing childhood poverty. Our results

are also in line with some previous studies which suggest that progressive government spending on ed-

ucation can increase intergenerational mobility, offsetting parental sub-optimal investment in education

(Solon, 2004; Mayer and Lopoo, 2008).

Our research also shows the need for further studies devoted to the analysis of the other factors driving

the impact of childhood poverty on adult incomes. Among others, it is worth highlighting that parental

poverty is likely to be related to lower levels of good health, nutrition and housing, all of which affect

child development and thus future incomes. Furthermore, the home and social environment is where

beliefs, attitudes and values are shaped and these are likely to have effects on children future attitudes

to work, health and family formation (Heckman et al., 2006). Reducing the stress and anxiety of the

parents, targeting intensive health, nutrition and care supports on particularly deprived households or

areas might also be highly desirable.
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A Online Appendix

A.1 Additional Tables and Figures

Table A1.1: Overview of present EU Member States (EU 28)

Austria (AT) Estonia (EE) Italy (IT) Portugal (PT)
Belgium (BE) Finland (FI) Latvia (LV) Romania (RO)
Bulgaria (BG) France (FR) Lithuania (LT) Slovakia (SK)
Croatia (HR) Germany (DE) Luxembourg (LU) Slovenia (SI)
Cyprus (CY) Greece (EL) Malta (MT) Spain (ES)
Czech Republic (CZ) Hungary (HU) Netherlands (NL) Sweden (SE)
Denmark (DK) Ireland (IE) Poland (PL) United Kingdom (UK)

Note: In 2011, only Croatia was not yet a member.

Table A1.2: T-test on the missing

(1) (2) (3)
All Poor Non Poor

Non Missing Missing Diff Non Missing Missing Diff Non Missing Missing Diff
Income 4.03 3.82 0.21∗∗∗ 3.96 3.82 0.14∗∗∗ 4.04 3.82 0.22∗∗∗

Poor as adult 0.14 0.13 0.00 0.21 0.13 0.08∗∗ 0.13 0.13 -0.00
At least secondary education 0.79 0.89 -0.10∗∗∗ 0.60 0.89 -0.29∗∗∗ 0.81 0.89 -0.07∗∗

(1) Compares Missing with all the Non Missing, (2) with only the Poor and (3) with only the Non Poor. N. of Missing: 222, Non Missing:111986, of which 11997 poor.

Table A1.3: T-test on the outcome and intermediate variables means by treatment status

Non poor Poor Diff
Income 4.03 3.95 0.08∗∗∗

Poor as adult 0.13 0.21 -0.08∗∗∗

At least secondary education 0.82 0.59 0.22∗∗∗
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Table A1.4: Propensity Score Estimation-M.E.

(1) (2) (3)
Probit Logit Linear Probability

quarter of birth -0.001 -0.001 -0.001
[-0.002,0.001] [-0.002,0.001] [-0.002,0.001]

year of birth -0.001 -0.001 -0.000
[-0.001,-0.000] [-0.001,-0.000] [-0.001,0.000]

sex -0.004 -0.004 -0.004
[-0.007,-0.000] [-0.007,-0.000] [-0.008,-0.001]

n. of adult in hh 0.013 0.013 0.018
[0.012,0.015] [0.011,0.015] [0.016,0.021]

n. of children in hh 0.026 0.025 0.034
[0.024,0.027] [0.024,0.026] [0.032,0.036]

n. of person in work -0.007 -0.007 -0.009
[-0.009,-0.005] [-0.010,-0.005] [-0.012,-0.006]

year of birth of father 0.001 0.001 0.001
[0.000,0.001] [0.000,0.001] [0.001,0.002]

year of birth of mother -0.002 -0.002 -0.002
[-0.002,-0.001] [-0.002,-0.001] [-0.003,-0.002]

Single parent 0.124 0.119 0.158
[0.116,0.132] [0.112,0.127] [0.145,0.171]

country of birth==EU 0.010 0.010 0.006
[-0.002,0.021] [-0.001,0.022] [-0.006,0.019]

country of birth==OTH 0.002 0.001 0.004
[-0.008,0.012] [-0.009,0.010] [-0.007,0.015]

father not born in country of residence 0.012 0.012 0.013
[0.002,0.021] [0.002,0.022] [0.004,0.022]

mother not born in country of residence 0.005 0.004 0.005
[-0.005,0.015] [-0.006,0.014] [-0.004,0.014]

father primary education 0.055 0.057 0.047
[0.049,0.060] [0.051,0.062] [0.043,0.051]

mother primary education 0.047 0.052 0.030
[0.042,0.053] [0.046,0.058] [0.026,0.034]

Tenancy status== Owner -0.055 -0.056 -0.061
[-0.059,-0.052] [-0.060,-0.052] [-0.065,-0.056]

father self-Employed -0.098 -0.091 -0.157
[-0.108,-0.087] [-0.101,-0.081] [-0.176,-0.137]

father Employee -0.095 -0.088 -0.153
[-0.105,-0.085] [-0.097,-0.079] [-0.172,-0.134]

mother self-Employed 0.007 0.007 0.009
[0.001,0.013] [0.001,0.013] [0.001,0.017]

mother Employee -0.021 -0.021 -0.021
[-0.026,-0.016] [-0.026,-0.016] [-0.026,-0.015]

Country Fixed Effect Yes Yes Yes
Observations 108355 108355 108355
95% confidence intervals in brackets

37



Ta
bl

e
A

1.
5:

B
al

an
ci

ng
Ta

bl
e

M
ea

n
V

ar
ia

nc
e

Sk
ew

ne
ss

St
d

di
ff

er
en

ce
tr

ea
te

d
co

nt
ro

l
w

ei
gh

te
d

co
nt

tr
ea

te
d

co
nt

ro
l

w
ei

gh
te

d
co

nt
tr

ea
te

d
co

nt
ro

l
w

ei
gh

te
d

co
nt

tr
ea

t&
co

nt
ro

l
tr

ea
t&

w
ei

gh
te

d
co

nt

qu
ar

te
ro

fb
ir

th
1.

9
1.

9
1.

9
2.

6
2.

7
2.

6
-.4

8
-.4

5
-.4

8
.0

49
5.

7e
-0

5
ye

ar
of

bi
rt

h
19

64
19

66
19

64
34

35
34

.3
.0

11
.3

1
-.2

5
.0

07
8

se
x

1.
5

1.
5

1.
5

.2
5

.2
5

.2
5

-.0
93

-.1
3

-.0
92

-.0
16

7.
0e

-0
5

n.
of

ad
ul

ti
n

hh
2.

7
2.

5
2.

7
1.

5
.8

8
1.

5
1.

4
1.

9
1.

5
.1

8
1.

2e
-0

4
n.

of
ch

ild
re

n
in

hh
2.

9
2.

3
2.

9
2.

3
1.

4
2.

3
.7

7
1.

1
.8

3
.4

1.
1e

-0
4

n.
of

pe
rs

on
in

w
or

k
1.

8
1.

9
1.

8
1

.7
4

1
1.

4
1.

6
1.

6
-.0

98
2.

8e
-0

5
ye

ar
of

bi
rt

h
of

fa
th

er
19

34
19

36
19

34
72

73
72

-.0
79

-.2
1

-.0
76

-.2
1

.0
05

2
ye

ar
of

bi
rt

h
of

m
ot

he
r

19
37

19
39

19
37

69
68

69
.0

75
-.1

5
.0

52
-.2

3
.0

05
4

Si
ng

le
pa

re
nt

.0
81

.0
31

.0
81

.0
75

.0
3

.0
75

3.
1

5.
4

3.
1

.1
9

-1
.9

e-
05

co
un

tr
y

of
bi

rt
h=

=E
U

.0
4

.0
34

.0
4

.0
38

.0
33

.0
38

4.
7

5.
2

4.
7

.0
3

-1
.6

e-
06

co
un

tr
y

of
bi

rt
h=

=O
T

H
.0

71
.0

47
.0

71
.0

66
.0

45
.0

66
3.

3
4.

3
3.

3
.0

92
9.

6e
-0

7
fa

th
er

no
tb

or
n

in
co

un
tr

y
of

re
si

de
nc

e
.1

3
.1

.1
3

.1
2

.0
93

.1
2

2.
2

2.
6

2.
2

.0
85

-1
.1

e-
05

m
ot

he
rn

ot
bo

rn
in

co
un

tr
y

of
re

si
de

nc
e

.1
3

.1
.1

3
.1

1
.0

92
.1

1
2.

2
2.

6
2.

2
.0

8
-1

.1
e-

05
fa

th
er

pr
im

ar
y

ed
uc

at
io

n
.8

3
.6

.8
3

.1
4

.2
4

.1
4

-1
.8

-.4
2

-1
.8

.6
1

3.
8e

-0
4

m
ot

he
rp

ri
m

ar
y

ed
uc

at
io

n
.8

9
.6

7
.8

9
.1

.2
2

.1
-2

.4
-.7

1
-2

.4
.6

8
5.

3e
-0

4
Te

na
nc

y
st

at
us

==
O

w
ne

r
.6

1
.7

4
.6

1
.2

4
.1

9
.2

4
-.4

7
-1

.1
-.4

7
-.2

6
2.

3e
-0

5
fa

th
er

se
lf

-E
m

pl
oy

ed
.2

2
.1

8
.2

2
.1

7
.1

5
.1

7
1.

4
1.

7
1.

4
.0

93
6.

0e
-0

5
fa

th
er

E
m

pl
oy

ee
.7

3
.8

1
.7

3
.2

.1
6

.2
-1

-1
.6

-1
-.1

7
-2

.6
e-

05
m

ot
he

rs
el

f-
E

m
pl

oy
ed

.1
4

.1
.1

4
.1

2
.0

9
.1

2
2.

1
2.

7
2.

1
.1

2
5.

1e
-0

5
m

ot
he

rE
m

pl
oy

ee
.3

3
.5

.3
3

.2
2

.2
5

.2
2

.7
2

-.0
15

.7
2

-.3
7

-1
.6

e-
04

co
un

tr
y=

=A
T

.0
49

.0
32

.0
49

.0
47

.0
31

.0
47

4.
2

5.
3

4.
2

.0
78

-6
.4

e-
06

co
un

tr
y=

=B
E

.0
22

.0
29

.0
22

.0
21

.0
28

.0
21

6.
6

5.
6

6.
6

-.0
53

-1
.1

e-
05

co
un

tr
y=

=B
G

.0
12

.0
36

.0
12

.0
12

.0
35

.0
12

8.
9

5
8.

9
-.2

2
-1

.9
e-

04
co

un
tr

y=
=C

Y
.0

54
.0

21
.0

54
.0

51
.0

2
.0

51
4

6.
7

4
.1

5
2.

8e
-0

5
co

un
tr

y=
=C

Z
.0

23
.0

36
.0

23
.0

22
.0

35
.0

22
6.

4
5

6.
4

-.0
91

-8
.5

e-
06

co
un

tr
y=

=D
E

.0
4

.0
54

.0
4

.0
38

.0
51

.0
38

4.
7

3.
9

4.
7

-.0
73

-3
.0

e-
05

co
un

tr
y=

=D
K

.0
07

.0
14

.0
07

.0
06

9
.0

14
.0

06
9

12
8.

2
12

-.0
89

-3
.4

e-
05

co
un

tr
y=

=E
E

.0
08

8
.0

25
.0

08
8

.0
08

7
.0

24
.0

08
7

11
6.

1
11

-.1
7

-1
.6

e-
04

co
un

tr
y=

=E
L

.0
37

.0
23

.0
37

.0
36

.0
23

.0
36

4.
9

6.
3

4.
9

.0
73

2.
5e

-0
5

co
un

tr
y=

=E
S

.0
81

.0
75

.0
81

.0
75

.0
69

.0
75

3.
1

3.
2

3.
1

.0
22

5.
0e

-0
5

co
un

tr
y=

=F
R

.0
47

.0
5

.0
47

.0
45

.0
48

.0
45

4.
3

4.
1

4.
3

-.0
18

2.
2e

-0
5

co
un

tr
y=

=H
R

.0
57

.0
24

.0
57

.0
54

.0
24

.0
54

3.
8

6.
2

3.
8

.1
4

2.
1e

-0
5

co
un

tr
y=

=H
U

.0
64

.0
69

.0
64

.0
6

.0
64

.0
6

3.
6

3.
4

3.
6

-.0
2

7.
1e

-0
6

co
un

tr
y=

=I
E

.0
11

.0
15

.0
11

.0
11

.0
14

.0
11

9.
4

8.
1

9.
4

-.0
34

-8
.0

e-
06

co
un

tr
y=

=I
T

.0
99

.1
1

.0
99

.0
89

.1
.0

89
2.

7
2.

4
2.

7
-.0

48
4.

4e
-0

5
co

un
tr

y=
=F

I
.0

07
5

.0
16

.0
07

5
.0

07
5

.0
16

.0
07

5
11

7.
7

11
-.1

-3
.8

e-
05

co
un

tr
y=

=L
U

.0
32

.0
34

.0
32

.0
31

.0
33

.0
31

5.
3

5.
1

5.
3

-.0
1

-2
.6

e-
06

co
un

tr
y=

=L
V

.0
11

.0
3

.0
11

.0
11

.0
29

.0
11

9.
2

5.
6

9.
2

-.1
7

-1
.2

e-
04

co
un

tr
y=

=M
T

.0
21

.0
2

.0
21

.0
21

.0
2

.0
21

6.
7

6.
8

6.
7

.0
04

5
1.

7e
-0

5
co

un
tr

y=
=N

L
.0

12
.0

31
.0

12
.0

12
.0

3
.0

12
9

5.
4

9
-.1

7
-1

.2
e-

04
co

un
tr

y=
=P

L
.0

58
.0

68
.0

58
.0

55
.0

63
.0

55
3.

8
3.

4
3.

8
-.0

41
-1

.6
e-

05
co

un
tr

y=
=P

T
.0

82
.0

25
.0

82
.0

75
.0

24
.0

75
3.

1
6.

1
3.

1
.2

1
5.

5e
-0

5
co

un
tr

y=
=R

O
.0

53
.0

32
.0

53
.0

5
.0

31
.0

5
4

5.
3

4
.0

92
3.

8e
-0

5
co

un
tr

y=
=S

E
.0

07
2

.0
11

.0
07

2
.0

07
1

.0
11

.0
07

1
12

9.
4

12
-.0

45
-2

.1
e-

05
co

un
tr

y=
=S

I
.0

44
.0

22
.0

44
.0

42
.0

21
.0

42
4.

4
6.

6
4.

4
.1

1
2.

0e
-0

5
co

un
tr

y=
=S

K
.0

23
.0

38
.0

23
.0

22
.0

37
.0

22
6.

4
4.

8
6.

4
-.1

-3
.9

e-
05

co
un

tr
y=

=U
K

.0
19

.0
3

.0
19

.0
18

.0
29

.0
18

7.
1

5.
6

7.
1

-.0
8

-1
.4

e-
05

38



(a) Without Matching (b) Matched

(c) Without Matching (d) Matched

Figure A1.1: Cumulative Distribution at the bottom and top of the distribution.

Table A1.6: Classification of Countries

Welfare State Regime Countries

Continental Austria, Belgium, Germany, France, Luxembourg, Netherlands

Social Democratic Denmark, Finland, Sweden

Central & Eastern European Bulgaria, Czech Republic, Estonia, Hungary, Lithuania, Latvia, Poland, Romania, Slovakia, Croatia, Slovenia.

Mediterranean Cyprus, Greece, Italy, Malta, Spain, Portugal

Liberal Ireland, United Kingdom

Note: See Hemerijck (2012) for a description of this classification and refer to Gal (2010) for the
inclusion of Malta and Cyprus in the Mediterranean welfare state.
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Table A1.7: T-test on the outcome and intermediate variables means by treatment status

Continental Social Democratic CEE Mediterranean Liberal
Income 0.06 0.04 0.07 0.12 0.04

[0.05,0.06] [0.02,0.07] [0.06,0.08] [0.11,0.13] [0.01,0.07]

Poor as adult -0.06 -0.04 -0.09 -0.07 -0.05
[-0.08,-0.05] [-0.07,-0.00] [-0.11,-0.08] [-0.09,-0.06] [-0.09,-0.02]

95% confidence intervals in brackets

Table A1.8: Propensity Score Estimation-M.E., by welfare state.

Continental Social Democratic CEE Mediterranean Liberal
quarter of birth -0.002 0.001 0.001 -0.001

[-0.006,0.001] [-0.005,0.007] [-0.002,0.003] [-0.004,0.003]
year of birth -0.001 -0.002 -0.000 -0.001 0.002

[-0.002,0.000] [-0.004,0.000] [-0.001,0.001] [-0.002,-0.000] [0.000,0.004]
sex 0.002 0.017 -0.003 -0.013 -0.001

[-0.005,0.009] [0.004,0.030] [-0.008,0.002] [-0.020,-0.006] [-0.015,0.013]
n. of adult in hh 0.010 0.011 0.012 0.019 -0.000

[0.006,0.015] [0.001,0.021] [0.010,0.015] [0.015,0.022] [-0.007,0.007]
n. of children in hh 0.020 0.021 0.025 0.032 0.017

[0.017,0.022] [0.015,0.026] [0.023,0.028] [0.029,0.035] [0.011,0.024]
n. of person in work -0.004 -0.000 -0.019 -0.004 -0.006

[-0.009,0.001] [-0.009,0.008] [-0.024,-0.014] [-0.008,-0.000] [-0.012,0.000]
year of birth of father 0.000 -0.000 0.000 0.001 0.000

[-0.001,0.001] [-0.002,0.001] [-0.000,0.001] [0.000,0.002] [-0.002,0.002]
year of birth of mother -0.000 0.001 -0.002 -0.003 -0.001

[-0.001,0.001] [-0.001,0.003] [-0.002,-0.001] [-0.004,-0.002] [-0.003,0.001]
Single parent 0.121 0.112 0.100 0.121 0.100

[0.108,0.133] [0.084,0.140] [0.088,0.112] [0.093,0.149] [0.077,0.123]
father not born in country of residence 0.008 0.005 0.002 0.054 0.001

[-0.007,0.022] [-0.053,0.063] [-0.014,0.017] [0.025,0.084] [-0.030,0.033]
mother not born in country of residence -0.001 0.011 0.003 0.015 0.008

[-0.016,0.014] [-0.043,0.065] [-0.013,0.019] [-0.014,0.043] [-0.025,0.040]
father primary education 0.037 0.029 0.049 0.094 0.024

[0.028,0.046] [0.015,0.044] [0.041,0.056] [0.079,0.108] [0.007,0.041]
mother primary education 0.046 0.006 0.046 0.077 0.013

[0.037,0.056] [-0.009,0.021] [0.038,0.054] [0.058,0.096] [-0.005,0.032]
Tenancy status== Owner -0.043 -0.049 -0.039 -0.082 -0.074

[-0.050,-0.036] [-0.065,-0.034] [-0.046,-0.033] [-0.090,-0.075] [-0.089,-0.058]
father self-Employed -0.103 -0.062 -0.048 -0.130 -0.070

[-0.125,-0.080] [-0.113,-0.011] [-0.066,-0.031] [-0.151,-0.109] [-0.111,-0.029]
father Employee -0.101 -0.060 -0.076 -0.110 -0.089

[-0.122,-0.080] [-0.110,-0.011] [-0.091,-0.061] [-0.130,-0.090] [-0.127,-0.050]
mother self-Employed -0.009 -0.020 -0.008 0.021 -0.001

[-0.022,0.005] [-0.047,0.007] [-0.020,0.004] [0.009,0.032] [-0.032,0.030]
mother Employee -0.011 -0.035 -0.032 -0.004 -0.014

[-0.020,-0.002] [-0.055,-0.016] [-0.040,-0.025] [-0.014,0.006] [-0.030,0.003]
Observations 24733 4282 43618 31099 4623
95% confidence intervals in brackets
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Table A1.9: Rosenbaum bounds for Income

Wilcoxon’s test significance level Hodges-Lehmann point estimate
Γ upper bound lower bound upper bound lower bound

1 0 0 -.050 -.050
1.1 0 0 -.075 -.025
1.2 0 .30 -.098 -.003
1.3 0 .99 -.119 .017
1.4 0 1 -.138 .036
1.5 0 1 -.156 .054
1.6 0 1 -.172 .071
1.7 0 1 -.188 .087
1.8 0 1 -.203 .101
1.9 0 1 -.217 .115
2 0 1 -.230 .128

Note: Γ = odds of differential assignment due to unobserved factors.

Table A1.10: Mantel-Haenszel bounds for Poverty

Test statistic Significance level
Γ over-estimation under-estimation over-estimation under-estimation

1 10 10 0 0
1.1 7 12 0 0
1.2 5 15 0 0
1.3 3 17 0 0
1.4 1 19 .11 0
1.5 .63 21 .26 0
1.6 2 0 0 0
1.7 3 24 0 0
1.8 5 26 0 0
1.9 6 28 0 0
2 8 29 0 0

Note: Γ = odds of differential assignment due to unobserved factors.

Table A1.11: Mantel-Haenszel bounds for Secondary Education

Test statistic Significance level
Γ over-estimation under-estimation over-estimation under-estimation

1 18 18 0 0
1.1 15 21 0 0
1.2 12 24 0 0
1.3 9 27 0 0
1.4 7 29 0 0
1.5 4 31 0 0
1.6 2 34 .002 0
1.7 .82 36 .20 0
1.8 1 38 .15 0
1.9 2 40 .002 0
2 4 41 0 0

Note: Γ = odds of differential assignment due to unobserved factors. For ease of interpretation
we redefined the outcome of interest as having less than secondary education.
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