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Abstract 
 
In this paper we present sibling and neighbor correlations in school grades and cognitive skills as well 
as indicators of physical and mental health for a sample of German adolescents. In a first step, we 
estimate sibling correlations and find substantial influence of shared family and community 
background on all outcomes. To further disentangle the influence of family background and 
neighborhood, we estimate neighbor correlations. Our results show that for all outcomes, estimated 
neighbor correlations are clearly lower than estimated sibling correlations. However, especially for 
cognitive skills and mental health, neighbor correlations are still substantial in relation to sibling 
correlations. Thus, compared to existing results from other countries, the influence of the 
neighborhood is not negligible in Germany for these outcomes. 
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We must not tolerate a situation where children cannot develop their talents because there is no equality of 
opportunity. We must not tolerate a situation where people have the impression that there is no longer any point 

in putting in any effort because they won’t progress even if they work hard. 
(Gauck, 2012) 

 

 

1 Introduction 

In his 2012 inauguration speech, German President Joachim Gauck formulated equality of 

opportunity as a normative policy goal to be reached. This normative goal, which is the 

foundation of most Western societies, not just Germany, implies that an individual’s success 

is independent of factors beyond his or her control (Roemer, 1998). 

The family and the neighborhood in which a child grows up are probably the two most 

important examples of such factors. Families influence their children in numerous ways, 

including the provision of resources, transmission of characteristics and skills, as well as 

investments in skill formation.1 The neighborhood a child grows up in might influence child 

outcomes through various channels, such as social contagion and networks, environmental 

factors, as well as access to public services and infrastructure.2 

In the economic literature the traditional approach to analyze equality of opportunity 

in a society is to estimate measures of intergenerational mobility – for example 

intergenerational correlations or intergenerational elasticities. This line of research has been 

extended to the analysis of sibling correlations (see for example Solon et al., 1991, Solon, 

1999, Björklund and Jäntti, 2012). In contrast to intergenerational correlations – which only 

cover bivariate relationships – sibling correlations are a much broader measure of the 

influence of family and community background. In particular, sibling correlations measure 

the importance of all factors that siblings of one family share for their later outcomes. As this 

includes both, family background characteristics and neighborhood factors, sibling 

                                                            
1 See for example Cunha and Heckman (2007, 2008), Currie (2009), Anger and Heineck (2010), Andrabi et al. 
(2012), Carneiro et al. (2013). 
2 See Galster (2012) and Durlauf (2004) for an overview of the literature on neighborhood effects. 
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correlations can be seen as a measure of equality of opportunity as defined above.3 The higher 

the similarity between siblings, the more important are family and neighborhood 

characteristics and the lower is the level of equality of opportunity. 

Authors estimate sibling correlations, among others, in monetary outcomes (e.g., 

Solon et al., 1991, Björklund et al., 2002, Mazumder, 2008, Schnitzlein, 2014), educational 

outcomes (Björklund and Salvanes, 2011, Nicoletti and Rabe, 2013), and health outcomes 

(Mazumder, 2011) for the US, UK, Germany and Scandinavian countries. The results show 

substantial influence of shared family and neighborhood background over all outcomes, but 

also significant cross-country differences in the importance of the combined effect. 

The important question in interpreting these results is which factor is the main 

determinant? Or in other words, is it the family or the neighborhood? To address this 

question, analogous to sibling correlations, neighbor correlations are estimated. They provide 

a descriptive summary measure of how much of the outcome of neighbors can be attributed to 

the shared neighborhood. Solon et al. (2000), Page and Solon (2003), Raaum et al. (2006), 

Lindahl (2011) and Nicoletti and Rabe (2013) provide evidence for the US, Norway, Sweden 

and the UK, finding only weak neighbor correlations compared to sibling correlations for 

monetary and education outcomes. 

In this paper, we focus on two crucial components of human capital formation, namely 

education and health. More specifically, we analyze school grades, cognitive skills, BMI, 

mental health, physical health, and height of a sample of German adolescents. 

Regarding education, there are several studies investigating family and neighbor 

correlations. Solon et al. (2000) apply the method of sibling correlations to neighboring 

children. Their sample comprises 687 individuals from 379 families from the PSID. Sibling 

correlations in years of education are estimated to be 0.5. The correlation in educational 

                                                            
3 Note that sibling correlations measure only factors that are shared by siblings. Therefore, a sibling correlation is 
still a lower bound measure of the true influence of the family (Björklund and Jäntti, 2012). For more details, see 
section 3. 
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attainment of neighboring children is 0.10 when controlling for basic family characteristics. 

Therefore, Solon et al. (2000) conclude that inequalities in educational attainment are mainly 

attributed to family background rather than growing up in the same neighborhood. Raaum et 

al. (2006) use census data from Norway to analyze the role of family and neighborhood on 

adult education and earnings. They report neighbor correlations in years of schooling of 

around 0.10. To adjust for the fact that similarities in adult outcomes might only be due to the 

fact that children growing up in the same neighborhood share similar family characteristics, 

again family background is controlled for. However, when adjusting for family background 

(parental education, family structure and parental income), neighbor correlations fall to 

around 0.04. Thus, childhood neighborhoods are substantially less important for adult 

outcomes than families. Lindahl (2011) assesses the importance of family versus 

neighborhood factors. She estimates correlations in income and education among siblings and 

children from the same neighborhood for about 13,000 individuals in Sweden. Applying a 

two-level model she finds that about 40% of the variation between siblings in years of 

education is due to shared background factors. Correlations among neighboring youth make 

up 15-20% of the sibling correlation. When family background is controlled for, 

neighborhood correlations drop to less than 3%. Lindahl (2011) concludes that family 

background is substantially more important than the neighborhood. This result is confirmed 

by Nicoletti and Rabe (2013) who also apply multilevel models to estimate the influence of 

family and neighborhood factors on pupil’s test scores in the UK. At age 16, they report 

magnitudes of sibling and neighbor correlations of 0.61 and 0.14, respectively. These figures 

are comparable to the ones estimated by Solon et al. (2000) and by Raaum et al. (2006).  

With respect to health, there is little evidence on sibling correlations. One exception is 

Mazumder (2011). He estimates sibling correlations in health using the PSID. Results show 

that correlations in siblings’ outcomes are already high at birth and do not decline 
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significantly over the life span. Even less research exists on neighbor correlations in health, 

although neighborhoods possibly affect health through physical neighborhood conditions such 

as pollution, poor quality housing, and stress of living in a dangerous neighborhood (see 

Robert, 1998). Further, the provision of medical infrastructure differs across neighborhoods.4  

The empirical evidence for both education and health indicators in Germany is scarce. 

While Sieben et al. (2001) and Schnitzlein (2014) present sibling correlations in educational 

outcomes, neighbor correlations in education outcomes as well as sibling and neighbor 

correlations in health outcomes have not been analyzed for Germany so far. We focus on a 

sample of adolescents as they are often perceived as being most susceptible to 

disadvantageous neighborhood impacts (Kling et al., 2007). Therefore it is important to 

analyze the level of equality of opportunity this group faces. This, in turn, allows for a 

comparison of the extent of inequality in Germany versus other countries. 

The contributions of our paper to the literature are threefold. First, we estimate sibling 

correlations in youth health and education and thus provide novel evidence on the joint 

importance of family background and neighborhood influence for youth outcomes in 

Germany. Second, we contrast the sibling correlations with estimated neighbor correlations in 

these outcomes. This enables us to give a first answer to the question of whether it is the 

family or the neighborhood that matters most in Germany. Third, we try to unveil the reasons 

and channels at work behind the neighborhood influence in Germany we find. To this end, we 

combine our survey data on adolescents with small scale neighborhood indicators from 

administrative register data. This data provides us with information about the average 

                                                            
4 Some evidence on the neighborhood impact on mental and physical health is provided by the Moving 

to Opportunity (MTO) study, a large randomized housing mobility experiment. Leventhal and Brooks-Gunn 
(2003) show that children benefitted most in terms of mental health when moving to a better neighborhood. 
Kling et al. (2007) find that teenage girls largely benefit in terms of mental health while teenage boys experience 
a decrease in these measures after moving to a lower poverty neighborhood. In the domain of physical health, 
they find no effect on adults (except obesity) and small effects on adolescents’ physical health. Also using MTO 
data, Fortson and Sanbonmatsu (2010) focus on the influence of neighborhood quality on the physical health of 
children between 6 and 20 years of age. However, they do not find any positive impact on self-rated health, BMI, 
asthma or injuries in the medium-term. 
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economic situation and the average level of education within a German postal code area and 

has rarely been employed so far.5 We use this information to decompose the neighbor 

correlations with respect to neighborhood characteristics in order to investigate which 

pathways explain the neighborhood influence on our health and education outcomes. 

We find substantial sibling correlations in youth education and health, albeit some of 

our estimated sibling correlations are lower than estimates for other countries. In line with the 

previous literature, our neighbor correlations are clearly lower than the estimated sibling 

correlations. However, our estimates show that for some youth outcomes, such as cognitive 

skills and mental health, the neighbor correlations still are substantial in relation to the sibling 

correlations. After controlling for parental characteristics, neither economic indicators nor the 

level of education in the neighborhood seem to be important determinants of these 

correlations. 

The reminder of the paper is organized as follows. Section 2 discusses the empirical 

strategy. Section 3 discusses our data and our outcome variables. Section 4 contains our 

results and a discussion and section 5 concludes. 

 

2 Econometric model and empirical strategy 

Studies analyzing the neighborhood impact on children’s outcomes face several econometric 

challenges due to non-random sorting of families into neighborhoods. Neighborhood 

characteristics and family characteristics are highly correlated as families self-select into 

neighborhoods. Due to this self-selection, simply regressing child outcomes on a set of family 

characteristics and neighborhood indicators makes it very difficult to disentangle the family 

effect from the neighborhood effect.6 Solon et al. (2000) were the first to apply the method of 

                                                            
5Exceptions are Bauer et al. (2012), Bauer et al. (2013), and Hawranek and Schanne (2014). 
6 In an overview of numerous studies applying this approach, Ginther et al. (2000) find a very large variation in 
results depending on the choice of the control variables and the selection of the neighborhood characteristics. 
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sibling correlations to neighboring children as a solution to this problem: in an ideal world we 

would like to estimate the following model for the relationship between a child’s (index ݅) 

outcome of interest ݕ and his family and neighborhood characteristics as 

 

ݕ ൌ ᇱܺߙ  ᇱܼߚ            (1)ߝ

 

with ܺ being a matrix of family (index ݂) variables, ܼ being a matrix of neighborhood 

variables (index n), ߙᇱ and ߚᇱ are the parameters to be estimated, with an error term, ߝ, that 

is uncorrelated with both family and neighborhood characteristics.  

Based on the assumption that similar families tend to sort into similar neighborhoods 

(Tiebout, 1956), we expect ܺ and ܼ to be positively correlated. To obtain unbiased 

estimates of ߙ and ߚ from equation (1), ߝ has to be uncorrelated with both family and 

neighborhood factors. This only holds if we assume that ܺ and ܼ fully cover all relevant 

family and neighborhood information. As this is most certainly not the case, a simple 

estimation of equation (1) cannot answer the question raised in the introduction if family 

background or neighborhood factors are the most important determinant of a child’s outcome. 

We follow Solon et al. (2000) and adopt the idea raised in the literature on sibling 

correlations to estimate the importance of the neighborhood via the similarity of two 

individuals with identical community background. In particular, we estimate sibling and 

neighbor correlations in ݕ. To compute these correlations, we first need an expression for 

the population variance of ݕ. If we assume the model in equation (1), the population 

variance of ݕ is the following 

 

൯ݕ൫ݎܸܽ ൌ ᇱܺ൯ߙ൫ݎܸܽ  ᇱܼሻߚሺݎܸܽ  ,ᇱܺߙ൫ݒܥ2 ᇱܼ൯ߚ   ሻ  (2)ߝሺݎܸܽ
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where ܸܽݎ൫ߙᇱܺ൯ is the variance in family characteristics and ܸܽݎሺߚᇱܼሻ is the variance in 

neighborhood characteristics. These can be seen as the genuine family and neighborhood 

effects (Lindahl, 2011). ݒܥ൫ߙᇱܺ,  ᇱܼ൯ instead measures the covariance between familyߚ

and neighborhood characteristics. Due to the nonrandom sorting, this covariance is assumed 

to be positive. 

 The covariance in ݕ	of two siblings, ݅ and ݅′, from the same family equals 

 

,ݕ൫ݒܥ ᇱ൯ݕ ൌ ᇱܺ൯ߙ൫ݎܸܽ  ᇱܼሻߚሺݎܸܽ  ,ᇱܺߙ൫ݒܥ2  ᇱܼ൯   (3)ߚ

 

and the covariance in ݕ of two neighboring children, ݅ and ݅′, from different 

families ݂ and ݂′ in the same neighborhood equals 

 

,ݕ൫ݒܥ ᇱᇱ൯ݕ ൌ ,ᇱܺߙ൫ݒܥ ᇱܺᇱ൯ߙ  ᇱܼሻߚሺݎܸܽ  ,ᇱܺߙ൫ݒܥ2  ᇱܼ൯.  (4)ߚ

 

Following the argumentation in Solon et al. (2000), we expect ݒܥ൫ߙᇱܺ,  – ᇱܺᇱ൯ߙ

the covariance between family characteristics in the same neighborhood – to be positive 

because of self-selection of families into neighborhoods. At the same time we expect 

,ᇱܺߙ൫ݒܥ ᇱܺ൯ to be larger thanߙ൫ݎܸܽ  ᇱܺᇱ൯ because children from the same family areߙ

more similar than children from different families. Therefore, we expect the neighbor 

correlation to be smaller than the sibling correlation: 

 

ߩ ൌ
௩ቀ௬,௬ᇲᇲቁ

൫௬൯
൏ 	 ௦ߩ ൌ

௩൫௬,௬ᇲ൯

൫௬൯
      (5) 

 



 9

Following Solon et al. (1991), we estimate the sibling and the neighbor correlation as 

intra-class correlations in a linear multilevel model. To illustrate this, suppose we observe an 

outcome ݕ for an individual ݅ from group ݃. In this formulation, group can either be the 

family or the neighborhood. We now assume that ݕ can be modeled as 

 

ݕ ൌ ߙ             (6)ߤ

 

where ߙ is a group (family/neighborhood) specific component and ߤ is an individual 

specific component. The group specific component covers all factors that are common to the 

individuals from the same group. In the case of siblings, these include not just family 

background factors, but also neighborhood background factors, and, in the case of neighbors, 

these include only neighborhood characteristics. With one individual being observed only in 

one group, these two components are orthogonal to each other. We therefore can write the 

variance of the outcome as sum of the variances of the two components: 

 

ሻݕሺݎܸܽ ൌ ሻߙሺݎܸܽ   ሻ .       (7)ߤሺݎܸܽ

 

The correlation ߩ between the outcome of two individuals, ݅ and ݅′, of one group then can be 

calculated as the ratio of the variance of the group specific component and the overall 

variance of the outcome: 

 

ߩ ൌ ሺఈሻ

ሺఈሻାሺఓሻ
          (8) 

 

Following Mazumder (2008), these variance components can be estimated via 

restricted maximum likelihood in the following model: 
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ݕ ൌ ߚ ܺ  ߙ            (9)ߤ

 

where ݕ is the observed outcome of individual ݅ in family/neighborhood ݃. ܺ is a matrix of 

control variables containing year dummies, ߙ is the family/neighborhood component, and 

  is the individual component. The standard errors of the sibling and neighborhoodߤ

correlations are calculated via the bivariate delta method.  

As can be seen from equation (4), the raw neighbor correlation covers the 

neighborhood effect as well as the effect of positive sorting of families into neighborhoods. 

Therefore a raw estimate of a neighborhood correlation would overestimate the importance of 

the neighborhood. To – at least partly – solve this problem, we present neighbor correlations 

adjusted for family background influences to account for the fact that similarities in 

neighboring adolescent’s outcomes might only be due to similar family characteristics. We 

include family background variables in ܺ in equation (9) (Solon et al., 2000, Raaum et al., 

2006, Lindahl, 2011). This – adjusted – neighbor correlation, which is still an upper bound 

estimate since we do not observe all relevant family characteristics, can now be compared to 

the sibling correlation to answer the question raised in the introduction. 

In a next step, we add neighborhood characteristics to ܺ. This approach is suggested 

by Mazumder (2008) in order to uncover channels through which the influence of family 

background works. We adapt this approach for neighborhoods. If the added characteristics 

have an effect in determining the outcome ݕ, this will reduce the variance of the 

neighborhood component in equation (8), and thus reduce the neighbor correlation. The size 

of this reduction can be interpreted as a measure of the importance of this specific influence 

factor. 
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3 Data 

Our study is based on German survey and administrative data. Our main data source is the 

German Socio-Economic Panel Study (SOEP). The SOEP provides detailed information on 

adolescents’ health and educational attainment. It is an annual representative, longitudinal 

household panel with about 11,000 participating households and more than 20,000 individuals 

in the recent wave (Wagner et al., 2007). Since 2000, adolescents at age 17 fill in a youth 

specific questionnaire. Among other information, this questionnaire obtains detailed 

information about the youth’s health and school performance. 

 

3.1 Youth education and health outcomes 

The SOEP data contains rich information on adolescents’ educational performance. 

Specifically, as indicators of school performance, grades for both German and math of the last 

school report card are available. In Germany, grades range between 1 and 6, with 6 being the 

worst grade. In our estimations, we also include the average of these two grades as a 

combined measure of school performance. 

Since 2006, the SOEP youth questionnaire includes a measure of cognitive ability. It 

consists of three parts, which were taken from the I-S-T 2000 (Solga et al., 2005), namely 

verbal skills, numerical skills, and abstract reasoning. The first two are measures of crystalline 

intelligence and the last measures fluid intelligence, i.e. innate ability (Anger, 2012, Richter et 

al., 2013). We use the sum of correct answers in all three tests as our measure of cognitive 

skills. 

Self-reported height and weight, which we use to calculate the body mass index (BMI) 

for each individual, is also included in the youth questionnaire. As measures for physical and 

mental health we use the SF12v2 inventory, which, since 2002, is asked every second year in 

the SOEP. The SF12v2 contains twelve health questions, which are converted into continuous 
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subscales of mental and physical health by a special algorithm (Andersen et al., 2007). As the 

SF12v2 questions are not available in the youth questionnaire, we use averages of the 

subsequent years in mental health status and physical health status in which the participants 

answer the regular SOEP questionnaire. 

Furthermore, we include height as sole outcome variable in our analysis. Height 

should be mainly affected by genetic factors and therefore family background, but should be 

largely independent of the neighborhood (Duncan et al., 2005). It also serves as an indicator 

of comparableness of our results with existing studies. Table 1 shows descriptive statistics of 

our outcome variables.  

 

3.2 Family and neighborhood characteristics 

As discussed in the last section, raw neighborhood correlations would overestimate the 

influence of the neighborhood and, therefore, have to be adjusted by including family 

characteristics. Thus, we include the parental household income and the highest education 

achieved by either parent when the adolescents are 17 years old. Both indicators are available 

in the SOEP data. Table 2 shows descriptive statistics of these parental characteristics. 

For a subset of our observations, we have detailed neighborhood information 

available. This information on the neighborhoods is mainly based on administrative data 

collected by the Institute for Employment Research (IAB) in Nuremberg. Specifically, our 

indicators, which are drawn from the official employment and unemployment registers, are 

available for the 2004 to 2010 period at the postal code level.7 We merge our SOEP data with 

these administrative data on neighborhood characteristics. Available characteristics are the 

                                                            
7 The research data center of the Federal Employment Agency at the Institute for Employment Research provides 
the SIAB (vom Berge et al., 2013), which is a sample of these data and can be used either at the RDC or can also 
be obtained as a scientific use file. However, our neighborhood indicators are calculated from the full data, the 
Integrated Employment Biographies (IEB), not the sample. 
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share of workers with a university degree in the workforce8 and the share of workers with a 

high school diploma in the workforce, which we use as indicators for the education level in 

the neighborhood. As indicators for the economic situation of the neighborhood, we include 

the share of unemployed in the workforce. In addition, we add the share of indebted people in 

the population over 18, which is provided by one of the largest private debt collection 

enterprises in Germany and is available for use with the SOEP data at DIW Berlin. Table 3 

shows descriptive statistics of the neighborhood variables. Overall, they display substantial 

variation across postal code areas.9 

 

4 Results 

4.1 Sibling correlations in youth education and health 

We begin the discussion of the results with the estimated sibling correlations. In Table 4, the 

estimated sibling correlations are shown alongside the estimated variance components as well 

as the number of families and observations. The sibling correlations in school grades in 

Germany are lower than expected, based on results from other countries. Our estimates of 

sibling correlations range from 0.17-0.23 for the German grade, the math grade, and the 

average of both. That means family and community background together explain between 17 

and 23 percent of the variation in grades. Nicoletti and Rabe (2013) find sibling correlations 

in test scores of around 0.6 for the UK, while Mazumder (2011) estimates sibling correlations 

                                                            
8 The workforce was computed as the sum of employed persons who are subject to social insurance contributions 
and registered unemployed persons (Bauer et al., 2011). Registered unemployed persons also include persons 
looking for work and persons who are liable to social security assistance if a family member is unemployed. 
People who are looking for work and are not registered as unemployed, self-employed and civil servants are not 
captured. 
9 Missing observations originate from data protection, which forbids reporting indicators for a postal code areas 
with fewer than 20 registered persons in the official administrative statistics. 
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in high school GPAs of about 0.3 for the US. So, for our sample, the influence of family and 

community background on school performance is less pronounced than in the UK or the US.10 

Further, we estimate a sibling correlation in cognitive ability of 0.46. So about half of 

the variation in cognitive ability can be attributed to factors shared by siblings. This estimate 

is comparable in size to studies using Swedish administrative data (Björklund et al., 2010, 

Björklund and Jäntti, 2012). Mazumder (2008) reports – based on data from the National 

Longitudinal Survey of Youth (NLSY) – only slightly higher correlations for measures of 

cognitive skills in the US. 

The sibling correlations in our mental health and physical health outcomes range 

between 0.31 and 0.21, respectively. These results are lower than the 0.43 (mental health) and 

0.37 (general health status) that Mazumder (2011) reports. However, health measures and age 

ranges are not directly comparable with Mazumder (2011). For BMI and height we estimate 

sibling correlations of 0.33 and 0.42. Concerning BMI, our estimates are comparable with 

findings from Mazumder (2008), who reports sibling correlations around 0.30. Regarding 

height, this is in line with the results Schnitzlein (2014) finds in an adult German sample and 

Duncan et al. (2001) find for adolescents in the US. 

 

4.2 Neighbor correlations in youth education and health 

Table 5 contains the corresponding neighbor correlations. The upper panel (Panel A) shows 

the raw unadjusted neighbor correlations and the lower panel (Panel B) shows neighbor 

correlations adjusted for family characteristics (parental education and household income) as 

discussed in section 2 to account for the possibility that outcomes of neighboring youth 

resemble each other not because of growing up in the same neighborhood but because they 

share the same family characteristics (see e.g., Raaum et al., 2006).  

                                                            
10 Note that grades are not directly comparable to test scores and might be a noisier measure than the test scores 
used in the previous literature.  
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We find that the shared neighborhood accounts for around 8 percent of the variance in 

grades. Adjusting for parental background reduces the neighbor correlations to 0.06 - 0.08. So 

only between 6 and 8 percent of the variation in school grades can be attributed to the 

neighborhood.11 In total numbers, this is even lower than the 0.14 Nicoletti and Rabe (2013) 

report for the test scores of 16 year olds in the UK. If we compare the sibling correlation to 

the neighbor correlation, the relation of both is roughly in the same range in the UK and in 

Germany. 

Notably, neighbor correlations in cognitive ability are considerably higher and amount 

to 0.27. When family characteristics are controlled for, this correlation declines to 0.22. Still, 

about 22 percent of the variation in cognitive ability test scores can be attributed to the 

neighborhood. 

Concerning health, the highest neighbor correlation we estimate is in mental health. 

Shared neighborhood factors at age 17 account for 14 percent of the variance in mental health. 

In contrast, neighbor correlations in physical health are around 0.09; adjusting for parental 

background leaves neighbor correlations in mental health and physical health largely 

unaffected. Adjusted neighbor correlations in BMI amount to 0.10. Concerning height, we 

estimate an adjusted neighbor correlation of 0.15, which is considerably higher than the 1% 

Duncan et al. (2001) find. 

This relatively high neighbor correlation in height seems suspect, unless one assumes 

sorting into neighborhoods based on height or neighborhood conditions that strongly affect 

inhabitants’ height. We test the robustness of our results to rule out the possibility that our 

neighbor correlations are simply artifacts of our sibling correlations in neighborhoods with a 

small number of (large) families. To this end, we restrict our adjusted neighbor correlations to 

youth who live in neighborhoods in which we observe more than two families in the data. The 

                                                            
11 Note that – as argued in section 3 – this is still an upper bound estimate of the influence of the neighborhood. 
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results are presented in Table 6. Comparing these results to Panel B in Table 5 shows that 

neighbor correlations in height (and BMI) drop substantially, becoming insignificant. The 

other neighbor correlations slightly decline, except for cognitive ability. Thus, the substantial 

neighborhood influence on cognitive ability and mental health proves to be a robust result. 

 

4.3 Comparison between sibling and neighbor correlations 

Finally, we combine these results in Figure 1 to shed light on our question raised in the 

introduction. Is it the family or the neighborhood? The estimated sibling correlations, along 

with the adjusted neighbor correlations and the neighbor correlations restricted to youth living 

in neighborhoods with more than two families, are presented. 

The first result is, as implied in equation (5), that the estimated neighbor correlations 

are all significant, but smaller in size compared to the estimated sibling correlations.12 This 

result holds for all outcomes. If we compare the sibling correlations and the adjusted neighbor 

correlations, for all outcomes except cognitive ability and mental health, neighbor correlations 

are about one-third of the estimated sibling correlation. Adding the results from our 

robustness test shows a slightly increase in the difference between sibling and neighbor 

correlations. So the answer to the question is that it is mostly the family that influences the 

adolescent outcomes, with a minor part attributable to the neighborhood. Notably, for 

cognitive ability and mental health, the influence of the neighborhood is higher. 

If we compare our results with existing results from other countries (Solon et al., 2000, 

Raaum et al., 2006, Lindahl, 2011, Nicoletti and Rabe, 2013) – although family influence is 

most important – neighborhood influence is more important in relation to family influence in 

Germany. Thus, the results from the existing literature do not fully carry over to the German 

context. 

                                                            
12 Technically, equation (5) refers to the unadjusted neighbor correlation, but the result also holds for the 
adjusted neighbor correlation. 
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In a last step, we aim at explaining channels through which the neighbor correlations 

we find might work. In a subsample of our youth data, we have detailed neighborhood 

characteristics available, including the level of education and the economic situation in the 

neighborhood. Following the decomposition approach by Mazumder (2008), we add these 

indicators to the estimation of the neighbor correlations. Further, we include community size 

as Page and Solon (2003) and Nicoletti and Rabe (2013) find significant effects of urbanicity 

on wages and test scores. This approach aims at disentangling the impact of shared family 

factors from shared community factors and is an extension of the previous literature, which 

often lacks joint information on family and neighborhood background. 

The results are presented in Table 7 and show that adding these neighborhood 

characteristics does not decrease neighbor correlations after controlling for parental 

characteristics.13 Thus, the educational structure and the economic situation in the 

neighborhood do not additionally contribute to the explanation of the influence of the 

neighborhood. 

5 Conclusion 

In this paper we present sibling and neighbor correlations in education and health for a sample 

of German 17 year olds. Moreover, we add to the literature by providing evidence on 

neighbor correlations in health outcomes, which, so far, have been scarcely investigated. Our 

analysis enables a cross-country comparison of the extent of inequality, which can be ascribed 

to growing up in the same family or in the same neighborhood in Germany. 

Overall, we find evidence of substantial joint influence of family and community 

background on youth school grades, cognitive skills, mental health, physical health, BMI, and 

height. The estimated sibling correlations are partly lower than comparable estimates for other 

                                                            
13 Some of the neighbor correlations adjusted to parental characteristics are higher in the subsample than in our 
full sample. This is most likely due to the reduced sample as neighborhood characteristics are only available for 
the years 2004-2010. We estimated various specifications, including neighborhood variables sequentially or 
simultaneously but results remained nearly unchanged. Estimations are available upon request. 
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countries, but are, consistent with the literature, always larger than the neighbor correlations. 

However, compared to existing results from other countries, the influence of the 

neighborhood is not negligible in Germany for some outcomes. This applies especially to the 

domains of cognitive ability and mental health, suggesting that, next to indicators of 

economic self-sufficiency, further research on the neighborhood impact to individual health is 

needed. 

Our results have important implications for policy makers. While the existing 

literature emphasizes the importance of support for children with adverse family backgrounds, 

our findings suggest that neighborhood quality should also be a target of equality enhancing 

policies. 
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Figures and Tables 

Figure 1 Sibling and neighbor correlations in youth education and health 

 

Note: the figure shows estimated sibling and neighbor correlations in youth education and health; error bars 
indicate standard errors; results from REML estimation of a linear multilevel model; standard errors of sibling 
correlations and neighbor correlations are calculated via the delta method. Neighbor correlations are adjusted for 
family background characteristics. For details see Tables 4, 5 and 6. 

 
Source: SOEP 2004-2010. 
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Table 1  Descriptive statistics of education and health outcomes 

 
 

 
   

Variable Mean Minimum Maximum Standard 
deviation 

Observations 

German grade 2.89 1 6 0.82 3708 
Math grade 2.97 1 6 1.03 3708 

Average grade 2.93 1 6 0.76 3708 
Cognitive 

ability 
31.72 3 55 9.33 1715 

Mental health 50.01 11.59 72.66 7.84 3088
Physical health 56.25 24.62 68.89 5.12 3088 

BMI 21.81 13.05 47.88 3.43 3531 
Height 173.21 125 204 9.13 3556 

 
Source: SOEPv29 (2000-2012). 
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Table 2  Descriptive statistics of parental characteristics 
 
Variable Mean Minimum Maximum Standard 

deviation 
Observations 

       Household income 3102.47      10 35000 1756.48  3772 
Highest parental 

education 
     

No school degree 0.01 0 1 0.12 3772
Secondary school degree 0.19 0 1 0.39 3772

Intermediate school degree 0.31 0 1 0.46 3772
Other degree 0.10 0 1 0.30 3772

University entrance 
diploma 

0.07 0 1 0.26 3772

University graduate 0.31 0 1 0.46 3772

Source: SOEPv29 (2000-2012). 
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Table 3 Descriptive statistics of neighborhood characteristics 

 
Variable Mean Minimum Maximum Standard 

deviation 
Observations 

Rate of unemployed  % 11.35 2.25 36.21 6.23 1722 
Rate of debtors % 9.99 2.40 34.18 3.64 1722 
Rate of university graduates in the 
workforce % 

7.83 1.41 38.57 4.61 1722 

Rate of high school graduates in the 
workforce  % 

5.39 1.79 22.52 2.38 1722 

Source: IEB 2004-2010; SOEPv29 (2004-2010). 
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Table 4 Sibling correlations in youth education and health outcomes 

 

Note: the table contains estimated sibling correlations in youth education and health; standard errors in 
parentheses; results from REML estimation of a linear multilevel model; standard errors of sibling correlations 
are calculated via the delta method. 

Source: SOEPv29 2000-2012. 
   

German Math Average Cognitive Mental Physical
grade grade grade ability health health BMI Height

Sibling correlation 0.17 *** 0.23 *** 0.22 *** 0.46 *** 0.31 *** 0.21 ** 0.33 *** 0.42 ***

(0.03) (0.03) (0.03) (0.04) (0.03) (0.03) (0.03) (0.02)

Family component 0.11 0.24 0.12 40.35 18.69 5.58 3.89 20.13

Individual component 0.54 0.82 0.44 46.55 41.54 20.63 7.76 27.68

Number of families 2664 2664 2664 1303 2249 2249 2524 2538

Number of individuals 3708 3708 3708 1715 3088 3088 3531 3556



 26

Table 5 Neighbor correlations in youth education and health outcomes 

 
 
Note: the table contains estimated neighbor correlations in youth education and health; standard errors in 
parentheses; results from REML estimation of a linear multilevel model; standard errors of neighbor correlations 
are calculated via the delta method. Panel A contains raw neighbor correlations, panel B contains neighbor 
correlations adjusted for household income and highest parental education. 

Source: SOEPv29 2000-2012. 

 
   

German Math Average Cognitive Mental Physical

grade grade grade ability health health BMI Height

Neighbor correlation 0.08 *** 0.08 *** 0.08 *** 0.27 *** 0.14 *** 0.09 *** 0.11 *** 0.16 ***

(0.02) (0.02) (0.02) (0.04) (0.02) (0.02) (0.02) (0.02)

Neighborhood component 0.05 0.08 0.05 23.53 8.22 2.36 1.28 7.67

Individual component 0.59 0.98 0.52 63.50 51.66 23.84 10.38 40.48

Number of neighborhoods 1712 1712 1712 1039 1513 1513 1667 1673

Number of individuals 3708 3708 3708 1715 3088 3088 3531 3556

Neighbor correlation 0.06 *** 0.08 *** 0.07 *** 0.22 *** 0.13 *** 0.09 *** 0.10 *** 0.15 ***

(0.02) (0.02) (0.02) (0.04) (0.02) (0.02) (0.02) (0.02)

Neighborhood component 0.04 0.08 0.04 16.08 7.70 2.15 1.15 7.00

Individual component 0.58 0.96 0.51 58.43 51.33 23.67 10.29 39.88

Number of neighborhoods 1712 1712 1712 1039 1513 1513 1667 1673

Number of individuals 3708 3708 3708 1715 3088 3088 3531 3556

A: Raw neighbor correlations

B: Neighbor correlations adjusted for household income and highest parental education
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Table 6 Adjusted neighbor correlations (sample restricted to youth living in neighborhoods 
with more than two families) 

 

Note: the table contains estimated neighbor correlations in youth education and health; standard errors in 
parentheses; results from REML estimation of a linear multilevel model; standard errors of neighbor correlations 
are calculated via the delta method. Neighbor correlations adjusted for household income and highest parental 
education. 

Source: SOEPv29 2000-2012.  
   

German Math Average Cognitive Mental Physical

grade grade grade ability health health BMI Height

Neighbor correlation 0.04 * 0.05 ** 0.04 ** 0.22 *** 0.10 *** 0.06 * 0.05 ** 0.03

(0.02) (0.02) (0.02) (0.06) (0.03) (0.03) (0.02) (0.02)

Neighborhood component 0.02 0.05 0.02 17.44 6.35 1.45 0.51 1.22

Individual component 0.60 1.00 0.54 63.30 55.68 23.94 10.23 40.85

Number of neighborhoods 267 267 267 215 262 262 266 266

Number of individuals 1240 1240 1240 524 1057 1057 1163 1174
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Table 7 Adjusted neighbor correlations (subsample with neighborhood characteristics) 

 
 
Note: the table contains estimated neighbor correlations in youth education and health; standard errors in 
parentheses; results from REML estimation of a linear multilevel model; standard errors of neighbor correlations 
are calculated via the delta method. Panel A contains neighbor correlations adjusted for household income and 
highest parental education, panel B contains neighbor correlations adjusted for household income, highest 
parental education, unemployment rate, rate of debtors, rate of university graduates, rate of workers with high 
school diploma, dummy for living in a city with more than 500.000 inhabitants and a dummy for living in East 
Germany.  

Source: SOEPv29 2004-2010; IEB 2004-2010. 

 

 
 

German Math Average Cognitive Mental Physical

grade grade grade ability health health BMI Height

Neighbor correlation 0.09 ** 0.09 *** 0.09 ** 0.21 *** 0.19 *** 0.09 ** 0.13 *** 0.14 ***

(0.04) (0.03) (0.03) (0.05) (0.04) (0.04) (0.04) (0.04)

Neighborhood component 0.06 0.10 0.05 15.88 12.07 2.27 1.48 6.50

Individual component 0.57 0.94 0.50 59.19 50.42 23.12 10.17 40.43

Number of neighborhoods 1026 1026 1026 818 934 934 1011 1014

Number of individuals 1697 1697 1697 1263 1475 1475 1659 1672

German Math Average Cognitive Mental Physical

grade grade grade ability health health BMI Height

Neighbor correlation 0.07 * 0.09 *** 0.08 ** 0.21 *** 0.19 *** 0.09 ** 0.13 *** 0.14 ***

(0.04) (0.03) (0.03) (0.05) (0.04) (0.04) (0.04) (0.04)

Neighborhood component 0.04 0.10 0.04 15.40 11.82 2.23 1.47 6.55

Individual component 0.57 0.94 0.50 59.14 50.52 22.97 10.19 40.43

Number of neighborhoods 1026 1026 1026 818 934 934 1011 1014

Number of individuals 1697 1697 1697 1263 1475 1475 1659 1672

Panel B: Neighbor correlations adjusted for household income,highest parental education, neighborhood level of education and economic situation 

Panel A: Neighbor correlations adjusted for household income and highest parental education 
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