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Abstract 

We study the association between socio-spatial neighborhood conditions throughout childhood 
and educational attainment in adulthood. Using unique longitudinal micro-data for a medium-
sized Swedish town, we geocode its population at the address level, 1939-1967, and link 
individuals to national registers, 1968-2015. Thus, we adopt a long-term perspective on the 
importance of nearby neighbors during a period when higher education expanded. Applying a 
novel method for estimating individual neighborhoods at the address level, we analyze the 
association between the geographically weighted social class of the nearest 6-100 childhood 
neighbors (ages 2-17), and the likelihood of obtaining a university degree by age 40, controlling 
for both family social class and school districts. We show that even when growing up in a town 
with relatively low economic inequality, the social class of the nearest same-age neighbors in 
childhood was associated with educational attainment, and that the associations were similar 
regardless of class origin. Growing up in low-class neighborhoods lowered educational 
attainment; growing up in high-class neighborhoods increased attainment. Social class and 
neighborhoods reinforced each other, implying that high-class children clustered with each other 
had much higher odds of obtaining a university degree than low-class children from low-class 
neighborhoods. Thus, even if all groups benefited from the great expansion of free higher 
education in Sweden (1960s-1970s), the large inequalities between the classes and 
neighborhoods remained unchanged throughout the period. These findings show the importance 
of an advantageous background, both regarding the immediate family and the networks of nearby 
people of the same age. 

Significance Statement 

Much neighborhood research has focused on contemporary and segregated cities in the US, but 
less on small and more homogenous cities. Additionally, administrative borders have often been 
used to estimate neighborhood conditions, which produce biased measures. We adopt a long-
term perspective on the importance of childhood neighbors, using more realistic methods of 
neighborhood conditions. We estimate individual neighborhoods at the address-level, using 
geocoded longitudinal micro-data (1939-2015) for a medium-sized Swedish town. We show that 
even when growing up in an economically relatively equal population, when higher education 
expanded greatly, the social class of the nearest childhood neighbors was important for 
educational achievements, regardless of social class and school characteristics. Associations are 
strongest for boys, but with similar patterns across genders. 
 
Introduction 
There is a large literature in economics and sociology arguing that children’s opportunities later in 
life are shaped by the social and physical characteristics of the neighborhoods they grow up in (1-
15). In the context of American inner-city poverty, Wilson (16) maintains that neighborhood 
socioeconomic status (SES) affects aspirations, attitudes, and motivation, which in turn shape, 
e.g., individual educational outcomes. The mechanism behind this association is the social 
isolation between different SES-groups, and most notably the isolation of low-SES groups in 
poverty-stricken areas of the large urban centers. Moreover, in a series of papers, Chetty et al. 
(17-20) use large longitudinal datasets to show the importance of neighborhood economic 
conditions and upward mobility for children’s life chances. Related to these studies, Manduca & 
Sampson (21) and Donnelly et al. (13) show how harsh social and physical environments directly 
limit intergenerational social mobility for children, whereas areas with high upward mobility 
positively influence their cognitive abilities. Other factors within neighborhoods that influence 
children include concentrated poverty, social control and cohesion, exposure to violence, social 
and ethnic segregation, and physical properties, such as lead exposure, air pollution, population 
density, the presence of green spaces, and the overall built environment (22-29). Less visible 
mechanisms are the social capital within neighborhoods and the possible use of neighbors as 
important weak ties for one’s upward mobility (30-32). 
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There are different theoretical perspectives aiming to explain the impact of neighborhoods on 
individual social outcomes including academic achievements, focusing on the influence of peers, 
adults in the neighborhood and external adults (e.g., teachers, police etc.) (33). Peers could 
influence children’s chances of attending, as well as finishing, school through a direct influence 
on attitudes, norms and behavior. Especially bad behavior is expected to be contagious in 
neighborhoods, but good behavior could have similar effects. Non-parental adults in the 
neighborhood could also affect children’s outcomes by acting as role models, especially in 
showing positive results of good behavior, hard work and study. In addition, these adults could 
help maintaining good order in the neighborhoods, thereby controlling adverse behavior. Finally, 
external adults, such as teachers or law enforcement, could have a role in creating neighborhood 
effects if low-SES neighborhoods systematically attract lower quality external adults to their 
institutions. These theories predict that children from low-SES origins benefit from growing up in a 
high-SES neighborhood. On the contrary, according to resource competition and relative 
deprivation models, low-SES children in high-SES neighborhoods, or in schools with more high-
SES students, may suffer from greater grade competition and higher perception of own 
deprivation. This could lower their chances of higher educational achievement, or at least 
counteract other positive effects of growing up in a high-SES neighborhood (34). 

In the context of educational attainment, we hypothesize that growing up in a high-SES 
neighborhood increase the likelihood of obtaining a university degree. Conversely, growing up in 
a low-SES neighborhood lower the likelihood of reaching this level of education. Most focus in the 
literature has been on children from low-SES origins, but neighborhood SES may also affect the 
educational achievements of children from high-SES origins. Due to the disadvantaged position 
of children from low-SES origins, neighborhood effects may be stronger for low-SES origins than 
for high-SES origins. It is difficult to empirically distinguish between these mechanisms, as well as 
to identify causal effects of neighborhood characteristics on individual outcomes (35, 36). 

Despite a considerable literature on how neighborhood affects individual outcomes of children, 
several areas remain underexplored. Much of the research has focused on the United States, 
which is a special context given the interaction between race and SES. In addition, there has 
been an almost exclusive focus in the literature on more recent times, often on heavily 
segregated and large urban areas. Much of the world’s population lives in smaller, more 
homogenous cites, and the question is how much the neighborhood matters within such areas? 
In addition, segregation and neighborhood differences within these areas can be detected, but 
mostly at smaller scales, with the use of detailed geographic data (37, 38). For such cases, we 
need to use measures of the few closest neighbors to study the importance of neighborhoods. 
 
Although important exceptions exist (14, 39, 40), most longitudinal studies have primarily been 
limited to estimating neighborhood conditions according to various forms of administrative units 
(wards, enumeration districts, zip codes). Studies using more detailed spatial estimates of 
neighborhoods have often done so without a longitudinal component (35, 36). Studies using data 
aggregated in larger geographic units are plagued by the well-known modifiable areal unit 
problem (MAUP) and the uncertain geographic context problem (UGCoP) (41-43). That is, when 
using arbitrary and large areal units for deriving neighborhood variables, one misses crucial 
information on the specific physical and social factors that influence individual behavior. 
Therefore, serious bias in the predictions of the neighborhood effects may be introduced (43). 
 
We overcome these problems by using novel longitudinal micro-data on a medium sized Swedish 
industrial port town (Landskrona), in which we geocode the residential histories of the full 
population at address level for the entire period 1939-1967. Individuals are linked to Swedish 
national register data for the period 1968-2015 using unique personal identifiers, which allows us 
to study educational attainment in adulthood of children growing up in the city, regardless of 
where they reside in Sweden. Therefore, we avoid bias from only looking at the stayer population. 
We study the association between socio-spatial neighborhood conditions throughout childhood 
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and educational choice in adulthood, net of any intergenerational transmission of disadvantage 
within the family. Economically, the population of Landskrona had relatively equal income; the 
period-average income-Gini index was 0.27 (SI Appendix, Fig. S1). This period also 
encapsulates the greatest expansion of higher education in Sweden. Thus, within a relatively 
equal city with free education, we can adopt a long-term perspective on the importance of 
neighbors during a period of great increase in college attendance.  

Moreover, using geocoded data on the address level, we produce fine-scale and geographically 
weighted measures of the closest neighbors of the same age throughout childhood. In addition, 
we account for both the social and spatial characteristics of the individual neighborhood, including 
the elementary school the children most likely attended. Thus, we build upon the work done by 
e.g. (14, 40) and apply a more realistic approach of estimating long-term social influences from 
the nearest neighbors than previously used measures that have been dependent on 
administrative borders. 

Materials and Methods 
Data sample 
The longitudinal and individual-level data (1939-1967) for the city of Landskrona come from the 
Scanian Economic-Demographic Database (SEDD) (44). During the post-WWII period, 
Landskrona was a medium-sized Swedish city with a strong manufacturing and shipyard industry. 
It had a population of 25,000 in 1949 and approximately 27,000-30,000 for the period 1960-2010. 
The primary sources for the database are continuous population registers and income and 
taxation registers. Information on birth, marriages, deaths, and in- and out-migrations has also 
been linked to the data. The SEDD database has been linked to national longitudinal register data 
for the period 1968-2015 from Statistics Sweden. 
 
We geocoded 98% of the person-time for the approximately 77,000 individuals in the historical 
dataset at the address-level, providing the full residential histories of the individuals living in the 
city (SI Appendix, section 1.1). In addition, these address points were linked to the buildings in 
the city. We also created an object lifeline representation of approximately 90% of the buildings 
and streets in Landskrona. Hence, we have information on when a road and building started and 
ceased to exist. This allows us to use geographical data that are correct for each time point that 
we study, which is important when estimating individually based neighborhood conditions. 

Research strategy 
First, we quantify individual, social and environmental neighborhood variables for children aged 2, 
5, 8, 11, 14, and 17 in Landskrona between 1939 and 1967. By doing so, we cover the entire 
childhood and are able to account for variations in the neighborhood influence at different ages. 
For example, at age 14, peer influence may affect children’s choice of high school orientation (45) 
whereas other mechanisms may be in play at younger ages. The education of these individuals is 
later followed up at age 40 in the national registers (1968-2015). The total sample of all age 
groups was 14,436 (SI Appendix, section 1.2).The same individual child is on average observed 
3.3 times across the age groups. 

We focus on two main childhood variables: social class (class origin) and geographically 
weighted social class of the neighborhood (neighborhood class). At the individual level, we have 
detailed socioeconomic and demographic information. We measure social class of children based 
on the occupation of the father and use social class rather than education of the parents to 
predict educational attainment in adulthood because of the low proportion of adults (i.e., parents) 
having higher education during the period 1939-1967. The great expansion of higher education in 
Sweden did not take place until the 1960s and early 1970s, and affected cohorts born after 1930 
(see, e.g., (46): 154, SI Appendix, Fig. S2).  

Second, the children growing up in Landskrona 1939-1967 are followed until age 40, regardless 
of where they live within Sweden. For these individuals, we estimate logistic regression models to 
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analyze the association between childhood neighborhood conditions and the likelihood of 
obtaining a 3-year university degree by age 40. The variables used in the analyses are 
categorized into four model groups: individual variables, neighborhood class, social environment, 
and physical environment. These are presented as follows. 

Dependent variable 
Education level. The binary outcome variable, which is based on information on the highest level 
of education reached at age 40 (an age when most people have finished their education in 
Sweden). This information is coded according to the national standard Swedish education 
nomenclature (SUN) for classification of education. A value of 1 indicates that the individual has 
completed a 3-year university degree or higher.  

Class origin and other individual variables 
Class origin. We measure socioeconomic status based on the father’s occupation. Data on 
occupation are obtained from several sources: demographic events, population registers, and 
annual data from the income registers. Occupational notations are coded in an internationally 
comparable coding scheme for historical occupations (HISCO) (47) and then grouped into 
HISCLASS, a 12-category social class scheme based on skill level, degree of supervision, 
whether manual or non-manual, and whether urban or rural  (48). We define three classes: high-
class (HISCLASS: 1-5), mid-class (HISCLASS 6-7), and low-class (HISCLASS 8-12) (see SI 
Appendix, section 1.3 for more information). The high-class group have mostly white-collar 
occupations such as managers, professionals and clerical- and sales personnel, whereas the 
mid-class (foremen and medium-skilled workers) and low-class (lower and unskilled workers) 
groups are mostly blue-collar workers. Other individual variables included as controls are: 
household size, presence of mother, and birth year (see SI Appendix, section 1.4 for more 
information). 

Neighborhood class variable 
Using geocoded data at the address level, we estimate social neighborhood conditions based on 
the k-nearest neighbors. The first step is to construct annual matrices containing the shortest 
Euclidean distances between the individuals. The matrices contain the distances between each 
child within their age group and their k-nearest neighbors of the same age, +/-1 year. This interval 
is used to expand the sample for each neighborhood, capture more children of similar ages and 
include information throughout childhood (1-18 years). The final dataset contains yearly snapshot 
information on each individual’s neighbors at the end of the year (19xx-12-31) for the period 
1939-1967. From these matrices, we create individual neighborhoods from the k-nearest 
neighbors that do not live in the household of the individual. We use a range of closest neighbors 
(k = 6, 13, 25, 50, and 100) to: 1) capture segregation that may exist in smaller and more 
homogenous cities (37); 2) include possible peer-effects as well as other neighborhood effects; 
and 3) study how the influences from neighbors change when increasing k. Based on the 
individual neighborhoods, we construct the geographically weighted (GW) neighborhood class 
variable. The variable is based on the class origin share of the k-nearest individuals for each 
specific year. For the k-nearest neighbors of individual i, we define the geographically weighted 
share of each class origin c as follows: 

                                                 𝐺𝑊 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟ℎ𝑜𝑜𝑑 𝑐𝑙𝑎𝑠𝑠𝑐 = ∑ (
𝑗=𝑛
𝑗=1

𝑊𝑖𝑗𝑐

∑ 𝑊𝑖𝑗
𝑗=𝑛
𝑗=1

)              (1) 

𝑊𝑖𝑗 =  𝑒
−0.5∙(

𝑑𝑖𝑗
𝑏 )

2

 

where Wij is the spatial weight implemented as a Gaussian distance function between individual i 
and any neighbor j (cf. (49)), and jc is the neighbor of the specific class c. In the Gaussian 
distance function, the bandwidth b limits the search of the neighbors, and dij is the Euclidean 
distance between the address points of individual i and neighbor j. In this study, we use an 
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adaptive bandwidth, which represents the maximum distance between individual i and its k-
nearest neighbors. Moreover, to account for the variation in population density and uneven 
distribution of address points in the data, we use the relative spatial weight between individual i 
and neighbor j (relative to the spatial weights of all other neighbors). The Gaussian distance 
function is chosen as it is commonly used when modelling spatial relationships (50). Sensitivity 
tests are also performed using an exponential distance function as well as equal weights (no 
distance decay) (SI Appendix, section 1.5). Fig. 1 shows an example of the 13 nearest 
neighbors j and their class c, of the same age +/-1 year to individual i. The share of the neighbors’ 
classes, which are 5 high-class, 4 mid-class, and 4 low-class, are weighted according to Eq. (1). 
The closest three neighbors, all of different classes, reside only a few meters from the individual. 
Finally, we categorize the neighborhood class as follows: 

 High-class: A k-neighborhood with at least a GW share of 50% high-class neighbors, and 

less than 25% low-class neighbors. 

 Low-class: A k-neighborhood with at least a GW share of 50% low-class neighbors, and 

less than 25% high-class neighbors. 

 Mid-class: A k-neighborhood that is not classified as high-class or low-class. 

Social and physical environment variables 
We control for other social and physical environment aspects within the neighborhood, which may 
affect the association between neighborhood class and educational attainment (see SI 
Appendix, section 1.4, for more details on these variables, and SI Appendix, Fig. S8, for 
sensitivity tests on school variables). The social environment variables are: Distance to 
Landskrona’s only secondary and high school, elementary school districts, GW sex composition, 
GW share of neighbors with missing mother, residential mobility, and locally born. For the 
physical environment within the neighborhood, we try to account for aspects such as air pollution, 
which may affect the cognitive development of children (26, 27). The variables that use 
information from roads and buildings are time-varying because they account for the construction 
of new roads and buildings throughout the study period. The physical environment variables are: 
Proximity to major road, Road density, Building type (apartment block or single house/town 
house), and Population density.  

Statistical analysis 
By estimating six logistic regression models, we analyze how neighborhood conditions are 
associated with education in adulthood (SI Appendix, section 1.6). The binary outcome variable 
of interest is whether the highest level of education reached at age 40 is at least a 3-year 
university degree. We run separate models for sex, the six age groups (2, 5, 8, 11, 14, and 17) 
and the number of neighbors (6, 13, 25, 50, and 100). Note that the same child may appear in 
multiple age groups. We first estimate three basic models, which control only for the individual 
variables, in addition to class origin (model 1), neighborhood class (model 2), and both class 
origin and neighborhood class (model 3). Then, we extend model 3 by first adding the social 
environmental variables (model 4) and thereafter the physical environmental variables (model 5). 
The last model (model 6) includes an interaction between the variables class origin and 
neighborhood class, using the settings from model 5. The Bayesian information criterion (BIC) is 
used to compare the fit of each estimated model across the neighborhood sizes and spatial 
weight methods (SI Appendix, section 1.5). We also test for spatial autocorrelation of the 
residuals, since this may introduce bias in the models (SI Appendix, section 1.7). 

Data Availability 
The individual-level data from the SEDD and the Statistics Sweden are protected by Swedish 
personal integrity laws, as well as other regulations and confidentiality restrictions. The analyses 
are performed on Statistics Sweden’s restricted platform MONA (Microdata Online Access), and it 
is not allowed to share these data. Relevant aggregated data can, however, be shared. In 
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addition, the code and scripts used in the analyses are available at: 
https://dataverse.harvard.edu/dataverse/LPSD/.  

Results 
Descriptive results 
The great expansion of higher education in Sweden took place in the 1960s and early 1970s, 
implying that many of the children in Landskrona reached a higher educational level than their 
parents. All social classes seem to have benefited from this expansion (SI Appendix, Fig. S2), 
but there was a consistently large difference between the high-class (primarily white-collar 
workers) and the mid- and low-classes (primarily blue-collar workers) throughout the period. The 
period average for each class that had obtained at least a 3-year university degree as of age 40 
was 25.3% (high), 10.3% (mid), and 7.7% (low).  

Fig. 2 shows the distribution of the neighborhood classes, as well as other variables used in the 
statistical analyses, averaged on a 75x75 m grid for the period 1960-1967. For descriptive 
statistics of these and all other variables, see SI Appendix, Tables S1, S2. The maps reveal 
clusters of the neighborhoods; the high-class neighborhoods are located in the city center near 
Landskrona’s secondary and high school (residing in apartments) and in the periphery (residing in 
single house areas), whereas the low-class neighborhoods are located between the center and 
periphery.  

There are also considerable changes in the neighborhood distribution throughout the study 
period. As shown in Fig. 3, the Getis-Ord Gi* statistics (c.f. (52)) show several significant clusters 
of high classes in the city center in 1947, whereas these clusters have moved to the periphery of 
the city in 1966. These spatial changes were likely related to the construction of many new 
buildings in Landskrona from 1950 onwards. 
 
Empirical results 
Fig. 4 shows the results of five logistic regression models for each age group and sex, using the 
13-nearest neighbors’ specification (see SI Appendix, Fig. S3, S4, for the results on the full 
range of k). The models estimate the association between childhood neighborhood class and 
having a university degree at age 40. Only the variables high-class origin and high-class 
neighborhood (reference classes: low-class origin and low-class neighborhood) are shown in the 
figure (SI Appendix, Fig. S5, includes the full regression outputs). For children residing in mid-
class neighborhoods, only boys aged 8 were associated with significantly higher odds of 
obtaining a university degree than children residing in low-class neighborhoods.  

The first three models adjust only for birth year, household size, and presence of the mother, in 
addition to class origin (M1), neighborhood class (M2) and class origin + neighborhood class 
(M3). The fourth model (M4) adds social-environmental variables (locally born, residential 
stability, relative distance to secondary and high school, estimated elementary school district, GW 
share of female neighbors, GW share of missing mothers), and the fifth model (M5) adds 
physical-environmental variables (population density, road density, distance to main road, type of 
building). 

Throughout the period and for both sexes, there is a strong positive association between high-
class origin and the likelihood of having a university degree (Fig. 4 A-B). The magnitude of this 
relationship is little affected when controlling for neighborhood class (M3) as well as for the social 
and physical-environmental variables (M4 and M5). The models also show significant 
associations with neighborhood class throughout the period (Fig. 4 C-D), although the association 
is weaker than that for class origin. The magnitude of the association for neighborhood class 
decreases most when the basic neighborhood class model (M2) is extended with the inclusion of 
the class origin variable (M3). However, the association is significant for boys for all models 
except at age 14; for girls, it is significant only for age 14 (at p < 0.1 for ages 8 and 11).  

https://dataverse.harvard.edu/dataverse/LPSD/
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Moreover, the pattern throughout the age groups differs slightly between the sexes: the 
association between both high-class origin and high-class neighborhood and the odds of having a 
university degree peaks in the later ages for girls but not for boys. For girls, the strongest 
influence of both class origin and neighborhood class is observed at age 14. In contrast, boys are 
not significantly influenced by their nearest neighbors at age 14, but the strongest links are found 
at ages 5, 8 and 11. 

From the comparison of the different sizes of neighborhoods (SI Appendix, Fig. S3, S4), we 
observe consistent associations of neighborhood class across the sizes of k. The strongest 
associations and best model fits are found at the lower values (k = 6, 13, 25), whereas the 
associations at k=100 are seldom significant and the models perform worse. The change of the 
influence from the neighborhood class when altering the number of neighbors differs slightly 
across age groups and sex. Moreover, the comparisons of the models using Gaussian and 
exponential weights, as well as when using no weight, indicate that the models using Gaussian 
distance decay performs slightly better overall than its counterparts, but with a variation across 
sex and age (SI Appendix, Fig. S6, S7). Last, the Moran’s I tests on the residuals indicate that 
the main model results are not much affected by unobserved spatially correlated factors (cf. SI 
Appendix, Section 1.7, Table S3). 

Model 6 extends model 5 (with k = 13) by including an interaction between class origin and 
neighborhood class (Fig. 5). Except for girls aged 17, we find no evidence that the social classes 
are influenced differently by the neighborhood class (SI Appendix, Table S4, S5). Hence, the 
high social class is not less affected by living in deprived neighborhoods, nor do this class benefit 
more from high-class neighbors, than individuals of lower-class origin. Moreover, at all ages, the 
children of high-class origin residing in a high-class neighborhood had the highest likelihood of all 
groups to have obtained a university degree by age 40. The highest odds are found for girls aged 
14, among which those of high-class origin residing in a high-class neighborhood had 8.4 times 
higher odds of obtaining at a university degree than individuals of low-class origin residing in a 
low-class neighborhood. 

Class origin alone also had a strong association with education: children of high-class origin who 
resided in a low-class neighborhood still had a higher chance of obtaining a university degree 
than the mid- and low-classes. However, at ages 14 for girls and 11 for boys (when the 
neighborhood influence was strong, Fig. 4 C, D), children of low-class origin residing in a high-
class neighborhood had higher odds of obtaining a university degree than children of mid-class 
origin residing in a low-class neighborhood. 

Discussion  
We studied the association between neighborhood conditions throughout childhood and obtaining 
a university degree. By geocoding the longitudinal individual data at the address level, we were 
able to produce fine-scale and geographically weighted measures for a broad range (k = 6, 13, 
25, 50, and 100) of the closest same-age neighbors throughout childhood. In addition, these 
measures captured aspects of the social and physical environment at the neighborhood level, 
possible peer-effects at the smallest neighborhoods, and school districts. Because we did not rely 
on economic and demographic information from administrative units, we avoided some of the 
serious biases that may arise from the modifiable areal unit problem and the uncertain 
geographic context problem. Last, by having the child population of Landskrona linked to national 
registers, we avoided selection bias from only looking at the stayer population. Thus, these high-
quality longitudinal data allowed us to contribute to the understanding of neighborhood influences 
at a very fine scale, during a period when higher education expanded greatly in Sweden. 
 
Our findings demonstrate that even when growing up in a medium-sized town with relatively low 
economic inequality, the social class of the nearest (primarily 6, 13 and 25) neighbors of the 
same age throughout childhood was important for educational achievements, regardless of class 
origin and the elementary school children possibly attended. These findings are in line with other 
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studies using larger samples but more aggregated data (e.g., (17, 19, 21)), as well as studies on 
peer-effects (51, 52). Moreover, Chetty and Hendren (19) show that the longer children live in a 
neighborhood in which the residents have a higher income than their family has, the more their 
own income increases later in life. In relation to these findings, our results indicate that children 
from high-class families with a large share of high-class neighbors of the same age had 
consistently higher odds of obtaining a university degree than all other children. This relationship 
holds also when adjusting for the elementary school they most likely attended. The most striking 
example was found for the girls aged 14, among whom those of high-class origin in high-class 
neighborhoods had approximately eight times higher odds of obtaining a university degree than 
did those of low-class origin in low-class neighborhoods. Thus, not only did children growing up in 
low-class neighborhoods have lower educational attainment, but high-class children clustered 
with each other outperformed all other children. These findings indicate the importance of an 
advantageous background, both in terms of the immediate family and the neighborhood. Finally, 
even if all social classes benefited from the great expansion of higher education, the large 
inequalities between the classes remained unchanged throughout the period. 
 
In smaller, more homogenous cities, segregation is usually more present at finer scales (37). 
Thus, using very few nearest neighbors to estimate neighborhood influences is more realistic for 
Landskrona and cities of similar types. The results from the models using different neighborhood 
sizes, in which the strongest associations and model fits were found for neighborhoods of 6, 13 
and 25 children (SI Appendix, Fig. S3, S4), support this claim. In addition, we modeled the 
influence of neighbors’ class using a nonlinear Gaussian distance function. Such a function 
captures the dependency found in many spatial relationships better than linear distance functions 
or equal weights (49). Our sensitivity tests with exponential distance functions and equal weights 
indicate small differences in strength of associations and model fits between the weighting 
methods (SI Appendix, Fig. S5, S6). This may be due to the small sizes of the neighborhoods, 
and we expect a larger impact of distance decay functions in larger neighborhoods. Therefore, by 
using fine-scale measures of individual neighborhoods and more realistic weighting methods, we 
are able to reveal patterns in areas that other measures and scales may not capture. 
 
We cannot identify the precise mechanisms of the neighborhood influence, whether related to 
peer influence from children of similar age living nearby, or adults living or working in the 
neighborhood. By controlling for school districts, we capture some of the social capital obtained 
within the schools and that may influence children’s academic success, such as after-school 
activities and bonds between teachers and other students (53). The fact that the neighborhood 
associations remain also when adjusting for school district, indicate an important role of the closer 
residential neighborhood. In addition, we find some indications of peer influence because the 
strongest neighborhood associations are found at the smallest scales. Hence, different 
mechanisms may be in play compared to those studies using much larger neighborhoods, such 
as Chetty et al. (17-20). Moreover, we expected that children from high-class origins would be 
less influenced by deprived neighborhoods than children of lower-class origins, as indicated by 
other studies (54, 55). One reason is that high-class children through their parents may have 
more protective buffer against external adversities (55), and that network ties are stronger within 
the same social classes (56). Our findings, in contrast, do not suggest that that the neighborhood 
influences in childhood differed depending on the class origin, and this finding did not change 
when adjusting for the elementary school they most likely attended. Moreover, the associations of 
neighborhood conditions and educational outcomes differed by both sex, age and number of 
nearest neighbors. Girls were less influenced by their childhood neighbors, and between the ages 
11 and 17, they were more influenced by their class origin, as opposed to boys. Mechanisms that 
may explain these results for the older children are different interaction patterns and differences 
in the size and power of the social networks across sexes and ages (57). 
 
The limitations of our study relate to whether the conclusions can be applied to other urban 
settings as well. We do not claim that Landskrona is representative in a statistical sense, but 
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there is no reason to assume that the influences of the social and physical environment would be 
very different for other similar places in Sweden and elsewhere. Moreover, although we did not 
identify any serious problems with spatial autocorrelation of the residuals, questions remain 
regarding how to adequately delimit the time intervals, which may have spatial correlations with 
unobserved factors. Last, we defined neighborhoods using snapshot information on yearly basis. 
Due to the nature of the data, however, it is possible to consider the full residential histories and 
estimate the cumulative neighborhood effects throughout childhood. Such index can be defined 
on e.g., a monthly basis, or by updating it at each migration event within the city. The latter is 
computational intensive, but may improve the predictions in future studies (58).
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Figures and Tables 

Figure 1. Example of an individual neighborhood for individual i, aged 8, containing the 13 
nearest neighbors of ages 7-9 in Landskrona, 1959-12-31. The background map shows buildings, 
streets (white lines), and class origin. Note: some neighbors reside at the same address point. 

Figure 2. Spatial distribution of neighborhood classes and other variables in Landskrona for all 
age groups (2-17). The variable values on the individual level for each 13-neighborhood are 
averaged on a 75x75 m grid for the period 1960-1967. A) GW % of low-class neighbors; B) GW 
% of mid-class neighbors; C) GW % of high-class neighbors; D) population density (population/50 
meter buffer from each individual); E) map of Landskrona in 1967, Sec. school = secondary and 
high school; F) percentage of locally born children; G) estimated elementary school districts; H) 
distance to major road (in 1967); I) distance to secondary and high school. 
 
Figure 3. Snapshots of local clusters (Getis-Ord Gi*) in Landskrona A) year 1947, B) year 1966. 
 
Figure 4. Association between neighborhood conditions and other factors in childhood and 
having a university degree at age 40, Landskrona and Sweden, 1939-2015. Models 1-5, ages 2, 
5, 8, 11, 14, and 17. Only the variables high-class origin and high neighborhood class are shown 
here (reference classes: low-class origin and low neighborhood class). A) High-class origin, girls, 
B) high-class origin, boys, C) high neighborhood class, girls, D) high neighborhood class, boys. 
Girls: ages 2, n = 4284; ages 5, n = 4117; ages 8, n = 3972; ages 11, n = 3960; ages 14, n = 
3631; ages 17, n = 3369). Boys: ages 2, n = 4560; ages 5, n = 4316, ages 8, n = 4178; ages 11, 
n = 4057; ages 14, n = 3740; ages 17, n = 3557. The odds ratios and their 95% confidence 
intervals (bars) are plotted on a log scale.  
 
Figure 5. Association between neighborhood conditions and other factors in childhood (ages 2, 5, 
8, 11, 14 and 17) and having a university degree at age 40, Landskrona and Sweden, 1939-2015. 
Interactions are included between class origin and neighborhood class, using the control 
variables from Model 5. Only the interaction variables are shown here (reference class: low-class 
origin # low neighborhood class). A) Girls, B) boys. The odds ratios and their 95% confidence 
intervals (bars) are plotted on a log scale. Note that different colors and symbol shapes are used 
to visually distinguish the class origin groups (high, mid, low). 
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