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This paper investigates social stratification in the context of poor air quality’s impact on educational achieve-
ment in Italy, a country characterized by high levels of air pollution and significant geographical diversity. We
address two primary questions: firstly, whether students from different socio-economic backgrounds vary in their
exposure to high levels of particulate matter (PM2.5) at school, and secondly, if the effect of exposure to poor air
quality on academic performance differs between children from high and low socio-economic status families.
Utilizing a novel dataset comprising test scores in math and reading for 456,508 8th-grade students, collected
nationally in Italy in 2019, we geocode the locations of 6882 schools based on their addresses and link the level
of air pollution in the surrounding areas using PM2.5 data from the Atmospheric Composition Analysis Group. To
address potential confounding factors, we estimate municipality and province fixed effects and control for in-
dicators of school neighborhood characteristics and school quality. Our analysis yields three key findings. Firstly,
students from higher socio-economic backgrounds tend to attend schools with higher PM2.5 levels. However, the
positive association between SES and exposure to PM2.5 disappears when adding province and municipality
fixed effects, suggesting that the positive association can be explained by selection into provinces and munici-
palities by SES. Secondly, we identify a small yet consistent negative effect of PM2.5 on math and reading test
scores. Thirdly, this adverse impact is primarily observed among students from low socio-economic backgrounds.
We conclude that the relationship between environmental risks and disparities in educational achievement based
on social background in Italy is nuanced and critically influenced by the country’s specific context.

2022; Stenson et al., 2021).
The environmental justice literature extensively examines the

1. Introduction

The quality of air surrounding schools is paramount as children
spend extensive hours in these environments, where outdoor-origin
pollutants, such as fine particulate matter (PM2.5), infiltrate and
persist indoors (Chen & Zhao, 2011; Jones et al., 2000; Pallarés et al.,
2019). Elevated pollution levels within school premises can detrimen-
tally impact students’ ability to focus and maintain attention, conse-
quently affecting learning outcomes during instructional hours (Gignac
et al., 2021) and performance in standardized tests (Amanzadeh et al.,
2020). Furthermore, poor air quality exerts a negative influence on
children’s health and attendance (Currie et al., 2009; Konig & Heisig,
2023), potentially disrupting their educational trajectories throughout
the academic term. Indeed, prior research indicates a deleterious effect
of exposure to inadequate air quality at schools on children’s educa-
tional attainment (Amanzadeh et al., 2020; Currie, 2013; Requia et al.,

intersection of socioeconomic inequalities and environmental risks
(Mohai et al., 2009; Muller et al., 2018). Specifically, ethnic and racial
minorities have consistently been identified as facing the highest
exposure to major sources of environmental pollution across various
contexts (Grineski & Collins, 2018; Riittenauer, 2018). However, find-
ings regarding socioeconomic status (SES) disparities in air pollution
exposure are more nuanced, particularly within European contexts,
prompting the need for further investigation (Mohai et al., 2009; Hajat,
Hsia & O’Neill, 2015). Actually, the relationship between SES and air
pollution in Europe has been found to be non-linear or even negative in
certain regions. Moreover, there is limited research available on whether
the consequences of exposure to air pollution differ among socioeco-
nomic groups, particularly concerning parental SES.

Building upon insights from research on public health and
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environmental inequalities, this paper examines the potential negative
impact of exposure to poor air quality at school on academic achieve-
ment. Furthermore, we explore whether this negative effect of poor air
quality contributes to educational disparities associated with parental
SES. Specifically, we investigate disparities in exposure to poor air
quality at school based on parental SES and differences in the academic
consequences of such exposure, also considering parental SES.

We prioritize the examination of exposure to poor air quality at
school due to its significance as a pertinent environmental risk factor,
considering that children spend a substantial portion of their daily hours
in this environment. Additionally, in Italy, especially in urban areas, a
significant proportion of children reside in close proximity, about 1.2 km
based on a recent study, to the schools they attend (Mantovani et al.,
2022). Therefore, our indicator of poor air quality at school is also likely
to encompass exposure to poor air quality at home.

Our analysis utilizes a unique dataset containing math and reading
test scores from a national evaluation conducted in 2019 among all 8th-
grade Italian students. Italy, categorized as a high-income country, faces
one of the highest levels of air pollution among OECD nations (OECD,
2023). We examine data from 456,508 students across 6882 schools.
School locations are geocoded based on addresses, and we link air
pollution levels in the surrounding areas using fine-grained measures of
particulate matter with a diameter of 2.5 micrometers or smaller
(PM2.5), obtained from the Atmospheric Composition Analysis Group
(ACAG) (Hammer et al., 2020).

We start our investigation by examining disparities in exposure to air
pollution at school based on parental SES. This initial analysis is
descriptive, aiming to determine whether high and low SES students
attend schools with differing levels of air pollution. Subsequently, we
investigate the potential adverse effects of air pollution exposure at
school on academic achievement, while also exploring whether these
effects vary according to parental SES. The critical issue we must address
in this second analysis is the potential bias arising from parents’ selec-
tion of schools with different levels of pollution. In Italy, the selection of
schools is closely linked to the choice of residential neighborhood, as
most children attend schools in the vicinity of their homes. We will
discuss the patterns of residential segregation and the admission rules of
schools in Italy below. Methodologically, we employ two approaches to
address endogeneity concerns inherent in the relationship between
exposure to poor air quality at school and academic achievement.
Firstly, we employ province and municipality fixed effects and capitalize
on variations in air quality within these subnational geographic units. By
incorporating province and municipality fixed effects, we control for
sorting by SES across provinces and municipalities. Importantly, we
know from previous studies that the most polluted areas in the northern
region often overlap with affluent regions, where students also tend to
demonstrate higher academic performance, on average (Conte Keivabu,
2023; Martini, 2010). Additionally, within provinces and municipalities
air quality at schools may be correlated with various factors, including
the quality of neighborhood and school quality, which can influence test
score results. Critically the quality of the neighborhood might drive
parental residential choices and, therefore, selection into certain
schools. To address the non-random selection into schools based on
factors that might be correlated with air quality and school achieve-
ment, we incorporate indicators of neighborhood and school charac-
teristics into our analysis.

We contribute to the existing literature on environmental inequality
by foregrounding the study of SES heterogeneities in the adverse con-
sequences of exposure to poor air quality on educational achievement.
Simultaneously, we add to social stratification research by demon-
strating how environmental risk factors can exacerbate SES inequalities.
This represents a relatively novel area of inquiry, with most findings
originating from studies in the United States (US) (Wodtke et al., 2022;
Manduca & Sampson, 2021). Consequently, our study extends this
literature by providing evidence from an EU country, where patterns of
residential and educational segregation concerning exposure to air
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pollutants differ from those observed in the US.

In the subsequent sections of the article, we first delve into the
background literature and various explanations regarding whether and
how exposure to PM2.5 can impact educational achievement. We
differentiate between explanations for differences in exposure to air
pollution and difference in the effects of exposure based on parental SES.
We then present the data and methods used in the empirical analyses
and our main findings. Finally, we discuss our results and provide some
concluding remarks.

2. Air pollution, educational achievement and inequality:
theoretical framework

Rich academic evidence exists on the negative effect of air pollution
on children’s educational achievement (Amanzadeh et al., 2020; Gri-
neski, Heissel et al., 2020, 2020; Mullen et al., 2020; Persico & Venator,
2019; Stenson et al., 2021). The existing studies relate the impact of air
quality on educational achievement to direct and indirect effects.

Direct effects of air pollution on educational achievement refer to the
impact of air quality on cognitive development and performance. The
dimensions of cognitive abilities affected by air pollution are manifold.
For example, studies have found PM2.5 to hinder the development of
working memory (Alvarez-Pedrerol et al., 2017), to determine differ-
ences in brain structure (Cserbik et al., 2020) and to reduce pattern
construction (Milojevic et al., 2021). Also, students attending schools
located in the proximity of industrial facilities, power plants and high-
ways have a higher risk of neurological diseases (Kweon et al., 2018;
Zhang et al., 2022).

Indirect effects of air quality on educational achievement relate to
decreases in school attendance or sleep quality. Air pollution increases
the severity of several respiratory diseases such as asthma (Alotaibi
et al.,, 2019) and worsens lung functioning (Barone-Adesi et al., 2015)
increasing the number of school-days lost by students (Currie et al.,
2009; Marcon et al., 2014). Moreover, air pollution can have a negative
impact on sleep quality reducing the cognitive performance of children
(Heyes & Zhu, 2019).

In this study we ask whether these direct and indirect adverse effects
of exposure to poor air quality for academic achievement documented
by environmental, public health and social science studies, contribute to
SES inequalities in academic achievement.' For the purpose of this paper
we distinguish between differences in exposure to poor air quality by SES
and differences in the effect of exposure on school results by parental SES.
With regard to differential exposure to air pollution by SES we consider
two mechanisms that are usually discussed in the literature (Mohai &
Saha, 2015): selective siting and selective migration. With regard to the
possible differences in the effect of exposure by parental SES we suggest
two mechanisms that might account for a more detrimental effect for
low SES students: differential sensitivity and differential parental re-
sponses. While we are not able test these mechanisms in our analyses, we
discuss them to formulate expectations about inequalities in exposure to
poor air at school and its effect on academic achievement by family SES.

2.1. Differential exposure by parental SES

Selective siting refers to the placement of polluting facilities and
infrastructure in impoverished areas where low socioeconomic status
(SES) families and ethnic minorities are more likely to reside due to
deliberate decisions, lower real estate prices or lower political power
(Mohai & Saha, 2015). Conversely, selective migration refers to the

1 Technically this question could be reformulated in terms of whether expo-
sure to poor air quality mediates inequalities in achievement by family SES and/
or whether family SES moderates the effect of exposure to poor air quality at
school, so that — for instance — socioeconomic inequalities could be larger in
case of exposure to poor air at school.
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deliberate relocation of high SES households based on environmental
considerations or the inability of low SES households to do so or opt for
neighborhoods with better environmental quality due to higher prices,
which can exacerbate disparities in exposure to air pollution (Best &
Riittenauer, 2018). Numerous studies have highlighted that ethnic mi-
norities and communities of color often inhabit areas characterized by
higher levels of air pollution (Neier, 2021; Riittenauer, 2018). However,
compared to the extensive literature on racial and ethnic disparities in
exposure to air pollution, findings regarding the socioeconomic gradient
are less consistent. Notably, within the European context, systematic
reviews have revealed mixed results regarding the relationship between
SES and exposure to air pollution (Fairburn et al., 2019; Hajat, Hsia &
O’Neill, 2015).

When considering exposure to air pollution at school, we would
expect to observe SES differences if, for example, students from high SES
families attended schools with better air quality. This scenario could
occur if high SES parents select schools based on air quality or other
correlated characteristics. For instance, parents might opt for schools
with modern facilities situated outside urban centers, closer to green
spaces, and thus, offering better air quality. In accordance with the
concept of selective migration, differential exposure may also occur if
high SES families residing in neighborhoods with poor air quality choose
to relocate to areas with better air quality, particularly to enroll their
children in schools located in those areas (Best & Riittenauer, 2018).

2.2. Differences in the effect of exposure by parental SES

One potential mechanism underlying heterogeneity in the effect of
exposure to poor air quality is differential sensitivity. Certain children
may be more susceptible to the adverse effects of polluted air due to pre-
existing health conditions. Notably, poor air quality poses significant
risks for children with respiratory conditions such as asthma, exacer-
bating existing health vulnerabilities (Guarnieri & Balmes, 2014; Jans
etal., 2018). Of relevance to our study, available evidence indicates that
children and adolescents from low SES families are more likely to suffer
from asthma and have a higher prevalence of respiratory conditions
(Gong et al., 2014; Kozyrskyj et al., 2010; Kuruvilla et al., 2019; Rocha
et al., 2019). In Italy, a large-scale study also found that the prevalence
of chronic cough and phlegm was higher among children of
low-educated parents (SIDRIA, 1997). Consequently, low SES students
may be more vulnerable to the negative effects of air pollution exposure,
given the higher prevalence of chronic respiratory conditions among this
demographic group (Gong et al., 2014).

Heterogeneity can also come about due to differential parental re-
sponses to exposure to poor air at schools. First, high SES parents might
be more aware of the importance of good air for their children’s
development and health and have more resources to organize their free
time to enjoy less polluted environments. High SES parents can then
adopt avoidance behavior once they realize the hazards of air pollution.
They might, for instance, enroll their children in extra-curricular ac-
tivities in areas of the city with good air quality, spend more time during
weekends and holidays in green areas or avoid visiting polluted loca-
tions (Yoo, 2021). Second, if the child has an existing respiratory con-
dition, such as asthma they might seek medical care earlier (Stingone &
Claudio, 2006) and use more often medication (Gong et al., 2014). In the
case of Italy, there is evidence that high SES parents make more frequent
use of healthcare facilities if their children suffer from asthma (SIDRIA,
1997). In this way high SES parents can improve the health conditions of
their children and mitigate the negative consequences of exposure to
poor air at school. Third, parental responses can be directly oriented
towards school outcomes. In situations when exposure to poor air
negatively affects educational performance, either indirectly through
health condition or directly impairing cognitive development, high SES
parents might take extra actions to favor their children learning and
performance in school. For instance, if faced with a low performance of
their children at school high SES parents have the specific knowledge to
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help them with their homework and/or can afford to hire private tutors
(Bernardi & Graetz, 2015).

3. The Italian case

In Italy, the majority of students attend public schools. In lower
secondary education (corresponding to the 8th graders that we study in
this article) 96 per cent of students attend public schools,” and there is
not a clear distinction between elite schools and non-elite schools, as it is
the case for instance in US and UK (Reeves et al., 2017; Rahman Khan,
2016). Priority in admission to schools in lower secondary education is
given to students living in the school neighborhood. As a result, children
generally attend primary and lower secondary schools in the neigh-
borhood where they live or close by. For example, a study on the cities of
Bologna and Milan showed that children live on average at about 1.2 km
from the school they attend (Mantovani et al., 2022). Therefore, the
quality of air at school in most cases coincides with the quality of the air
of the neighborhood where the children live.

With regard to air pollution, Italy is characterized by comparatively
high levels of PM2.5 in the European context, with a very strong divide
between the regions in the northern and southern part of the country.
The regions in the North that are the richest of the country are also those
with the highest level of air pollution (Conte Keivabu, 2023). In
particular, the Po Valley, in North Italy, is densely inhabited and hosts a
large number of industries, agricultural activities and has a high level of
vehicle traffic. Moreover, air pollution is trapped within this territory as
it is surrounded by two mountain ranges, in the north the Alps and in the
south the Apennines (Raffaelli et al., 2020). Consequently, PM2.5 levels
are much above the threshold recommended by the WHO of 5 pg/m3
and by the US of 12 pg/m3. For example, in the cities of Bergamo and
Brescia PM2.5 yearly average level was recorded at a value above 27
pg/m3 in 2015 (Khomenko et al., 2021).

With regard to factors that might account for differences in exposure
to air pollution, individuals with a higher socioeconomic status (SES)
tend to reside in urban areas rather than rural ones, choosing locations
characterized by greater economic activity and more employment
prospects for those highly qualified. The Northern regions and big cities
in the South, that are the most polluted areas in the country, offer more
opportunities in this respect. However, SES residential segregation
within cities is lower in Europe compared to the United States (US)
(Andersson et al., 2018; Friedrichs et al., 2003). In Italy, high SES
families often live in city centers and close to busy roads that are the
most polluted areas, as for example shown for Rome and Milan (Cesaroni
et al., 2010; Tammaru et al., 2020). Consequently, in Italy the associa-
tion between SES and exposure to air pollution within each city is likely
to be more mixed compared to the US, due to lower levels of urban
residential segregation in Italy and generally Europe compared to US.

4. Hypotheses

Given the tendency of high SES individuals to live in large cities and
in regions with high demand for high qualified employment that also
tend to be the most polluted areas, one can expect to find a positive
association between SES and air pollution at school at the national level
(Hypothesis 1a). Nevertheless, due to low levels of urban residential
segregation in Italy and school regulations that favor enrolment in
schools in the neighborhood of residence, one can expect to not observe
any substantial differences in exposure within municipalities (Hypoth-
esis 1b).

At the same time, the varied sensitivity to the impact of poor air
quality, influenced by prior health conditions, coupled with diverse
parental reactions to school absences and academic underachievement

2 Data retrieved from: http://dati.istat.it/Index.aspx?DataSetCode=DCIS_SC
UOLE.
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based on parental SES, may exacerbate the adverse effects of exposure to
air pollution for students with a lower SES background. While we do not
test these mechanisms in this article, we can still formulate the expec-
tation that the effect of poor air will be stronger among students of so-
cioeconomically disadvantaged families (Hypothesis 2).

5. Data, variables and methods
5.1. Data and variables

We use administrative data provided by the Italian National Institute
for the Evaluation of Education (INVALSI) for 8th graders (ending lower
secondary education) for the year 2019, amounting to 456,508 students
and 6882 schools.? We geocode the location of the schools based on their
postal addresses, using data provided by the Italian Ministry of Educa-
tion. We then link school-level data on the levels of air pollution and
quality of the neighborhood with the INVALSI data.

Our dependent variables are test scores in math and reading. These
scores are scaled to have a mean of 200 and standard deviation of about
38, with a range from 66 to 366 in the case of math, and 35 to 364 for
reading. The tests are low stake as that they do not contribute the final
grades. Previous studies have however shown that the results of the
INVALISI tests are strongly correlated to later educational attainment
(Aktas et al., 2022). School grades have shown to be prone to teacher
biases in the assessment of competences in children due to discrimina-
tory practices on students with certain characteristics (Dian & Triventi,
2021; Rangel & Shi, 2020). Consequently, for our purpose standardized
tests as the one we use are a better outcome to capture learning in
relation with air pollution, as done in previous studies focusing on the
effect of heat exposure on educational achievement (Park, Behrer &
Goodman, 2021).

Our key independent variable is parental socioeconomic status that is
measured by the Economic, Social and Cultural Status (ESCS) index
provided by INVALSI. The ESCS score is computed using the same in-
ternational standards used by OECD for the PISA data. It combines into a
single score different measures of resources that are available to the
students (e.g.: books in the household, access to the Internet, availability
of quiet place for studying) and on parental characteristics (e.g.: parents’
educational attainment and occupational status) (Avvisati, 2020). The
index is standardized with mean O, standard deviation equal to 1, a
range from approximately minus 3 to 2.

With regard to the level of air pollution at school we use estimates of
PM2.5 provided by the ACAG (Hammer et al., 2020). The ACAG pro-
vides data on PM2.5 at 1 km x 1 km resolution computed using a
combination of satellite observations, in-situ monitors, and chemical
transport modelling. The data has been shown to present some mea-
surement error in the United States, leading to both overreporting and
underreporting compared to local stations (Fowlie et al., 2019). How-
ever, full reliability of data from local measurement stations is not
assured either (Zou, 2021) and these are not equally present in all the
Italian territory. Consequently, the ACAG data appears to be the most
reliable data at our disposal. Importantly, this data has been widely used
in existing similar studies and shows to highly resemble the true values
when compared with local monitoring stations (Hammer et al., 2020).
We compute the average yearly exposure to PM 2.5 ug/m3 in each 1 km
x 1 km grid and assign the value to the school that corresponds to the
grid where it is located. In our analyses we use both measures with linear
values in pg/m3 from minimum of about 4 pug/m3 to a maximum of
about 24 pg/m3 and in quintiles (Q1: 9.5 ug/m3; Q2: 13 ug/m3; Q3: 14

3 From 2018, the test is computer-based to minimize the risk of cheating and
better capture of cognitive abilities. It is compulsory for all students and in 2019
took place between 1 and 18 April. The test does not contribute to the final
grade of graduation from middle school but attendance is a requirement to be
able to sit the final exam that takes place in summer.
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pg/m3; Q4: 18 ug/m3; Q5: 22 pg/m3). Note that the World Health Or-
ganization (WHO) recently lowered the threshold value for air quality
standard from PM2.5 equal to 10 pg/m3 to 5 ug/m3 (Hoffmann et al.,
2021). The US standard is 12 pg/m3, while in the European Union (EU)
this is much higher, equal to 25 pg/m3, although recently a proposal has
been issued by the EU Commission to lower the limit to 10 pg/m3.* This
means that the level of pollution in the areas around Italian schools is
below the previous less stringent limit recommended by WHO (10
ug/m3) in only about 20 per cent of schools (first quintile) and below or
just above the recommended limit in US in about 40 per cent of schools
(first and second quintiles). In other words, the great majority of Italian
children attend schools where air pollution exceeds the limit set by the
WHO and the US government, as well as that recently proposed by the
EU Commission. One should note that PM2.5 is not the only harmful
pollutant that could affect achievement. For example, Nitrogen Dioxide
(NO2) and Ozone (03) have been found to affect test scores to a similar
extent (Lu, Hackman & Schwartz, 2021). Nevertheless, data on such
pollutants is not available at the same geographical resolution in Italy
and previous studies have shown a high correlation between PM2.5
levels with other pollutants such as Nitrogen Dioxide and Ozone (Fu
et al., 2020). Also, PM2.5 is one of the most researched air pollutants in
public health research as these fine particles are small enough to
penetrate deep into the lungs and even enter the bloodstream, poten-
tially causing significant health problems and common sources of PM2.5
are vehicle emissions, industrial processes, burning of fossil fuels, and
natural sources such as wildfires.

5.2. Methods

In order to estimate inequality by SES in exposure to poor air at
school we use simple OLS regression models with the school level of
PM2.5 as dependent variable. In our first specification we do not include
fixed effects or controls for the quality of the neighborhood where the
school is located. We also estimate, however, the same model with
province and municipality fixed effects. The first model with no fixed
effect enables us to investigate overall inequalities in exposure by SES.
With the province and municipality fixed effects models we analyze
whether there are SES inequalities in exposure by accounting for se-
lective sorting into provinces and municipalities by SES. In particular,
the latter model with the municipality fixed effect allows us to discern
whether among students who live in the same municipality there are SES
inequalities in exposure. Nevertheless, the results of the municipality
fixed effects should be interpreted cautiously due to the low number of
schools in small municipalities. In more than 60% of the municipalities
there is only one school and these cases are lost when we estimate a
municipality fixed effect (Appendix: Figure A2). When running such
model our sample is reduced from 456,508 to 277,038 students. More-
over, the variation in levels of PM2.5 within municipality is small. The
intraclass correlation for PM2.5 within municipalities, as determined by
a mixed effects model, is observed to be 0.97. This indicates that a mere
3% of the variation in air pollution levels occurs within municipalities.
Conversely, at the provincial level the intraclass correlation is of 0.81
and the number of schools in each province range from 13 to 374 (Ap-
pendix: Figure A2).

When we investigate the effect of PM2.5 on achievement and its
possible different effect by SES, a major concern is the endogeneity of air
quality at school. For instance, it could be that the level of PM2.5 at
school reflects whether the school is located in a rich area of the country
where there are also more industries and more pollution and where test

“ For the current EU limit value of PM2.5 set at 10 ug/m3 see: https://enviro
nment.ec.europa.eu/topics/air/air-quality/eu-air-quality-standards_en. In
October 2022 the European Commission published a proposal to reduce the
limit value for PM2.5 to 10 ug/m3, which is still double the limit suggested by
WHO.
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scores in the INVALSI evaluation are on average higher (Martini, 2010).
The level of PM2.5 at school might also capture the quality of neigh-
bourhood where the school is located. For example, the level of PM2.5 at
a school might be higher in less affluent neighbourhoods, where there is
also more exposure to violence and crime, more urban degradation and
there are less institutions that favour learning, such as public libraries.
The observed negative effect of air pollution on school achievement
could then be spurious and capture the effect of other factors such as
exposure to crime and urban degradation in the school environment that
negatively affect educational achievement. In the Italian context, the
opposite could also be true with higher levels of PM2.5 being observed
in more affluent neighbourhoods, given the tendency of high SES fam-
ilies to still live in the centres of big cities. To deal with possible biases
due to unobserved confounders we employ two strategies.

First, we estimate Ordinary Least Square (OLS) regression with
province fixed effects (FE) (n = 107) with standard errors clustered at
the school level. Using province FE, we exploit variation in the levels of
PM2.5 within the same province. With this research design, we control
for variations in the wealth levels of the provinces where schools are
located, which are also associated with both the level of pollution and
the average academic achievement of students. In the appendix, we also
present results based on municipality fixed effects (n = 4446), which
should be interpreted cautiously for the reasons explained above.

In Fig. 1 we present the average values of PM2.5 levels at school for
each province and the average test score results for each province.
Visually the maps in Fig. 1 show that in the northern area of the country
both pollution and average test scores tend to be higher. Indeed, at the
aggregate provincial level there is a positive correlation between
average levels of PM2.5 and test score in math (r = 0.6) and reading (r =
0.5). There is also a positive although somehow weaker correlation
between average levels of PM2.5 and average SES at the provincial level
(r =0.3).

Second, within provinces and municipalities, the air quality in
schools may be associated with a range of factors, such as the neigh-
borhood’s quality and the overall standard of the school, which could
also impact test score outcomes. In our FE models we control for these
possible confounders with an indicator that directly measures the
quality of the school neighbourhood. We use the average real estate
value of the neighborhood where the school is located as an omnibus
measure of the quality of the neighborhood, following common prac-
tices in urban studies. A high real estate value indicates that the school is
likely proximate to valued goods, services, and social networks that
provide additional access to material resources, knowledge, and skills
(Ware, 2017).° We rely on administrative data on real estate values in
the second semester of 2018 provided by the Italian fiscal agency.® Also,

5 In doing this, we follow recent proposals in urban studies. For instance:
“Residences on the high end of the property value distribution are likely
proximate to valued goods, services, and social networks that provide access to
material resources, knowledge, and skills. Conversely, properties with low
values are more likely to be in high-crime neighborhoods.” (Ware, 2017).

6 In Italy there are large geographical differences in the average cost of real
estate. For instance, an average value of 3000 euros per square meter corre-
sponds to a relatively poor neighborhood in the province of Milan, in the north
of the country, while a value of 2000 euros per square meter corresponds to a
relatively rich neighborhood in the province of Bari in the south (In Appendix
Figure Al we report the distribution of average of these values at schools’
premises by province). However, using province fixed effects we are able to
account for such geographical variations.
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we control for the average socioeconomic status at the school,
computing the average SES score of the students attending each school.

In all the analyses we also control for gender (Female=1), the student
being non-native Italian (non-native=1, where non-native includes first
and second generation immigrant students) and population density in
the municipality of the school.” Summary statistics for the dependent
and independent variables are presented in Table 1.

6. Results
6.1. Is there a SES gradient in exposure to PM2.5 at school?

Table 2 presents the beta coefficients of an OLS regression where the
dependent variable is the average yearly level of PM2.5 in the area
around a school. Considering SES, when estimating the model without
fixed effects (model 1) or with province fixed effects (model 2) we
observe a positive effect for SES. The positive effect of parental SES can
be attributed to the propensity of high SES families to reside in wealthier
areas of Italy and urban centers where the level of PM2.5 are also higher.
The coefficient for SES notably declines in the province fixed effects
model suggesting the spatial sorting by SES across macro areas of the
country explain the large coefficient for SES in model 1. Within the same
province (model 2), the effects for SES are small in size. For instance, a
variation in two points of SES (i.e. two standard deviations since SES is
standardized with mean 0 and standard deviation equal to 1) is associ-
ated with a variation in exposure of about 0.2 yg/m3 in PM2.5.°

Conversely, using municipality FE (model 3) we do not observe any
substantial SES differences in exposure to air pollution. In other words,
after accounting for socioeconomic status (SES) sorting across munici-
palities, we do not observe any SES gradient in exposure within them.
This finding might be related to the relatively low level of residential
segregation in Italian cities and to school regulations in Italy that favor
enrolment in schools in the neighborhood of residence.

6.2. Does exposure to PM2.5 reduce educational achievement?

Table 3 presents the beta coefficients of a province fixed effect OLS
model with test scores in math and reading. In this model we also control
for the quality of the neighborhood and the quality of the school,
including the real estate value in the area where the school is located and
the average SES score of the students attending each school. We focus on
the effects of PM2.5, observing that the associations of the other control
variables are in line with what is known from previous literature.

Confirming previous studies that have documented a negative effect
of the level of air pollution on academic achievement, we also find that
students attending schools with a higher level of air pollution have a
worse performance. Nevertheless, the effect is more robust for math
compared to reading as found in a previous study (Amanzadeh et al.,
2020). To better interpret the results, the beta coefficients for PM2.5 in
Table 3 can be interpreted based on the impact of a 2 SD increase in air
pollution (Appendix: Table Al). They would thus express the variation
in math and reading score associated with a variation of 8.76 ug/m3 in
PM2.5. In the case of math, a 2 SD increase in air pollution is associated

7 Since non-native families are concentrated in the low part of the SES dis-
tribution, and migrants might attend schools with worse air quality, it is
important to control for this variable to avoid that the effect of family SES on
exposure to PM2.5 captures the effect of being non-native. We include gender as
control in order to benchmark the effect of PM2.5. Moreover, the replication of
the well-known opposite effect of gender on math and reading adding credi-
bility to our findings.

8 At the national level, without adjusting for covariates, the average level of
PM2.5 for natives is 15.2 ug/m3 and 17.38 ug/m3 for non-natives. This sug-
gests a starker difference in exposure between native and non-native students,
when considering the spatial distribution of migrants across the country.
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c) Reading test scores

d) SES

Fig. 1. Average PM2.5, math and reading test scores and average SES in schools in Italian provinces. Note: in panel a) we report the average PM2.5 values at the
provinces included in the analysis measured in pg/m3. In panel b) we report average math test scores at the provinces in Italy. In panel c), we report the average
reading test scores. In panel d) we report the average SES based on the standardized ESCS index. All measures are based on values at the school locations and

weighted by the number of students in each province.

Table 1

Descriptive statistics for the key variables used in the empirical analysis.
Variable Mean Std. Dev. Min Max
Math 200.64 38.19 66.51 366.08
Reading 200.46 36.5 35.2 363.57
PM2.5 15.42 4.38 3.6 23.7
Female .49 5 0 1
Non-native .1 .31 0 1
SES .04 1 -3.06 2.15
Real Estate Value 1580.97 896.44 217.5 13000
School SES .02 4 -2.42 1.39
Municipality Population density 1398 1913 3.5 12,147
Tot. observations 456,508

Table 2
The association between parental SES and the level of PM2.5 of the school
(exposure to air pollution at school).

Model 1 Model 2 Model 3
PM2.5 PM2.5 PM2.5
SES 0.496 * 0.112 * 0.002
(0.007) (0.010) (0.007)
Female -0.003 0.002 -0.002
(0.013) (0.006) (0.003)
Non-Native 2.428 * 0.229 * 0.062 *
(0.021) (0.019) (0.013)
Province fixed effects NO YES NO
Municipality fixed effects NO NO YES
Observations 456,508 456,508 277,038

Note: Coefficients of an OLS model where the dependent variable is the level of
PM2.5 of the school that the child attends. In column 2 we add province fixed
effects and standard errors clustered at the school level. In column 3, we use
municipality fixed effects. Due to municipalities with only one school, the ob-
servations with municipality fixed effects are lower. Standard errors in paren-
theses. * p < 0.05

with a 2.02 points reduction in the test score, while in the case of reading
the reduction is equal to 0.56 points. These effects are not extremely
large in size if one considers that the standard deviation in math score is
38. In the case of math, the estimated effect is therefore about 1/20 of a
standard deviation. Still the effect is not trivial either. For instance, the
2.02-point reduction in math score associated with a variation of
8.76 pg/m3 in PM2.5, is about 55% of the observed gap in math test
score for girls compared to boys. When using categories for quintiles of
exposure to PM2.5 the results show that the effect is concentrated in the
5th quintile, suggesting some non-linearity in the effect of PM2.5 (Ap-
pendix: Table A2).

Table 3
The association between test scores and the level of PM2.5 of the school (con-
sequences of exposure).

@™ 2)
VARIABLES Math Reading
PM2.5 -0.231 * -0.064
(0.060) (0.050)
Female -3.834 * 8.529 *
(0.113) (0.105)
Non-native -8.203 * -16.937 *
(0.214) 0.224)
SES 10.982 * 11.378 *
(0.064) (0.062)
Real estate value 0.082 * 0.062 *
(0.021) (0.019)
School SES 7.546 * 6.842 *
(0.387) (0.371)
Municipality Population density -0.033 * -0.015
(0.010) (0.009)
Observations 456,508 456,478

Note: Coefficients of an OLS model where the dependent variables are test
scores, with province fixed effects and standard errors clustered at the school
level. Coefficients for real estate value and municipality population density are
multiplied by 100. Standard errors in parentheses. * p < 0.05

6.3. Does the effect of PM2.5 on educational achievement vary by family
SES?

In the next step of our analysis, we include an interaction term be-
tween PM2.5 and SES. In Fig. 2, we plot the average marginal effect of
PM2.5 for different values of SES (coefficients reported in Table A3 also
in the Appendix). From Fig. 2, we see that the negative average marginal
effect of PM2.5 reduces for higher SES levels for both math and reading.
Most importantly, for the highest level of SES (values between 1 and 2),
the effect of PM2.5 is almost 0. This means that high SES students are
largely sheltered against the negative effect of exposure to PM2.5, while
the observed negative effect of exposure to PM2.5 at school is concen-
trated among low SES students. For someone whose family SES is equal
to — 2, a variation of 10 ug/m3 in the level of PM2.5 at school is asso-
ciated with a reduction of about 4 points in math test scores. The same
variation entails no change in math test scores of high SES students.
Crucially, our findings reveal a widening achievement gap in math and
reading between low SES students and high SES students when exposed
to worst air at school, within the same province of residence (Appendix:
Figure A3 reports the predictive margins for each grouped ESCS values).
For instance, the SES gap in math test score, comparing those having
parental SES equal to — 2 and those having a parental SES equal to 2,
increases from 39 points when air pollution levels are low, at 3.5 pg/m3
of PM2.5, to approximately 48 points at the highest observed air
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Fig. 2. Average marginal effects and 95% confidence intervals of PM2.5 on test scores in math and reading by SES (differences in the consequences of exposure by
SES). Note: Figure is based on an OLS model where the dependent variable is test scores, with province FE and control variables for gender, migration status, real
estate value, SES of the school and municipality population density. Number of students in the analysis 456,508 for math and 456,478 for reading in 6882 schools.

95% confidence intervals.

pollution levels of 23.5 ug/m3. These results underscore that improve-
ments in air quality are associated with a decrease in the SES gap in math
of about 17%.°

6.4. Supplementary analyses

In this section we present results from additional analysis. First, we
test alternative measures of SES. In our main analysis, we used a
continuous measure of SES based on the ESCS index constructed by
INVALSI. We provide results using quintiles for the ESCS index, to test if
the association between PM2.5 and SES is not linear. Considering dis-
parities in exposure, we observe highest exposure to PM2.5 at the
highest quintiles of SES (Appendix: Table A4). When interacting PM2.5
with SES we observe the effect of PM2.5 on math and reading to be
largest at the 1st and 2nd quintiles of the ESCS measures for both math
and reading (Appendix: Figure A4). The ESCS index is based on several
dimensions of socioeconomic status that we explained above. INVALSI
also asks the students about their parents’ occupation. We leverage in-
formation on parental occupation collected by INVALSI from the stu-
dents and construct six occupational categories: 1) not in paid
employment (including those who are retired, unemployed and home-
maker), 2) working class (including unskilled manual and non-manual
workers), 3) self-employed (including self-employed agricultural
workers), 4) white collars (that include teacher, office workers and
professional employees (5) Upper class (that includes managers, uni-
versity professors, high rank public employees and entrepreneurs).
INVALSI collects information on the occupation of both fathers and
mothers, and we employ a dominance criterion to determine the stu-
dent’ occupational class, selecting the highest class from either the fa-
ther or the mother. For about 18% of the sample, this information is
missing. In general, the results confirm the findings presented in the

 The predicted score in Marth for SES= —2 at PM2.5 = 3.5 is 183 and for
SES = 2 is 222. The corresponding values for PM2.5 = 23.5 are 174 and 222,
respectively. The corresponding SES gaps are 39 and 48.

main analysis. We find that exposure to air pollution is lower for the
working class and in particular for the self-employed (who include also
agricultural workers) and higher for white collars and upper class, at the
national level and within provinces. Within municipality we do not find
any differences as we did not find for the continuous measure of SES
(Appendix: Table A5). When we interact the occupational categories
with PM2.5 we observe that the protective effect found for high SES is
concentrated among the upper class, also in line with the finding using
SES in quintiles (Appendix: Table A6). A similar pattern is observed for
reading.

We further test the robustness of our results with different model
specifications. We add an interaction not only between SES and PM2.5
but also between migration background and PM2.5. The results closely
resemble those of the main analysis (Appendix: Table A7). We also
replicate the results without including gender as a covariate (Appendix:
Table A8). Also, in this case, we do not observe any major differences in
the results.

Finally, we replicate the results in Table 3 using municipality fixed
effects instead of province fixed effects (Appendix: Table A9). In spite of
the low contribution of the variation in PM2.5 levels across schools
within the same municipality to the overall variation in PM2.5, the
pattern of results is very similar to that found in the main analysis using
province FE. Most importantly, also within municipalities we find that
exposure to PM2.5 at school is less negatively associated to test scores
for high SES students. We have also restricted the analysis only to large
municipalities (i.e. with more than 10 schools) and, again, we find the
same results (Appendix: Table A10).

7. Discussion and conclusion

In this paper we explored whether exposure to air pollution affects
school achievement and whether it contributes to inequalities in school
achievement by parental SES. Inspired by the environmental justice
literature, we first analyzed how the socioeconomic status of family of
origin in Italy stratifies children’s exposure to the air pollutant PM2.5 at
school. We find that in Italy, high SES students tend to be exposed to
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higher levels of PM2.5 at school at the national level and to a lesser
extent, within provinces but not within the same municipality. The
observed positive association between SES and exposure to PM2.5
notably shrinks when adding province FE and disappears completely
when we estimate municipality fixed effects, suggesting that the positive
association can be explained by selection into provinces and munici-
palities by SES. Our results based on municipality FE require cautious-
ness since students living in small municipalities with only one schools
are excluded. Still they are informative of the relationship between SES
and PM2.5 exposure in larger municipalities, with at least two schools,
where more than 60 per cent of the students live.

These results differ from the findings from previous studies in US
(Cheeseman et al., 2022) on the relationship between schools’ socio-
demographic characteristics and air pollution that show that low SES
students attend schools that are on average exposed to higher levels of
air pollution. In Europe, studies on the association between SES and
exposure to air pollution based on the neighborhood of residence have
found mixed results (Fairburn et al., 2019; Hajat, Hsia & O’Neill, 2015).
Our results have to be interpreted in light of the specifics of the Italian
context. There is a significant disparity in PM2.5 levels across areas of
the country, with the highest levels of pollution observed in the northern
part of the country and in large cities, areas where individuals with high
SES are more likely to reside, as demonstrated in a recent article (Conte
Keivabu, 2023). At the same time, within big cities the level of segre-
gation is less acute compared to US and this is likely to explain why we
do not find SES differences in exposure when looking at the variation
within municipalities.

Additionally, we inquired how air quality differently affects math
and reading test scores of students based on their SES. Estimating
province fixed effects and controlling for the quality of the neighbor-
hood and of the school composition, we find air pollution to be conse-
quential for test scores. Our results show that a variation of 2 SD in
PM2.5 (i.e. of about 9 ug/m3) is associated to a variation of 2.02 points
in math test scores and 0.56 in reading. While these average effects are
not large in size, we find the effect to be largely concentrated among low
SES students. These results are in line with a study in Barcelona (Sunyer
et al., 2015) focused on traffic related pollution and with a study on
wildfire smoke in the US (Wen & Burke, 2022).10

With regard to the interplay of environmental risks and social
background inequalities our results are then mixed. On the one hand, we
find that high SES students tend to attend school with poorer air quality.
On the other hand, we also find that the negative effect of exposure on
test score is concentrated among low SES students. The relationship
between environmental risks and social background inequalities is then
nuanced and critically related to different specificities of the country
investigated, Italy in this case. For instance, the observation that high
SES students attend school with poorer air quality is true at the aggre-
gate national level and province level but not within municipalities
where we do not find any difference in exposure by SES. If the research
question refers to the overall contribution of exposure to air pollution to
observed SES inequalities, the correct model specification is the one
without fixed effect. Still, it is also interesting to observe that within
municipalities we do not observe differences in exposure by SES,
possibly due to the relatively low level of urban residential segregation
in European cities.

This study is not without limitations, and addressing these limita-
tions points to promising future avenues of research. First, our measure
of air pollution is not ideal as it captures air quality in the year prior, but
not during the full school year and it can be biased by over- or under-
reporting (Fowlie et al., 2019). Nevertheless, air pollution has been
shown to persist in the same neighborhoods over time (Colmer et al.,
2020) making it unlikely for our estimates to change in relative terms.

10 The results for the wildfire smoke showed to be more consequential also in
high SES neighborhoods, but with a low prevalence of White students.
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Moreover, fine-grained data provided by measurement stations is not
available for the whole territory in Italy but is of increasing availability
and could be leveraged in future research. Second, our data are
cross-sectional and it would be important to expand our research using
longitudinal data and measures of exposure over time. Using such design
could allow to disentangle the role of exposure during an extended
period of time or just during one school-year. Also, as air pollution levels
have been shown to slightly fluctuate year-to-year, but with a constant
downward trend over time in Italy (Conte Keivabu, 2023), a longitudinal
analysis could help to uncover the benefits of improvements in air
quality on performance. Third, we are not able to disentangle PM2.5
levels at home compared to the levels experienced at school. As most
students live in the proximity of schools, what we are actually studying
is then the cumulated effect of exposure at school and at home. These
limitations could be overcome in future studies with repeated over time
information on educational achievement, the students’ school and home
address and more geographically fine-grained information on pollution
level.

Finally, we are unable to test the mechanisms underlying the dif-
ferences in the effect of air pollution by SES that we have documented.
We have mentioned that higher prevalence of existing respiratory con-
ditions among low SES children in Italy (SIDRIA, 1997) might make
them more sensitive to the exposure to air pollution. Moreover parental
responses might compensate for the negative effect of air pollution on
learning in the case of high SES children (Bernardi, 2014). Conse-
quently, future studies could shed light on whether disparities in
sensitivity or parental responses determine the stratified impact of
PM2.5 by family SES documented by our results. In this respect gaining
information on students’ health related school absences would be
crucial.

To conclude, in this article we provide evidence on the impact of air
pollution at school on students’ test scores and its stratified effect by
SES, with the negative effect of exposure to pollution being largely
concentrated among low SES students. Most importantly, our results
also show that SES inequalities are smaller where PM2.5 is low (Fig. 2).
With the caveat of the limitations just highlighted, most notably that we
have not investigated the mechanisms that allow high SES students to be
more sheltered against the negative effects of PM2.5, the important
implication of our results is that policies to improve air quality at schools
might benefit low SES students in particular, especially those attending
schools with high levels of PM2.5. We know that policies such as
congestion charges and infrastructure interventions at schools can be
successful in reducing exposure to PM2.5 at school (Conte Keivabu &
Riittenauer, 2022). Our results suggest, then, that these policies could be
most beneficial in terms of test score results for low SES students whose
achievement is more negatively associated with levels of pollution.
Providing information on air quality to limit outdoor exposure and early
advice from health professionals (Iriti et al., 2020; Wynes, 2022) could
also mitigate the negative effects of PM2.5 on test scores, as low SES
families are more likely to lack such information and early diagnosis of
respiratory diseases.

CRediT authorship contribution statement

Fabrizio Bernardi: Writing — review & editing, Writing — original
draft, Visualization, Validation, Resources, Methodology, Investigation,
Funding acquisition, Conceptualization, Data curation, Formal analysis,
Project administration, Software, Supervision. Risto Conte Keivabu:
Conceptualization, Data curation, Formal analysis, Funding acquisition,
Investigation, Methodology, Project administration, Resources, Soft-
ware, Supervision, Validation, Visualization, Writing — original draft,
Writing — review & editing.

Declaration of Competing Interest

No competing interests to declare.



F. Bernardi and R.C. Keivabu
Acknowledgements

“This article is part of the Mapineq project, which has received
funding from the European Union‘s Horizon Europe research and
innovation programme under the grant agreement No. 101061645
(www.mapineq.eu). Views and opinions expressed are however those of

Appendix
4 -
3
N N =

2 11 n [

1

0

5 10 15 20 25
PM2.5

Research in Social Stratification and Mobility 91 (2024) 100932

the author(s) only and do not necessarily reflect those of the European
Union or the European Research Executive Agency (REA). Neither the
European Union nor the granting authority can be held responsible for
them. We are also particularly grateful to Patrizia Falzetti for having
provided us access to the INVALSI data.

15 N

%

0 S = -
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 1000011000 1200013000
Real Estate Value

Fig. Al. Distribution of values of PM2.5 and Real Estate Value at middle school premises. Note: in the left figure we depict the percentage of schools exposed to each
value of PM2.5 reported on the x-axis. On the right figure, we report the same but for the real estate values.

Municipalities
60
40
X
20
0 —I—I_L‘_I—l—l_l—qm - — e =

0 2 4 6 8 101214 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50
Number of Schools

Provinces

0 L L L L

0 20 40 60 80 100120 140 160 180 200 220 240 260 280 300 320 340 360 380 400
Number of schools

Fig. A2. Distribution of the number of schools within municipalities and provinces. Note: in the left panel we depict the distribution in the number of schools
reported on the x-axis within municipalities. To better visualize the distribution, we collapsed the values above 50. On the right panel, we report the same but for

provinces. Here we report all the values.


http://www.mapineq.eu

F. Bernardi and R.C. Keivabu

220

200

Linear prediction

180

160

-
+
hr’4
-

——

35 55 75 95

— ECSC-3
—— ESCSO0

11.56 135 1565 175 195 2156 235

PM2.5

ESCS -2 — ESCS-1
ESCS 1 —— ESCS2

Linear prediction

220

200

180

160

Research in Social Stratification and Mobility 91 (2024) 100932

Reading

I__I__I_I,_{_I’*———I—I——I'_I

356 55 75 95 115 135 1565 1756 195 215 235

PM2.5
— ECSC-3 ESCS -2 ~—— ESCS-1
— ESCS0 ESCS 1 — ESCS2

Fig. A3. Linear prediction of test scores at different values of PM2.5 and SES. Note: Each panel is based on an OLS models with province FE and control variables for
gender, migration status, real estate value, SES of the school, municipality population density and the interaction between SES and PM2.5 on math and reading.
Number of students in the analysis 456,508 for math and 456,478 for reading in schools 6882. Standard errors clustered at the school level. 95% confidence intervals.
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reading in schools 6882. 95% confidence intervals.

10



F. Bernardi and R.C. Keivabu Research in Social Stratification and Mobility 91 (2024) 100932

Table A1
The association between PM2.5 and math and reading scores with standardized values of PM2.5.
(€8] (2) ®3) “@
Math Reading Standardized Math Standardized Reading
Female -3.834 * 8.529 * -0.100 * 0.234 *
(0.113) (0.105) (0.003) (0.003)
Non-native -8.203 * -16.937 * -0.215 * -0.464 *
(0.214) (0.224) (0.006) (0.006)
SES 10.982 * 11.378 * 0.288 * 0.312 *
(0.064) (0.062) (0.002) (0.002)
Real Estate Value 0.082 * 0.062 * 0.002 * 0.002 *
(0.021) (0.019) (0.001) (0.001)
School SES 7.546 * 6.842 * 0.198 * 0.187 *
(0.387) (0.371) (0.010) (0.010)
Standardized values of PM2.5 -1.011 * -0.280 -0.026 * -0.008
(0.264) (0.219) (0.007) (0.006)
Municipality population density -0.033 * -0.015 -0.001 * -0.000
(0.010) (0.009) (0.000) (0.000)
Observations 456,508 456,478 456,508 456,478

Note: Coefficients of an OLS model where the dependent variables are test scores for math and reading. In column 3 and 4 we use values standardized at O for
math and reading. All models have province FE and standard errors clustered at the school level. Coefficients for estate and municipality population density are
multiplied by 100. Standard errors in parentheses. * p < 0.05

Table A2
The association between PM2.5 and math and reading scores with PM2.5 measured in
quintiles.
@ (2
Math Reading
Female -3.835 * 8.528 *
(0.113) (0.105)
Non-native -8.206 * -16.932 *
(0.214) (0.224)
SES 10.982 * 11.378 *
(0.064) (0.062)
Real Estate Value 0.079 * 0.061 *
(0.020) (0.019)
School SES 7.566 * 6.864 *
(0.385) (0.370)
Quintile 2 of PM2.5 -0.597 -0.074
(0.414) (0.359)
Quintile 3 of PM2.5 -0.239 0.261
(0.483) (0.420)
Quintile 4 of PM2.5 -0.810 -0.021
(0.576) (0.487)
Quintile 5 of PM2.5 -2.786 * -1.060
(0.696) (0.588)
Municipality population density -0.032 * -0.013
(0.010) (0.009)
Observations 456,508 456,478

Note: Coefficients of an OLS model where the dependent variables are test scores for
math and reading. All models have province FE and standard errors clustered at the
school level. Coefficients for estate and municipality population density are multiplied
by 100. The first quintile of PM2.5 is at the reference level. Standard errors in pa-
rentheses. * p < 0.05

Table A3
The interaction between PM2.5 and SES on math and reading scores.
@ (2
Math Reading
Female -3.834 * 8.529 *
(0.113) (0.105)
Non-native -8.021 * -16.811 *
(0.214) (0.223)
SES 9.515 * 10.360 *
(0.244) (0.237)
Real Estate Value 0.079 * 0.060 *
(0.021) (0.019)
School SES 7.543 * 6.840 *
(0.387) (0.372)
PM2.5 -0.231 * -0.064
(0.060) (0.050)
SES*PM2.5 0.097 * 0.067 *
(0.016) (0.015)

(continued on next page)
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Table A3 (continued)
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Municipality population density

Observations

-0.034 * -0.015
(0.010) (0.009)
456,508 456,478

Note: The coefficients are based on a regression where the dependent variables are test
scores, with province FE. Standard errors clustered at the school level. Coefficient for
estate and municipality population density are multiplied by 100. Standard errors in

parentheses. * p < 0.05

Table A4
The association between parental SES and the level of PM2.5 of the school, with SES as quintiles.
@D (2 3)
PM2.5 PM2.5 PM2.5
Female -0.001 0.003 -0.002
(0.013) (0.006) (0.003)
Non-native 2.391 * 0.217 * 0.061 *
(0.021) (0.019) (0.013)
1st Quintile SES (ref. cat.)
2nd Quintile SES 0.588 * -0.023 -0.001
(0.020) (0.013) (0.009)
3rd Quintile SES 0.796 * 0.013 -0.006
(0.020) (0.016) (0.011)
4th Quintile SES 1.014 * 0.118 * -0.009
(0.020) (0.020) (0.015)
5th Quintile SES 1.427 * 0.359 * 0.006
(0.021) (0.028) (0.020)
Observations 456,508 456,508 277,038

Note: Coefficients of an OLS model where the dependent variable is the level of PM2.5 of the school that the
child attends. In column 2 we add province FE and standard errors clustered at the school level. In column
3, we use municipality FE. Due to municipalities with only one school, the observations with municipality

Fixed Effects are lower. Standard errors in parentheses. * p < 0.05

Table A5
The association between parental occupation and the level of PM2.5 of the school.
@™ (2) 3
PM2.5 PM2.5 PM2.5
Female 0.004 0.005 -0.001
(0.014) (0.006) (0.003)
Non-native 2.500 * 0.267 * 0.047 *
(0.025) (0.021) (0.012)
Working class (ref. cat.)
Not in paid employment -1.743 * 0.123 * 0.007
(0.039) (0.028) (0.018)
Self Employed -0.294 * -0.039 * -0.010
(0.023) (0.015) (0.009)
White collar 0.953 * 0.302 * -0.012
(0.019) (0.019) (0.012)
Upper Class 1171 * 0.292 * -0.003
(0.027) (0.026) (0.015)
Observations 363,059 363,059 213,437

Note: Coefficients of an OLS model where the dependent variable is the level of PM2.5 of the school that
the child attends. In column 2 we add province FE and standard errors clustered at the school level. In
column 3, we use municipality FE. Due to municipalities with only one school, the observations with
municipality Fixed Effects are lower. Also, compared to the main analysis we lose observations due to
missing observations in the occupation variable. Manual as the reference group. Standard errors in pa-

rentheses. * p < 0.05

Table A6
The interaction between PM2.5 and parental occupation on math and reading scores.
@™ )
Math Reading
Female -3.792 * 8.678 *
(0.128) (0.120)
Non-native -8.055 * -17.077 *
(0.251) (0.274)
Working class (ref. cat.)
Not in paid employment -4.447 * -6.396 *
(1.224) (1.233)
Self Employed 2.926 * 3.425 *
(0.693) (0.677)
White collar 15.270 * 16.331 *
(0.604) (0.592)
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Table A6 (continued)

Upper class 7.817 * 8.445 *
(0.914) (0.876)
PM2.5 -0.419 * -0.149 *
(0.067) (0.057)
Not in paid employment * PM2.5 -0.060 0.052
(0.085) (0.085)
Self Employed * PM2.5 0.132 * ** 0.007
(0.045) (0.043)
White Collar * PM2.5 0.073 -0.041
(0.038) (0.036)
Upper class * PM2.5 0.531 * ** 0.376 * **
(0.056) (0.054)
School SES 12.282 * ** 11.952 * **
(0.399) (0.384)
Real Estate Value 0.078 * ** 0.066 * **
(0.022) (0.021)
Municipality population density -0.027 * ** -0.010
(0.011) (0.009)
Observations 363,059 363,033

Note: Coefficients of an OLS model where the dependent variables are test scores, with
province fixed effects, an interaction between occupational categories and PM2.5 and
standard errors clustered at the school level. The category working class is set at the
reference level. Coefficients for real estate value and municipality population density are
multiplied by 100. Standard errors in parentheses. * p < 0.05

Table A7
The interaction between PM2.5 and SES and migration background and PM2.5 on
math and reading scores.

@D (2
Math Reading
Female -3.832 % 8.532 *
(0.113) (0.105)
Non-native -3.345 * -9.763 *
(0.850) (0.857)
PM2.5 -0.204 * -0.023
(0.061) (0.051)
Non-Native*PM2.5 -0.276 * -0.416 *
(0.049) (0.049)
SES 9.807 * 10.801 *
(0.246) (0.238)
SES*PM2.5 0.077 * 0.038 *
(0.016) (0.015)
School SES 7.500 * 6.776 *
(0.387) (0.371)
Real Estate Value 0.081 * 0.062 *
(0.021) (0.019)
Municipality population density -0.032 * -0.013
(0.010) (0.009)
Observations 456,508 456,478

Note: The coefficients are based on a regression where the dependent variables are
test scores, with province FE. Standard errors clustered at the school level in
parenthesis. Coefficient for real estate and municipality population density are
multiplied by 100. * p < 0.05

Table A8
The interaction between PM2.5 and SES on math and reading scores without gender as
control.
(€8] )
Math Reading
Non-native -8.014 * -16.826 *
(0.214) (0.223)
SES 9.500 * 10.393 *
(0.244) (0.240)
PM2.5 -0.231 * -0.064
(0.060) (0.050)
SES*PM2.5 0.097 * 0.066 *
(0.016) (0.015)
School SES 7.557 * 6.808 *
(0.387) (0.374)
Real Estate Value 0.078 * 0.061 *
(0.021) (0.019)
Municipality population density -0.034 * -0.015
(0.010) (0.009)
Observations 456,508 456,478
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Note: The coefficients are based on a regression where the dependent variables are test
scores, with province FE. Standard errors clustered at the school level in parenthesis.
Coefficient for real estate and municipality population density are multiplied by 100.

* 0.05
Table A9 p<

The association between PM2.5 and SES on math and reading scores and the interaction between PM2.5 and SES with mu-

nicipality FE.

m ) 3) “@
Math Reading Math Reading
Female -4.232 % 8.045 * -4.229 * 8.049 *
(0.146) (0.137) (0.146) (0.137)
SES 11.651 * 12.785 * 8.919 * 8.877 *
(0.085) (0.093) (0.341) (0.349)
PM2.5 -0.380 -0.400 * -0.382 -0.403 *
(0.196) (0.167) (0.195) (0.166)
SES*PM2.5 0.174 * 0.249 *
(0.021) (0.022)
School SES 8.419 * 8.106 * 8.443 * 8.139 *
(0.461) (0.467) (0.460) (0.465)
Real Estate Value 0.878 * 0.883 * 0.817 * 0.796 *
(0.304) (0.310) (0.304) (0.311)
Observations 277,038 277,019 277,038 277,019

Note: The coefficients are based on a regression where the dependent variables are test scores, with municipality FE. Standard
errors clustered at the school level in parenthesis. Coefficient for real estate are multiplied by 100. * p < 0.05

Table A10

PM2.5 and SES on math and reading scores and interaction between PM2.5 and SES with municipality FE for municipalities

with more than 10 schools.

@ ) ®3) @
Math Reading Math Reading
Female -4.603 * 7.669 * -4.599 * 7.673 *
(0.243) (0.224) (0.243) (0.224)
Non-native -6.356 * -17.778 * -6.038 * -17.465 *
(0.470) (0.537) (0.465) (0.534)
SES 11.172 * 11.650 * 9.250 * 9.758 *
(0.141) (0.148) (0.662) (0.638)
PM2.5 -0.578 -0.535 * -0.591 -0.548 *
(0.311) (0.262) (0.310) (0.262)
SES*PM2.5 0.119 * 0.117 *
(0.040) (0.037)
School SES 8.293 * 7.316 * 8.400 * 7.421 *
(0.612) (0.609) (0.604) (0.602)
Real Estate Value 0.001 * 0.001 * 0.001 * 0.001 *
(0.000) (0.000) (0.000) (0.000)
Observations 99,601 99,594 99,601 99,594

Note: The coefficients are based on a regression where the dependent variables are test scores, with municipality FE. Only
municipalities with more than 10 schools are included in the analysis. Standard errors clustered at the school level in
parenthesis. Coefficient for real estate are multiplied by 100. * p < 0.05

References

Aktas, K., Argentin, G., Barbetta, G. P., Colombo, L. V. A., & Barbieri, G. (2022). High
school choices by immigrant students in Italy: Evidence from administrative data.
The B E Journal of Economic Analysis & Policy, 22, 527-572. https://doi.org/
10.1515/bejeap-2021-0339

Alotaibi, R., Bechle, M., Marshall, J. D., Ramani, T., Zietsman, J., Nieuwenhuijsen, M. J.,
& Khreis, H. (2019). Traffic related air pollution and the burden of childhood asthma
in the contiguous United States in 2000 and 2010. Environment International, 127,
858-867. https://doi.org/10.1016/j.envint.2019.03.041

Alvarez-Pedrerol, M., Rivas, 1., Lopez-Vicente, M., Suades-Gonzalez, E., Donaire-
Gonzalez, D., Cirach, M., de Castro, M., Esnaola, M., Basagana, X., Dadvand, P.,
Nieuwenhuijsen, M., & Sunyer, J. (2017). Impact of commuting exposure to traffic-
related air pollution on cognitive development in children walking to school.
Environmental Pollution, 231, 837-844. https://doi.org/10.1016/j.
envpol.2017.08.075

Amanzadeh, N., Vesal, M., & Fatemi Ardestani, S. F. (2020). The impact of short-term
exposure to ambient air pollution on test scores in Iran. Population and Environment,
41, 253-285. https://doi.org/10.1007/s11111-019-00335-4

Andersson, E. K., Lyngstad, T. H., & Sleutjes, B. (2018). Comparing Patterns of
Segregation in North-Western Europe: A Multiscalar Approach. European Journal of
Population, 34(2), 151-168. https://doi.org/10.1007/s10680-018-9477-1

Avvisati, F. (2020). The measure of socio-economic status in Pisa: A review and some
suggested improvements. Large-Scale Assessments in Education, 8(1), 8. https://doi.
org/10.1186/540536-020-00086-x

Barone-Adesi, F., Dent, J. E., Dajnak, D., Beevers, S., Anderson, H. R., Kelly, F. J.,
Cook, D. G., & Whincup, P. H. (2015). Long-term exposure to primary traffic

14

pollutants and lung function in children: Cross-sectional study and meta-analysis.
PLOS ONE, 10, Article e0142565. https://doi.org/10.1371/journal.pone.0142565

Bernardi, F., & Graetz, M. (2015). Making up for an unlucky month of birth in school:
causal evidence on the compensatory advantage of family background in England
(DOI) Sociological Science, 2, 235-251. https://doi.org/10.15195/v2.a12.

Bernardi, F. (2014). Compensatory advantage as a mechanism of educational inequality:
A regression discontinuity based on month of birth. Sociology of Education, 87(2),
74-88. https://doi.org/10.1177/0038040714524258

Best, H., & Riittenauer, T. (2018). How selective migration shapes environmental
inequality in Germany: Evidence from micro-level panel data. European Sociological
Review, 34(1), 52-63. https://doi.org/10.1093/esr/jcx082

Cesaroni, G., Badaloni, C., Romano, V., Donato, E., Perucci, C. A., & Forastiere, F. (2010).
Socioeconomic position and health status of people who live near busy roads: The
Rome Longitudinal Study (Rols). Environmental Health, 9(1), 41. https://doi.org/
10.1186/1476-069X-9-41

Cheeseman, M. J., Ford, B., Anenberg, S. C., Cooper, M. J., Fischer, E. V., Hammer, M. S.,
Martin, R. V., van Donkelaar, A., Volckens, J., & Pierce, J. R. (2022). Disparities in
air pollutants across racial, ethnic, and poverty groups at Us public schools.
GeoHealth, 6(12), Article e2022GH000672. https://doi.org/10.1029/
2022GH000672

Chen, C., & Zhao, B. (2011). Review of relationship between indoor and outdoor
particles: I/0 ratio, infiltration factor and penetration factor. Atmospheric
Environment, 45(2), 275-288. https://doi.org/10.1016/j.atmosenv.2010.09.048

Colmer, J., Hardman, 1., Shimshack, J., & Voorheis, J. (2020). Disparities in Pm2.5 air
pollution in the United States. Science, 369(6503), 575-578. https://doi.org/
10.1126/science.aaz9353


https://doi.org/10.1515/bejeap-2021-0339
https://doi.org/10.1515/bejeap-2021-0339
https://doi.org/10.1016/j.envint.2019.03.041
https://doi.org/10.1016/j.envpol.2017.08.075
https://doi.org/10.1016/j.envpol.2017.08.075
https://doi.org/10.1007/s11111-019-00335-4
https://doi.org/10.1007/s10680-018-9477-1
https://doi.org/10.1186/s40536-020-00086-x
https://doi.org/10.1186/s40536-020-00086-x
https://doi.org/10.1371/journal.pone.0142565
https://doi.org/10.15195/v2.a12
https://doi.org/10.1177/0038040714524258
https://doi.org/10.1093/esr/jcx082
https://doi.org/10.1186/1476-069X-9-41
https://doi.org/10.1186/1476-069X-9-41
https://doi.org/10.1029/2022GH000672
https://doi.org/10.1029/2022GH000672
https://doi.org/10.1016/j.atmosenv.2010.09.048
https://doi.org/10.1126/science.aaz9353
https://doi.org/10.1126/science.aaz9353

F. Bernardi and R.C. Keivabu

Conte Keivabu, R., & Riittenauer, T. (2022). London congestion charge: The impact on air
pollution and school attendance by socioeconomic status. Population and
Environment, 43(4), 576-596. https://doi.org/10.1007/s11111-022-00401-4

Conte Keivabu, R. (2023). Spatial and temporal disparities in air pollution exposure at
Italian schools. Genus, 79, 27. https://doi.org/10.1186/541118-023-00206-9

Cserbik, D., Chen, J.-C., McConnell, R., Berhane, K., Sowell, E. R., Schwartz, J.,
Hackman, D. A., Kan, E., Fan, C. C., & Herting, M. M. (2020). Fine particulate matter
exposure during childhood relates to hemispheric-specific differences in brain
structure. Environment International, 143, Article 105933. https://doi.org/10.1016/j.
envint.2020.105933

Currie, J., Hanushek, E. A., Kahn, E. M., Neidell, M., & Rivkin, S. G. (2009). Does
pollution increase school absences? The Review Of Economics And Statistics, 13.

Currie, J. (2013). Pollution and infant health. Child Development Perspectives, 7(4),
237-242. https://doi.org/10.1111/cdep.12047

Dian, M., & Triventi, M. (2021). The weight of school grades: Evidence of biased
teachers’ evaluations against overweight students in Germany. PLOS ONE, 16(2),
Article €0245972. https://doi.org/10.1371/journal.pone.0245972

Fairburn, J., Schiile, S. A., Dreger, S., Hilz, L. K., & Bolte, G. (2019). Social inequalities in
exposure to ambient air pollution: A systematic review in the who European Region.
International Journal of Environmental Research and Public Health, 16. https://doi.org/
10.3390/ijerph16173127

Fowlie, M., Rubin, E., & Walker, R. (2019). Bringing satellite-based air quality estimates
down to earth. AEA Papers and Proceedings, 109, 283-288. https://doi.org/10.1257/
pandp.20191064

Friedrichs, J., Galster, G., & Musterd, S. (2003). Neighbourhood effects on social
opportunities: The European and American Research and Policy Context. Housing
Studies, 18, 797-806. https://doi.org/10.1080/0267303032000156291

Fu, H., Zhang, Y., Liao, C., et al. (2020). Investigating PM2.5 responses to other air
pollutants and meteorological factors across multiple temporal scales. Sci Rep, 10,
Article 15639. https://doi.org/10.1038/541598-020-72722-z

Gignac, F., Barrera-Gomez, J., Persavento, C., Solé, C., Tena, E., Lopez-Vicente, M.,
Foraster, M., Amato, F., Alastuey, A., Querol, X., Llavador, H., Apesteguia, J.,
Jilvez, J., Couso, D., Sunyer, J., & Basagana, X. (2021). Short-term effect of air
pollution on attention function in adolescents (Atenc!0): A randomized controlled
trial in high schools in Barcelona, Spain. Environment International, 156, Article
106614. https://doi.org/10.1016/j.envint.2021.106614

Gong, T., Lundholm, C., Rejnd, G., Mood, C., Langstrom, N., & Almqvist, C. (2014).
Parental socioeconomic status, childhood asthma and medication use — A
population-based study. PLOS ONE, 9(9). https://doi.org/10.1371/journal.
pone.0106579

Grineski, S. E., & Collins, T. W. (2018). Geographic and social disparities in exposure to
air neurotoxicants at U.S. public schools. Environmental Research, 161, 580-587.
https://doi.org/10.1016/j.envres.2017.11.047

Grineski, S. E., Collins, T. W., & Adkins, D. E. (2020). Hazardous air pollutants are
associated with worse performance in reading, math, and science among Us primary
schoolchildren. Environmental Research, 181, Article 108925. https://doi.org/
10.1016/j.envres.2019.108925

Guarnieri, M., & Balmes, J. R. (2014). Outdoor air pollution and asthma. Lancet, 383
(9928), 1581-1592. https://doi.org/10.1016/50140-6736(14)60617-6

Hajat, A., Hsia, C., & O’Neill, M. S. (2015). Socioeconomic disparities and air pollution
exposure: A global review. Current Environmental Health Reports, 2(4), 440-450.
https://doi.org/10.1007/s40572-015-0069-5

Hammer, M. S., van Donkelaar, A., Li, C., Lyapustin, A., Sayer, A. M., Hsu, N. C.,
Levy, R. C., Garay, M. J., Kalashnikova, O. V., Kahn, R. A., Brauer, M., Apte, J. S.,
Henze, D. K., Zhang, L., Zhang, Q., Ford, B., Pierce, J. R., & Martin, R. V. (2020).
Global estimates and long-term trends of fine particulate matter concentrations
(1998-2018). Environmental Science & Technology, 54(13), 7879-7890. https://doi.
org/10.1021/acs.est.0c01764

Heissel, J. A., Persico, C., & Simon, D. (2020). Does pollution drive achievement? The
effect of traffic pollution on academic performance. Journal of Human Resources.
https://doi.org/10.3368/jhr.57.3.1218-9903R2

Heyes, A., & Zhu, M. (2019). Air pollution as a cause of sleeplessness: Social media
evidence from a panel of Chinese cities. Journal of Environmental Economics and
Management, 98, Article 102247. https://doi.org/10.1016/j.jeem.2019.07.002

Hoffmann, B., Boogaard, H., de Nazelle, A., Andersen, Z. J., Abramson, M., Brauer, M.,
Brunekreef, B., Forastiere, F., Huang, W., Kan, H., Kaufman, J. D., Katsouyanni, K.,
Krzyzanowski, M., Kuenzli, N., Laden, F., Nieuwenhuijsen, M., Mustapha, A.,
Powell, P., Rice, M., Roca-Barceld, A., Roscoe, C. J., Soares, A., Straif, K., &
Thurston, G. (2021). Who air quality guidelines 2021-Aiming for Healthier Air for
All: A joint statement by medical, public health, scientific societies and patient
representative organisations. International Journal of Public Health 0. https://doi.org/
10.3389/ijph.2021.1604465

Iriti, M., Piscitelli, P., Missoni, E., & Miani, A. 2020. Air Pollution and Health: The Need
for a Medical Reading of Environmental Monitoring Data. Int J Environ Res Public
Health. Mar 25;17(7):2174. doi: 10.3390/ijerph17072174. PMID: 32218160;
PMCID: PMC7177486.

Jans, J., Johansson, P., & Nilsson, J. P. (2018). Economic status, air quality, and child
health: Evidence from inversion episodes. Journal of Health Economics, 61, 220-232.
https://doi.org/10.1016/j.jhealeco.2018.08.002

Jones, N. C., Thornton, C. A., Mark, D., & Harrison, R. M. (2000). Indoor/outdoor
relationships of particulate matter in domestic homes with roadside, Urban and
Rural Locations. Atmospheric Environment, 34(16), 2603-2612. https://doi.org/
10.1016/51352-2310(99)00489-6

Khomenko, S., Cirach, M., Pereira-Barboza, E., Mueller, N., Barrera-Gémez, J., Rojas-
Rueda, D., de Hoogh, K., Hoek, G., & Nieuwenhuijsen, M. (2021). Premature

15

Research in Social Stratification and Mobility 91 (2024) 100932

mortality due to air pollution in European Cities: A health impact assessment. The
Lancet Planetary Health 0(0. https://doi.org/10.1016/52542-5196(20)30272-2

Kozyrskyj, A. L., Kendall, G. E., Jacoby, P., Sly, P. D., & Zubrick, S. R. (2010). Association
between socioeconomic status and the development of asthma: Analyses of income
trajectories. American Journal of Public Health, 100, 540-546. https://doi.org/
10.2105/ajph.2008.150771

Konig, C., & Heisig, J. P. (2023). Environmental inequality and health outcomes over the
life course. In Handbook of Health Inequalities Across the Life Course (pp. 327-348).
Edward Elgar Publishing. https://www.elgaronline.com/edcollchap/book/97818
00888166/book-part-9781800888166-30.xml.

Kuruvilla, M. E., Vanijcharoenkarn, K., Shih, J. A., & Lee, F. E.-H. (2019). Epidemiology
and risk factors for asthma. Respiratory Medicine, 149, 16-22. https://doi.org/
10.1016/j.rmed.2019.01.014

Kweon, B.-S., Mohai, P., Lee, S., & Sametshaw, A. M. (2018). Proximity of Public Schools
to Major Highways and Industrial Facilities, and Students’ School Performance and
Health Hazards. Environment and Planning B: Urban Analytics and City Science, 45(2),
312-329. https://doi.org/10.1177/0265813516673060

Manduca, R., & Sampson, R. J. (2021). Childhood exposure to polluted neighborhood
environments and intergenerational income mobility, teenage birth, and
incarceration in the USA. Population and Environment. https://doi.org/10.1007/
s11111-020-00371-5

Mantovani, D., Gasperoni, G., & Santangelo, F. (2022). Home-school distance among
native and immigrant-origin lower secondary students in urban Northern Italy.
Journal of Ethnic and Migration Studies, 48(10), 2369-2395. https://doi.org/10.1080/
1369183X.2021.1935659

Marcon, A., Pesce, G., Girardi, P., Marchetti, P., Blengio, G., de Zolt Sappadina, S.,
Falcone, S., Frapporti, G., Predicatori, F., & de Marco, R. (2014). Association
between Pm10 concentrations and school absences in proximity of a cement plant in
Northern Italy. International Journal of Hygiene and Environmental Health, 217(2),
386-391. https://doi.org/10.1016/j.ijheh.2013.07.016

Martini, A. (2010). Il divario nord-sud nei risultati delle prove Invalsi. INVALSI.

Milojevic, A., Dutey-Magni, P., Dearden, L., & Wilkinson, P. (2021). Lifelong exposure to
air pollution and cognitive development in young children: The Uk millennium
cohort study. Environmental Research Letters, 16(5), Article 055023. https://doi.org/
10.1088/1748-9326/abe90c

Mohai, P., Pellow, D., & Roberts, J. T. (2009). Environmental justice. Annual Review of
Environment and Resources, 34(1), 405-430. https://doi.org/10.1146/annurev-
environ-082508-094348

Mohai, P., & Saha, R. (2015). Which came first, people or pollution? A review of theory
and evidence from longitudinal environmental justice studies. Environmental
Research Letters, 10(12), Article 125011. https://doi.org/10.1088/1748-9326/10/
12/125011

Mullen, C., Grineski, S. E., Collins, T. W., & Mendoza, D. L. (2020). Effects of Pm2.5 on
third grade students’ proficiency in math and english language arts. International
Journal of Environmental Research and Public Health, 17, 6931. https://doi.org/
10.3390/ijerph17186931

Muller, C., Sampson, R. J., & Winter, A. S. (2018). Environmental inequality: The social
causes and consequences of lead exposure. Annual Review of Sociology, 44(1),
263-282. https://doi.org/10.1146/annurev-soc-073117-041222

Neier, T. (2021). Austrian air — Just clean for locals: A nationwide analysis of
environmental inequality. Ecological Economics, 187, Article 107100. https://doi.
org/10.1016/j.ecolecon.2021.107100

OECD. 2023. Air quality and health: Exposure to PM2.5 fine particles - countries and
regions OECD Environment Statistics (database), https://doi.org/10.1787/
96171c76-en (accessed on 07 March 2023).

Pallarés, S., Gémez, E. T., Martinez, A., & Jordan, M. M. (2019). The relationship
between indoor and outdoor levels of Pm10 and its chemical composition at schools
in a Coastal Region in Spain. 5, Article €02270. https://doi.org/10.1016/j.
heliyon.2019.e02270

Persico, C. L., & Venator, J. (2019). The effects of local industrial pollution on students
and schools. Journal of Human Resources:0518. https://doi.org/10.3368/
jhr.56.2.0518-9511R2

Rahman Khan, S. (2016). The education of elites in the United States. L’Année
sociologique, 66, 171-192.

Raffaelli, Katia, Deserti, Marco, Stortini, Michele, Amorati, Roberta, Vasconi, Matteo, &
Giovannini, Giulia (2020). Improving air quality in the Po Valley, Italy: Some results
by the life-ip-prepair project. Atmosphere, 11(4), 429. https://doi.org/10.3390/
atmos11040429

Rangel, Marcos A., & Shi, Ying (2020). First impressions: The case of teacher racial bias.
SSRN. https://doi.org/10.2139/ssrn.3627048

Reeves, A., Friedman, S., Rahal, C., & Flemmen, M. (2017). The decline and persistence
of the old boy: Private schools and elite recruitment 1897 to 2016. American
Sociological Review, 82(6), 1139-1166. https://doi.org/10.1177/
0003122417735742

Requia, W. J., Saenger, C. C., Cicerelli, R. E., Abreu, L. M. d, & Cruvinel, V. R. N. (2022).
Air quality around schools and school-level academic performance in Brazil.
Atmospheric Environment, 279, Article 119125. https://doi.org/10.1016/j.
atmosenv.2022.119125

Rocha, V., Soares, S., Stringhini, S., & Fraga, S. (2019). Socioeconomic circumstances and
respiratory function from childhood to early adulthood: A systematic review and
meta-analysis. BVJ Open, 9, Article e027528. https://doi.org/10.1136/bmjopen-
2018-027528

Riittenauer, T. (2018). Neighbours matter: A nation-wide small-area assessment of
environmental inequality in Germany. Social Science Research, 70, 198-211. https://
doi.org/10.1016/j.ssresearch.2017.11.009


https://doi.org/10.1007/s11111-022-00401-4
https://doi.org/10.1186/s41118-023-00206-9
https://doi.org/10.1016/j.envint.2020.105933
https://doi.org/10.1016/j.envint.2020.105933
http://refhub.elsevier.com/S0276-5624(24)00045-3/sbref18
http://refhub.elsevier.com/S0276-5624(24)00045-3/sbref18
https://doi.org/10.1111/cdep.12047
https://doi.org/10.1371/journal.pone.0245972
https://doi.org/10.3390/ijerph16173127
https://doi.org/10.3390/ijerph16173127
https://doi.org/10.1257/pandp.20191064
https://doi.org/10.1257/pandp.20191064
https://doi.org/10.1080/0267303032000156291
https://doi.org/10.1038/s41598-020-72722-z
https://doi.org/10.1016/j.envint.2021.106614
https://doi.org/10.1371/journal.pone.0106579
https://doi.org/10.1371/journal.pone.0106579
https://doi.org/10.1016/j.envres.2017.11.047
https://doi.org/10.1016/j.envres.2019.108925
https://doi.org/10.1016/j.envres.2019.108925
https://doi.org/10.1016/s0140-6736(14)60617-6
https://doi.org/10.1007/s40572-015-0069-5
https://doi.org/10.1021/acs.est.0c01764
https://doi.org/10.1021/acs.est.0c01764
https://doi.org/10.3368/jhr.57.3.1218-9903R2
https://doi.org/10.1016/j.jeem.2019.07.002
https://doi.org/10.3389/ijph.2021.1604465
https://doi.org/10.3389/ijph.2021.1604465
https://doi.org/10.1016/j.jhealeco.2018.08.002
https://doi.org/10.1016/S1352-2310(99)00489-6
https://doi.org/10.1016/S1352-2310(99)00489-6
https://doi.org/10.1016/S2542-5196(20)30272-2
https://doi.org/10.2105/ajph.2008.150771
https://doi.org/10.2105/ajph.2008.150771
https://www.elgaronline.com/edcollchap/book/9781800888166/book-part-9781800888166-30.xml
https://www.elgaronline.com/edcollchap/book/9781800888166/book-part-9781800888166-30.xml
https://doi.org/10.1016/j.rmed.2019.01.014
https://doi.org/10.1016/j.rmed.2019.01.014
https://doi.org/10.1177/0265813516673060
https://doi.org/10.1007/s11111-020-00371-5
https://doi.org/10.1007/s11111-020-00371-5
https://doi.org/10.1080/1369183X.2021.1935659
https://doi.org/10.1080/1369183X.2021.1935659
https://doi.org/10.1016/j.ijheh.2013.07.016
http://refhub.elsevier.com/S0276-5624(24)00045-3/sbref45
https://doi.org/10.1088/1748-9326/abe90c
https://doi.org/10.1088/1748-9326/abe90c
https://doi.org/10.1146/annurev-environ-082508-094348
https://doi.org/10.1146/annurev-environ-082508-094348
https://doi.org/10.1088/1748-9326/10/12/125011
https://doi.org/10.1088/1748-9326/10/12/125011
https://doi.org/10.3390/ijerph17186931
https://doi.org/10.3390/ijerph17186931
https://doi.org/10.1146/annurev-soc-073117-041222
https://doi.org/10.1016/j.ecolecon.2021.107100
https://doi.org/10.1016/j.ecolecon.2021.107100
https://doi.org/10.1016/j.heliyon.2019.e02270
https://doi.org/10.1016/j.heliyon.2019.e02270
https://doi.org/10.3368/jhr.56.2.0518-9511R2
https://doi.org/10.3368/jhr.56.2.0518-9511R2
http://refhub.elsevier.com/S0276-5624(24)00045-3/sbref54
http://refhub.elsevier.com/S0276-5624(24)00045-3/sbref54
https://doi.org/10.3390/atmos11040429
https://doi.org/10.3390/atmos11040429
https://doi.org/10.2139/ssrn.3627048
https://doi.org/10.1177/0003122417735742
https://doi.org/10.1177/0003122417735742
https://doi.org/10.1016/j.atmosenv.2022.119125
https://doi.org/10.1016/j.atmosenv.2022.119125
https://doi.org/10.1136/bmjopen-2018-027528
https://doi.org/10.1136/bmjopen-2018-027528
https://doi.org/10.1016/j.ssresearch.2017.11.009
https://doi.org/10.1016/j.ssresearch.2017.11.009

F. Bernardi and R.C. Keivabu

SIDRIA. (1997). Asthma and respiratory symptoms in 6-7 Yr old Italian children: Gender,
latitude, urbanization and socioeconomic Factors. Sidria (Italian Studies on
Respiratory disorders in childhood and the environment). The European Respiratory
Journal, 10(8), 1780-1786. https://doi.org/10.1183/09031936.97.10081780

Stenson, C., Wheeler, A. J., Carver, A., Donaire-Gonzalez, D., Alvarado-Molina, M.,
Nieuwenhuijsen, M., & Tham, R. (2021). The impact of traffic-related air pollution
on child and adolescent academic performance: A systematic review. Environment
International, 155, Article 106696. https://doi.org/10.1016/j.envint.2021.106696

Stingone, J. A., & Claudio, L. (2006). Disparities in the use of urgent health care services
among asthmatic children. Annals of Allergy, Asthma & Immunology, 97(2), 244-250.
https://doi.org/10.1016,/51081-1206(10)60021-X

Sunyer, J., Esnaola, M., Alvarez-Pedrerol, M., Forns, J., Rivas, I., Lopez-Vicente, M.,
Suades-Gonzalez, E., Foraster, M., Garcia-Esteban, R., Basagana, X., Viana, M.,
Cirach, M., Moreno, T., Alastuey, A., Sebastian-Galles, N., Nieuwenhuijsen, M., &
Querol, X. (2015). Association between traffic-related air pollution in schools and
cognitive development in primary school children: A prospective cohort study. PLOS
Medicine, 12, Article €1001792. https://doi.org/10.1371/journal.pmed.1001792

Tammaru, T., Marcinczak, S., Aunap, R., van Ham, M., & Janssen, H. (2020).
Relationship between income inequality and residential segregation of
socioeconomic groups. Regional Studies, 54(4), 450-461. https://doi.org/10.1080/
00343404.2018.1540035

16

Research in Social Stratification and Mobility 91 (2024) 100932

Ware, J. K. (2017). Property value as a proxy of socioeconomic status in education.
Education and Urban Society, 51(1), 99-119. https://doi.org/10.1177/
0013124517714850

Wen, J., & Burke, M. (2022). Lower test scores from wildfire smoke exposure. Nature
Sustainability, 5, 947-955. https://doi.org/10.1038/541893-022-00956-y

Wodtke, G. T., Ard, K., Bullock, C., White, K., & Priem, B. (2022). Concentrated poverty,
ambient air pollution, and child cognitive development. Science Advances, 8(48),
Article eadd0285. https://doi.org/10.1126/sciadv.add0285

Wynes, S. (2022). Guidance for health professionals seeking climate action. The Journal
of Climate Change and Health, 7, Article 100171. https://doi.org/10.1016/j.
joclim.2022.100171

Yoo, G. (2021). Real-time information on air pollution and avoidance behavior: Evidence
from South Korea. Population and Environment, 42, 406-424. https://doi.org/
10.1007/s11111-020-00368-0

Zhang, C. H., Sears, L., Myers, J. V., Brock, G. N., Sears, C. G., & Zierold, K. M. (2022).
Proximity to coal-fired power plants and neurobehavioral symptoms in children.
Journal of exposure Science & Environmental Epidemiology, 32(1), 124-134. https://
doi.org/10.1038/s41370-021-00369-7

Zou, E. Y. (2021). Unwatched pollution: The effect of intermittent monitoring on air
quality. American Economic Review, 111, 2101-2126. https://doi.org/10.1257/
aer.20181346


https://doi.org/10.1183/09031936.97.10081780
https://doi.org/10.1016/j.envint.2021.106696
https://doi.org/10.1016/S1081-1206(10)60021-X
https://doi.org/10.1371/journal.pmed.1001792
https://doi.org/10.1080/00343404.2018.1540035
https://doi.org/10.1080/00343404.2018.1540035
https://doi.org/10.1177/0013124517714850
https://doi.org/10.1177/0013124517714850
https://doi.org/10.1038/s41893-022-00956-y
https://doi.org/10.1126/sciadv.add0285
https://doi.org/10.1016/j.joclim.2022.100171
https://doi.org/10.1016/j.joclim.2022.100171
https://doi.org/10.1007/s11111-020-00368-0
https://doi.org/10.1007/s11111-020-00368-0
https://doi.org/10.1038/s41370-021-00369-7
https://doi.org/10.1038/s41370-021-00369-7
https://doi.org/10.1257/aer.20181346
https://doi.org/10.1257/aer.20181346

	Poor air quality at school and educational inequality by family socioeconomic status in Italy
	1 Introduction
	2 Air pollution, educational achievement and inequality: theoretical framework
	2.1 Differential exposure by parental SES
	2.2 Differences in the effect of exposure by parental SES

	3 The Italian case
	4 Hypotheses
	5 Data, variables and methods
	5.1 Data and variables
	5.2 Methods

	6 Results
	6.1 Is there a SES gradient in exposure to PM2.5 at school?
	6.2 Does exposure to PM2.5 reduce educational achievement?
	6.3 Does the effect of PM2.5 on educational achievement vary by family SES?
	6.4 Supplementary analyses

	7 Discussion and conclusion
	CRediT authorship contribution statement
	Declaration of Competing Interest
	Acknowledgements
	Appendix
	References


