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Abstract

We randomize the installation of air purifiers across primary school classrooms to
reduce children’s exposure to air pollution. The intervention reduces indoor fine par-
ticulate matter (PMs5) daily concentrations by 33% (18% during school hours) and
decreases student absenteeism by 17%. We find larger effects among students with
higher pre-treatment absenteeism, and when ambient pollution levels are low enough
for purifiers to bring indoor concentrations below health-relevant thresholds. Treated
students report fewer respiratory symptoms and exhibit greater awareness of air qual-
ity. The intervention has no effect on cognitive skills, mood, and aggressive behavior.
Fach avoided absence day costs approximately €6.9, yielding a benefit-cost ratio of
about 9.5:1, even ignoring potential benefits to academic performance.
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1 Introduction

Air pollution is a global health issue contributing to child mortality and morbidity world-
wide (Institute for Health Metrics and Evaluation, 2019; Annesi-Maesano et al., 2021). High
pollution-related morbidity increases school absences (Currie et al., 2009), negatively impact-
ing learning outcomes and educational activities (Gershenson et al., 2017; Aguilar-Gomez
et al., 2022). Although average urban exposure has decreased in recent decades due to
different pollution-control measures, levels often exceed WHO guidelines (World Health Or-
ganization, 2021), leading to significant health, economic, and welfare losses (Shaddick et al.,
2020). Since traditional air pollution control mechanisms, such as low-emission zones or in-
dustrial policies, can be costly and complex to implement, adaptive measures are necessary

to reduce exposure.

This study evaluates the efficacy and cost-effectiveness of installing portable air purifiers in
school classrooms. Our main hypothesis is that air purifiers improve indoor air quality and
reduce absenteeism by promoting children’s health. Using a cluster randomized controlled
trial (RCT) across five primary schools in Milan, Italy — an area characterized by poor air
quality (EEA, 2022) — we randomly assigned 95 classes to either receive or not receive air
purifiers. Additionally, we installed indoor air quality sensors in a subsample of classrooms

to collect detailed data on air pollution and environmental conditions.

Air purifiers reduce indoor air pollution on average by 33% and by 18% during school-time.
The relative efficacy of the purifiers does not appear to be related to outdoor air pollution
levels and remains relatively stable throughout the study period. The treatment decreases
school absences by approximately 17%, equivalent to about 2.1 fewer missed days per year.
The effect is more pronounced for students with higher baseline absenteeism. Dynamic
treatment effects indicate that the reduction in absences primarily occurs in fall and spring,
rather than in winter when average pollution levels are significantly higher. Supporting this
observation, the treatment effect on absences is approximately halved on days with above-
median outdoor PMs 5 and becomes statistically indistinguishable from zero in the highest
pollution quartile - e.g., when students remain exposed to health-relevant thresholds even
in the presence of air purifiers. These insights align with previous findings indicating that
the marginal effect of air pollution on health is concave, i.e., improving air quality when
pollution is relatively low has larger health effects than when pollution is high (Berkouwer
and Dean, 2026; Miller et al., 2024; Weichenthal et al., 2022; Corrigan et al., 2018; Pope III
et al., 2015; Aragén et al., 2017). However, our study is not designed to cleanly isolate this



mechanism from potential confounders, such as the higher incidence of influenza and other

illnesses in winter.

We do not find significant effects on cognitive skills (fluid intelligence), mood, and aggressive
behavior; we can rule out effects as big as 0.16-0.2 SD. Our study is underpowered to detect
impacts on academic performance. The results on indoor air pollution, absences, and the
heterogeneous effects by pre-specified dimensions are robust to multiple hypothesis correction

(g <0.1).1

Using survey data, we find suggestive evidence that treated students are less likely to report
respiratory symptoms over the past week than control students. This result suggests that
reduced absences likely arise from improved health. We also observe significant differences in
students’ perceptions of classroom air quality and their preferences for urban policies related
to air quality. However, we cannot rule out experimenter demand and priming effects. To
examine the potential confounding role of behavioral changes in our results, we estimate
the treatment effect on proxies for opening and closing classroom doors and windows (e.g.,
sudden shifts in temperature or carbon dioxide, COy). We find no evidence that purifiers
significantly alter ventilation behavior or classroom occupancy in response to the treatment,
as indicated by the lack of differences in classroom C'O, levels, temperature, and estimated

ventilation episodes.

Cost-effectiveness calculations indicate that installing air purifiers leads to a cost per avoided
absence of approximately €6.9 and a benefit-cost ratio between 9.5 and 19. This estimate
excludes any potential direct or indirect effect of the intervention on human capital accumu-

lation, and is solely based on health and childcare costs.

The analysis closely follows the pre-analysis plan (PAP). Any deviations are explicitly doc-

umented and justified in the text, along with additional robustness checks.

Related literature Air pollution is increasingly recognized as a health hazard and a sig-
nificant barrier to educational success. Even low levels of ambient pollution negatively affect
school participation and learning across various contexts (Ebenstein et al., 2016; Carneiro
et al., 2021; Sunyer et al., 2017; Roth, 2021; Gilraine and Zheng, 2024; Chiu et al., 2013;
Rahai and Evans, 2023; Heyes et al., 2023; Lai et al., 2021; Yao et al., 2023; Palacios et al.,

2022). Polluted air harms children’s health and cognitive function (La Nauze and Severnini,

!The FDR correction for the primary outcomes does not include the two test score outcomes, for which
the study is underpowered. This is a deviation from the PAP. When including them, the g-value for the
main effect on absences is 0.13.



2025; Kiinn et al., 2019), leading to lower attendance and academic performance (Chen et al.,
2018; Currie et al., 2009; Komisarow and Pakhtigian, 2022; Ransom and Pope, 1992; Per-
sico and Venator, 2019; Heissel et al., 2022). This issue is critical, as educational outcomes
have long-term implications for human capital formation, productivity, and lifetime earn-
ings (Graff Zivin and Neidell, 2013). The adverse effects are especially pronounced among
vulnerable children with pre-existing health issues or higher baseline absenteeism (Liu and
Salvo, 2018). Our paper builds on this literature by providing the first experimental evidence
of the causal impact of indoor air purifiers on student absenteeism. This design addresses
many common confounders in observational studies and expands the literature into a devel-
oped country setting with moderate to high ambient pollution levels. In doing so, our work

corroborates the negative educational effects of air pollution.

Within education policy, cost-effectiveness is crucial for resource allocation. Policymakers
must choose from various interventions to maximize educational gains. Many traditional
interventions to improve educational outcomes require substantial investments, yet their
cost-effectiveness varies widely (Angrist et al., 2020). Among programs to reduce absen-
teeism, behavioral interventions informing parents about their child’s attendance proved
highly cost-effective (Rogers and Feller, 2018; Robinson et al., 2018). However, few studies
have assessed the cost-effectiveness of specific interventions to improve the physical learn-
ing environment and the quality of indoor air.? Some epidemiological studies highlight the
benefits of air purifiers on reducing indoor pollution in schools (Carmona et al., 2022; Tong
et al., 2020) and associated significant health benefits (Chen et al., 2015; Yang et al., 2021).3
Closer to our study, Kremer et al. (2025) randomly assign air filters in public high schools
in Bogota. They find small increases (+ 3% of a SD) of high-stakes test scores within 4
months of installation, and no effect in the following year. However, the improvements in
air pollution induced by the purifiers are 0.47-1.2 ug/m? (4-8% of the mean), about a fourth
of our experimentally-induced variation. In a similar design, Bharti et al. (2025) find an
increase of 0.15 SD in test scores in grade-2 schools in Lahore, Pakistan, shortly after the in-
stallation, but no improvements after a prolonged holiday period. In their study, air purifiers
reduce indoor PM, 5 by 48-76 pug/m?, or 20%. In a related study, Gilraine (2023) finds that
installing air filters in schools leads to a 0.1 to 0.2 standard deviation increase in test scores,
utilizing a regression discontinuity design.* Several concurrent RCTs examine air purifiers

in schools across developing country settings with substantially higher pollution levels: Liu

2Impact assessments of general school infrastructural investments are provided, for instance, in Cellini
et al. (2010). The benefits of air conditioning for learning are studied in Park et al. (2020).

3See Cheek et al. (2021) and Xia et al. (2021) for a review.

4In an RCT, Gignac et al. (2021) find no short-term effect of purifiers on adolescent attention.



et al. (2024) in Chinese middle schools and Ruiz-Tagle et al. (2024) in middle schools in
Delhi. Our study is the first school-based purifier RCT in a developed country with moder-
ate pollution, and the first to focus on primary school absenteeism as the main outcome with
direct measurement of indoor air quality. More broadly, our study complements the exist-
ing evidence along several dimensions. First, the RCT design eliminates selection concerns
that arise in quasi-experimental approaches. Second, we directly measure the first stage
— indoor PM, 5 reductions — using classroom-level sensors, establishing the causal chain
from purifiers to air quality to health proxies. Third, we focus on absenteeism, a distinct
margin from test scores with direct implications for household costs and school operations,
and provide the first cost-benefit analysis of air purifiers in schools. Fourth, survey data
on health symptoms, seasonal heterogeneity in treatment effects, and behavioral adaptation

tests provide evidence on mechanisms largely absent from prior work.

Finally, we contribute to the literature on adaptation to environmental stressors and the role
of exposure to indoor air pollution (Graff Zivin and Neidell, 2013; Deschénes et al., 2017;
Park et al., 2020; Burke et al., 2022; Coury et al., 2024; Barwick et al., 2024). As environ-
mental stressors increasingly challenge public health and productivity, adaptive responses
are essential to mitigate the negative effects of environmental hazards and minimize adverse
outcomes. Studies indicate that households and firms invest in protective technologies to
reduce personal exposure (Deschénes et al., 2017; Ito and Zhang, 2019; Greenstone et al.,
2021; Zhang and Mu, 2018; Baylis et al., 2024; Metcalfe and Roth, 2025). While adaptation
does not replace pollution control, it serves as a crucial secondary defense mechanism, espe-
cially when complete hazard elimination is unfeasible. Nonetheless, research indicates that
adaptive measures have limitations; for instance, when outdoor pollution reaches extreme
levels, the protective behaviors may not be sufficient to mitigate the health risks (Burke
et al., 2022; Barwick et al., 2024). Our study contributes to the adaptation literature by
empirically testing an indoor air quality improvement technology as an adaptive strategy
in schools. The results show that while the intervention reduces student absences during
moderate pollution periods, its effectiveness diminishes under severe outdoor pollution and
during periods with overlapping health risks (e.g., respiratory infections, flu, etc.). This
finding highlights an important boundary condition for adaptive interventions and suggests

that such measures should complement broader pollution abatement policies.



2 Experimental design

Context Northern Italy features high population density and economic activity, along with
poor orographic conditions that impede air circulation. This combination makes it one of
the most polluted regions in Europe (European Environmental Agency, 2024). Air pollution
levels in Northern Ttaly consistently exceed WHO guidelines of 15 and 5 pg/m? for the daily
and annual concentration of PMs 5, respectively. Panel (a) of Figure 2 displays average an-
nual P M, 5 concentrations in Milan—the region’s largest city—from 2013 to 2024. Although
air pollution has declined over this period, levels remain well above WHO thresholds for
good air quality. During our study period (the 2023-24 school year), the average annual

concentration of PMs 5 was 18.5 ug/m3.

Annual averages, however, mask substantial seasonal variation, as illustrated in Panel (b).
Pollution levels are markedly higher in winter than in summer, driven by factors such as
thermal inversions, increased residential heating, and the reduced efficiency of internal com-
bustion engines at lower temperatures. In our study period, average concentrations reached
32.3 pg/m? in winter (December—February) compared to 9.1 pg/m? in spring (April-June),
and the WHO daily threshold of 15 j1g/m? was exceeded on 43% of days.
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Figure 1: Yearly and monthly time series of average PMs 5 in Milan (2013-2024)
Notes: The values come from yearly and monthly averages of daily air pollution measurements across the 2 stations in the

metropolitan city of Milan. The red line marks the yearly guideline value set by the WHO (5 ug/m?).

To reduce exposure to air pollution, regional and local governments have implemented various
measures, including investments in public transportation, upgrades to power plants, promo-
tion of cleaner fuels, improvements in energy efficiency, and public awareness campaigns on
air quality (Italian Republic, 2010; Lombardy Region, 2006, 2013). In Milan, vehicle traffic

is regulated through a congestion charge introduced in 2012 and a Low Emission Zone (LEZ)



established in 2022 (Municipality of Milan, 2022a, 2023).5 The city also continues to invest
in public infrastructure to improve the public transport network and promote cycling as part
of its broader Air-Climate Plan (Municipality of Milan, 2022b). However, these efforts have

produced only marginal improvements, typically appearing over the medium to long term.

State-owned schools dominate Italy’s educational landscape, with approximately 94% of chil-
dren enrolled in public institutions (Ministero Italiano dell’Istruzione e del Merito, 2023).
The average Italian school building is over 50 years old and often does not meet current sus-
tainability standards. Some classrooms exhibit inadequate maintenance, and environmental
improvements occur infrequently (Ruggieri et al., 2019). Most schools were constructed be-
fore urban development, resulting in their proximity to high-traffic roads, which significantly

increases exposure to air pollution.

In the Italian school system, at the beginning of the year, students are assigned to a single
classroom where they spend most of their day. They leave daily for lunch at the school
canteen and can visit the garden or courtyard during breaks.® The choice between spending
breaks indoors vs. outdoors depends on the weather and teachers’ preferences. Teachers
may teach multiple classes and move between different physical classrooms throughout the

day.

Intervention and randomization Our intervention installed 42 consumer-grade portable
air purifiers in randomly selected classrooms across five schools.” We assigned classrooms to
treatment and control groups, stratifying by school and grade. All purifiers were installed
outside school hours between November 8 and 16, 2023. The intervention did not include
targeted information campaigns or communications to teachers or parents. All purifiers
operated continuously from November 2023 to June 2024. Because randomization occurs
within schools, treated and control students share common spaces such as hallways, gyms,
and dining halls. However, purifiers only operate within the assigned classroom, and students
spend the large majority of instructional time in their own classroom, limiting the scope

for spillover effects. The research team monitored purifier functionality through monthly

SWhile many studies find that LEZs significantly improve environmental outcomes (Klauber et al., 2024;
Pestel and Wozny, 2021; Gehrsitz, 2017), the local environmental impact of Milan’s congestion charge appears
to be limited (Percoco, 2013, 2014).

6Students spend a few hours per week attending lab sessions in specialized classrooms and exercising in
the school gym.

7All installations were carried out by professionals from the purifier manufacturer. They ensured correct
and safe deployment and also addressed minor electrical issues on-site. This proved to be a crucial factor,
as Italian public schools often have outdated electrical infrastructure.



statistical analyses of indoor air pollution data in a subsample of classrooms and bi-monthly

on-site visits.

We installed NETCO NIVEUS NV100 air purifiers equipped with Ul5 Ultra Low Partic-
ulate Air (ULPA) filters, capable of capturing up to 99.99% of particles larger than 0.026
microns—the highest efficiency in mechanical filtration technology. These devices are energy-
efficient, with power consumption comparable to a 60-watt incandescent bulb, and operate
quietly, producing sound levels between 29 and 45 dB(A). Following the manufacturer’s
guidelines, we selected the model based on the average classroom volume. Purifiers operated
at 60% capacity to ensure effective air purification with minimal noise, achieving an average
Air Exchange Rate of 1.04. In addition to the purifiers, we randomly installed 31 indoor air
quality sensors in a subsample of classrooms. Appendix B provides technical details on the
purifiers and monitors. Sensors’ installations were stratified by school, treatment status, and
grade to ensure balanced representation across treatment and control groups. The sensors
measure concentrations of PMs 5, PMy, COs, carbon monoxide (CO), as well as tempera-
ture, humidity, and atmospheric pressure. Once powered and connected to the internet, the

sensors transmit data every 30 seconds to an online data platform.

Teachers administered paper-and-pencil surveys to students at two time points: before the
intervention in October 2023 (baseline) and during the intervention in April 2024 (end-
line). Teachers selected survey administration dates within a two-week window based on
availability. To improve comprehension, we used capital letters and visual Likert scales with
emoticons. First-grade teachers adhered to a dedicated protocol, projecting and reading each
question aloud to support student understanding. Participation was optional for first-grade

students. The survey took approximately 15 minutes to complete.®

2.1 Sample, Data and Outcome Variables

Sample The study sample includes students from the 2023-24 school year, with absence
and demographic data obtained from official school ledgers and registries. It comprises 95
classes and 2,050 students across five grades. For a subsample of them (N=1,609), we have
absence data for the school-year 2022-23. Data on indoor environmental conditions were
collected using 31 air quality sensors; one sensor was excluded from the analysis after data

quality checks (see Appendix C for details).

The survey completion rate is approximately 88%, with 1,822 responses in the first wave,

1,815 in the second, and 1,662 in both. Two factors primarily explain this rate. (1) Many

8The English translation of the survey is available here.


https://francescogranella.github.io/survey_purifiers_eng.pdf

schools chose not to administer the survey to first-grade students in either wave or missed
an administration in some classes, and (2) student absences on the survey day. Appendix
Tables A.1, A.2, and A.3 show that survey participation rates do not differ significantly

between treatment and control groups.

Indoor air quality Indoor air pollution data are available from November 2023 to June
2024. We aggregate monitor readings into daily average concentrations (24-hour averages),
as reported in the PAP, and school-time averages, computed using measurements recorded
between 8:00 AM and 5:00 PM.

Low-cost air quality sensors can exhibit unit-to-unit variation in readings. If sensors assigned
to treated classrooms systematically differed from those in control classrooms, this could bias
the estimated treatment effect on indoor pollution. To test for this, we co-located all sensors
in a single room for four consecutive days, so that any differences in readings reflect sensor
error rather than true air quality differences. We find no evidence that measurement impre-

cision differs systematically between sensors assigned to treatment and control classrooms
(Appendix C).

Absenteeism Schools collected daily absence data digitally and shared it with researchers
in anonymized form at the end of the 2023-24 school year. We access data from the school
years 2022-23 and 2023-24. The reasons for student absences are neither systematically
recorded nor digitized, preventing us from identifying whether health-related issues are the
primary cause. Our outcome variable for absenteeism is a binary indicator equal to one if a

student is absent on a given day, and zero otherwise.

Academic and cognitive performance Academic performance is measured using scores
from the Italian national standardized assessments (INVALSI). These tests are mandatory,
anonymous, externally evaluated, and conducted annually. All students in the second and
fifth grades take the assessments each spring on a common testing date. The tests evaluate
proficiency in Mathematics and Italian. Test scores are constructed using a Rasch Item
Response Theory model, consistent with the approach adopted in international assessments
such as the OECD Programme for International Student Assessment (PISA). The main

outcomes of our analysis are students’ test scores in Mathematics and Italian.

The cognitive skill assessment is realized through a Raven test included in the student
survey. It consists of a series of visual patterns with a missing piece, where test-takers must

choose the correct piece from multiple options. We selected the suitable version for children



aged 5 to 12 years from the first wave of the Mexican Family Life Survey (Rubalcava and
Teruel, 2006). We summed all correct answers to create a score ranging from 0 to 18 and
standardized this score to have a mean of zero and a variance of one for each grade, using
the mean and standard deviation from the control group.” The Raven test is widely used
as a measure of fluid intelligence, capturing individuals’ ability to reason abstractly, identify

patterns, and solve novel problems independently of acquired knowledge or language skills.

Mood and aggressive behavior We assess students’ mood over the previous week using
a survey question based on a Likert scale (very positive, positive, negative, very negative),
which we convert into a 1-4 index.!'® To proxy aggressive episodes, we create a dummy
variable that equals one if students report arguing or quarreling with any classmate during

the past week (sometimes, often, very often) and zero otherwise (never).

Subjective health symptoms We use students’ self-reported symptoms as a proxy for
health conditions. Children reported the frequency of various respiratory and non-respiratory
symptoms experienced over the past week using a four-point Likert scale: never, sometimes,
often, and every day.!! The symptoms include: runny nose, blocked nose, sneezing, cough,
shortness of breath, tiredness, headache, and stomachache. We classify the first five symp-
toms as respiratory, the last two as non-respiratory, and the remaining as general. For each
symptom, we create a binary indicator equal to one if the student reported experiencing it

at least "sometimes,” and zero if they selected "never.”

Perceptions, beliefs, and behavioral responses The intervention did not include ex-
plicit communication or awareness campaigns about indoor air quality or environmental
issues; however, it may have implicitly raised environmental awareness. We assess percep-
tions of air quality across different settings (overall, city, classroom, and courtyard) using a
four-point Likert scale: very bad, bad, good, and very good. Responses received a score from
1 to 4. We also evaluated children’s views on the importance of addressing urban challenges
such as street garbage, lack of green areas or playgrounds, insufficient sports facilities, air

pollution, and road traffic. These were rated on a four-point Likert scale: to a great extent,

9We attribute a missing value in the absence of all responses to the 18 tests, while missing on a subset of
answers counts as zero in the final score.

10This outcome operationalization departs from what we promised in the PAP in that it does not use the
question asking how students felt over the last week (very well, generally well, sometimes well, not very well),
as the question was discarded in the second wave after we received negative feedback on its formulation from
some schools.

' These questions are adapted from a validated survey on acute respiratory illnesses for children aged 4
to 10, developed by Schmit et al. (2021).

10



to some extent, to a limited extent, and not at all, and similarly coded as a score from 1 to
4'12

To measure teachers’ behavioral responses to the purifiers, we monitored indoor environmen-
tal conditions—specifically C'O, levels, temperature, and the frequency of window openings.
These parameters are influenced by classroom occupancy and ventilation, but are not directly
affected by the purifiers. We calculated minute-level averages of C'O, and temperature using
data from the air quality sensors. We identified ventilation episodes with sharp drops in CO,

levels alongside changes in indoor temperature. Further details are provided in Appendix D.

Controls and dimensions of heterogeneity We obtained students’ socio-demographic
information from school administrative records, focusing specifically on gender and nation-
ality. We created a binary variable, assigning a value of one for female students and zero for

male students, along with a binary indicator for non-Italian citizenship.'3

Outdoor air pollution We used outdoor pollution data from the European Environ-
mental Agency database (EEA, 2024). We calculated daily average PMjy 5 levels for each
school by applying inverse distance weighting from the two nearest background air quality

monitoring stations.'4

3 Descriptive Statistics

3.1 Sample characteristics and balance

Table 1 presents descriptive statistics for the student sample. Overall, 47% of students are
female, and 37% have foreign citizenship. The distribution across the five grades is relatively
balanced. In the pre-treatment period, i.e., over school-year 2022-23 and the period preceding
treatment deployment in the school-year 2023-24 (September and October 2023), students

12This block of questions was inspired by the scales used in Cori et al. (2020).

13Under Italian law, children born in Italy to non-Italian parents acquire Italian citizenship at the age of
18.

14The two nearest stations are both located inside the city of Milan. The third closest monitoring station
is far enough to have a negligible contribution to the monitored average using inverse-distance weighting,
and is therefore excluded. A measurement error on the outdoor pollution assigned to schools may occur
if there are major sources of pollution between the school and the monitoring stations, such as industrial
plants or major road arteries, and the wind blows such that the school is up(down)wind and the monitor
is down(up)wind. Any such measurement error would have no effect on the estimates of the effects of
air purifiers on absences nor on indoor pollution. However, it might bias the ratio of indoor-to-outdoor
concentrations and the heterogeneity of effects by outdoor air pollution.

11



were absent for approximately 5.7% of school days, averaging about 12 missed days in a

standard 200-day school year.

Table 1: Descriptive statistics and balance

(1) (2) 3) (4) ()

Obs Control Difference
Variable Mean (SD) Diff. (SE)
Demographics and administrative data
Female 2051 0.469 0.499 0.002 0.016
Grade 1 2051 0.184 0.388 0.016 0.081
Grade 2 2051 0.215 0.411 -0.020 0.086
Grade 3 2051 0.209 0.407 -0.017 0.085
Grade 4 2051 0.195 0.396 -0.012 0.081
Grade 5 2051 0.197 0.398 0.033 0.087
Non-Italian 2051 0.369 0.483 0.025 0.020
Class size 95 21.585 2.575 0.197 0.414
Pre-treatment absences 2051 0.057 0.054 0.001 0.003
Responded to baseline survey 2051 0.888 0.315 0.001 0.014
Responded to endline survey 2051 0.876 0.330 0.020 0.014
Cognitive and behavioral (baseline survey)
Raven score (standardized) 1693 -0.000 0.998 -0.150* 0.080
Mood scale 1502 3.432 0.743 0.011 0.057
Aggressive episodes 1630 0.449 0.498 -0.033 0.037
Health symptoms (baseline survey)
Runny nose 1451 0.456 0.498 -0.008 0.040
Blocked nose 1437 0.541 0.499 -0.001 0.039
Sneezing 1430 0.620 0.486 0.007 0.038
Cough 1433 0.556 0.497 0.030 0.038
Short of breath 1375 0.249 0.433 -0.004 0.033
Tiredness 1397 0.615 0.487 -0.002 0.039
Headache 1405 0.482 0.500 -0.039 0.035
Stomach ache 1389 0.424 0.494 -0.057 0.037
Air quality perceptions (baseline survey)
Overall 1557 3.091 0.850 -0.036 0.092
City 1554 2.716 0.954 -0.142 0.089
Classroom 1553 3.230 0.747 -0.036 0.059
Schoolyard 1551 3.513 0.680 -0.112% 0.059
Urban policy priorities (baseline survey)
City cleaning 1559 3.467 0.900 -0.014 0.067
Green areas and playgrounds 1540 3.278 0.982 -0.004 0.083
Sport infrastructure 1525 3.098 1.087 -0.105 0.099
Air quality 1536 3.486 0.955 -0.061 0.068
Less traffic 1513 3.169 0.997 -0.061 0.081

Notes: The table presents the mean and standard deviation in the control group (columns 2-3) for student socio-demographic
characteristics and survey variables at the baseline, and the difference in means between treatment and control group, with
its standard error (columns 4-5). Pre-treatment absences are calculated over the school year 2022-23 and the period preceding
treatment deployment in the school-year 2023-24 (September and October 2023). Mood over the previous week is assessed on
a scale from 1 (very negative) to 4 (very positive). Aggressive behavior is a dummy equal to one if students report arguing
or quarreling with any classmate during the past week, zero if this never happened. Air Quality (AQ) perception indexes are
expressed on a scale from 1 (very bad) to 4 (very good). Priority policy scores are expressed on a scale from 1 (not important
at all) to 4 (very important). Significance levels: *** p<0.01, ** p<0.05, and * p<0.1.

As for the survey outcomes, the average Raven score across all students is 13.45 out of 18
(SD = 2.96). The score is subsequently normalized by grade. On average, students report
a mood level of 3.4 out of 4, and 45% report having had an argument or quarrel with peers

in the week preceding the survey. At baseline, between 46% and 62% of students reported

12



experiencing a runny nose, blocked nose, sneezing, cough, or shortness of breath in the
previous week, 61% reported tiredness, 48% headaches, and 42% stomachaches. Perceptions
of air quality averaged 3.1 on a 1-to-4 scale, with lower ratings for city air quality (2.7)
and higher ratings for classrooms (3.2). Students regarded outdoor school spaces, such as
courtyards, as safer in terms of air quality (3.5) compared to the broader urban environment
(2.7). Regarding urban priorities, students emphasized city cleanliness and air quality (both
around 3.5), followed by green areas, playgrounds, traffic (3.2), and sports infrastructure
(3.1). Administrative and survey-based measures show no significant differences between

treatment and control groups, except the Raven score (significant at 10%) (see Columns
4-5).

Survey measures are affected by missing data at both baseline and endline. Appendix Tables
A.1, A.2 and A.3 present the extent of missingness and test for correlations with treatment
status in the first, second, and across both waves, respectively. Approximately one-quarter
of students—and 13-15% at endline—did not respond to health-related questions. Non-
response rates for items on air quality perceptions and policy preferences ranged from 15% to
18% at baseline and from 4% to 6% at endline. When considering both waves jointly, missing
data reach up to 30-35% for reported symptoms, reducing the sample to approximately 1,100-
1,200 observations. We find no evidence of systematic differential missingness by treatment

status at either time point.

Appendix Table A.4 compares the demographic composition and academic performance of
schools in the study sample with corresponding averages at the provincial (Milan), regional
(Lombardy), and national levels, providing an assessment of the sample’s external validity.
Overall, the sample appears broadly comparable in terms of gender composition, with the
share of female students closely aligned with all reference levels. However, notable differences
emerge along other dimensions. First, students in the sample perform systematically worse
in standardized INVALSI tests in both Italian and mathematics, across grades 2 and 5.
These lower average scores are accompanied by substantially higher dispersion, particularly
in Italian test results at grade 2, indicating greater heterogeneity in student performance
within the sample. Second, the sample is characterized by larger class sizes, with an average
of 21.6 students per class compared to 17 at the national level. Third, and most importantly,
the share of non-Italian students is markedly higher in the sample (38%) than in the province
(26%), region (21%), and country (14%). Taken together, these patterns suggest that the
sample over-represents more diverse and potentially more challenging school environments,
which likely contributes to both the lower average performance and the higher variability

in test scores. In this sense, while the sample remains broadly comparable along some
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dimensions, it is skewed toward schools with greater demographic complexity and larger

class sizes, factors that are well known to be associated with educational outcomes.

4 Empirical strategy and results

Our empirical strategy leverages the random assignment of air purifiers across classrooms.
Identification relies on the assumption that treated and control students are comparable in
both observable and unobservable characteristics. We also assume that control students do
not receive indirect benefits from the treatment or change their behavior due to the absence
of purifiers. We discuss potential threats to these assumptions in Section 4.4. Most analyses
were pre-registered, and deviations from the PAP are detailed in the text and in Appendix
E.

4.1 Impact on indoor air quality

We assess the impact of air purifiers on indoor air quality using Equation 1, where Y,
represents the indoor air quality measure in classroom ¢ on day t; Air Purifier. indicates
whether the classroom received a purifier.!> We include calendar-day fixed effects (\;), strata-
by-weekday fixed effects (As(c)w()), and strata-by-month fixed effects (Ay(e)m(t)), where s(c)
denotes the randomization stratum (school x grade) of classroom ¢, w(t) the day of the week,
and m(t) the calendar month. Calendar-day fixed effects capture daily pollution shocks that
affect all schools. Strata-by-weekday and strata-by-month fixed effects control for location-
and grade-specific seasonal factors that may influence air quality. We cluster standard errors

at the classroom level.

Y = a+ B AirPurifier. + A\ + )\s(c),w(t) + /\s(c),m(t) + € (1)

Table 2 presents the treatment effects on PMsy 5 and PM;o (Panel A, Columns 1-2). Purifiers
significantly reduce concentrations by approximately 4.6 ug/m?3, which corresponds to a
33% reduction compared to control classes. The result is robust to controlling for indoor

temperature and humidity (Appendix Table A.5), different inference methods (Appendix

15We do not have pre-treatment measurements, as air quality monitors and purifiers were installed simul-
taneously.
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Table 2: Average and dynamic treatment effects on indoor air quality and environmental
variables

Panel A: Average treatment effects on indoor environmental variables

(1) (2) 3) (4) () (6)

Indoor air quality Other environmental variables

PMz 5 PMig CO COy Temp. N. Ventilation

episodes
Estimate -4.615%** -4.715%** -0.195 31.017 -0.120 0.290
(0.3791) (0.4028) (0.2168) (54.3764) (0.1316) (0.2484)
N.Obs 3,456 3,456 3,456 3,456 3,456 3,461
N.Clusters 30 30 30 30 30 30
Control Mean 14.15 14.85 1.31 805.9 20.97 3.46
Rel. Change % 32.60 31.76 14.96 3.85 0.57 8.38
Panel B: Dynamic treatment effects on indoor PMy 5
1) (2) (3) (4) (5) (6) (7) (8)

11-2023 12-2023 01-2024 02-2024 03-2024 04-2024 05-2024 06-2024

Estimate 45127 L6.190%FF  JTATIMFY -8.038%FF  _3.561%FF  -1.850%*F  -2.420%%F  -2.274%*
(0.4476)  (0.8896)  (0.7922)  (0.7728)  (0.3847)  (0.2204)  (0.2799)  (0.3407)

N.Obs 390 356 503 483 528 475 587 129

N.Clusters 30 30 30 28 28 28 27 27

Control Mean 13.78 21.74 24.47 22.93 9.37 5.88 6.59 6.48
Treated Mean 9.25 15.00 17.17 15.36 6.05 4.13 4.26 4.30
Outdoor Mean 22.48 32.99 44.26 32.88 20.64 11.94 9.77 11.00
Rel. Change % -32.91 -31.03 -29.82 -32.99 -35.45 -29.70 -35.32 -33.73
I/0 Ratio 0.613 0.659 0.553 0.697 0.454 0.492 0.675 0.589

Notes: Panel A reports the average treatment effects (ATE) on indoor air quality measures (PMa.5, PM1g, CO) alongside
effects on other environmental variables (CO2 and temperature) and the number of ventilation episodes. The sample is restricted
to school days. Panel B presents the dynamic treatment effects on indoor PM2 5 by calendar month. Models in Panel A
include calendar date, strata-by-weekday, and strata-by-month fixed effects (where strata are school x grade, the randomization
stratification). Models in Panel B include calendar date, strata-by-weekday, and strata-by-month fixed effects. In Panel B,
the number of clusters varies across columns because three monitors went offline during the study window (one in November—
December 2023, two from February 2024 onward, with two additional brief interruptions in May and June). Panel-level
missingness is uncorrelated with treatment status: 5.0% of control and 6.7% of treated class-months have no PMg 5 data, and
a linear probability model of monthly missingness on treatment with month fixed effects yields a coefficient of 0.017 (p = 0.79).
In both panels, Rel. Change % is computed as the regression estimate divided by the control mean; Panel A reports absolute
values and Panel B retains the sign to reflect the direction of the effect. Standard errors are clustered at the classroom level.
% p <0.01, ** p <0.05, * p<0.10.

Table A.6)1°, and to multiple hypothesis correction.!” As expected, we observe no effects on

CO since air purifiers do not target this pollutant.

Exploiting the high-frequency sensor data, Panel A of Appendix Table A.7 compares treat-
ment effects during school hours (8am-5pm) and non-school hours. The reduction in PMs 5

is more than twice as large outside school hours (—5.9 pg/m3, or 41%) compared to school

16Conventional clustered standard errors may lead to over-rejecting the null, when the number of clusters
is relatively small. We perform wild cluster bootstrap (Cameron et al., 2008) and randomization inference
(Young, 2019). Results are similar.

"Following the PAP, we control for multiple hypothesis testing for all main pre-registered outcomes (List
et al., 2019). In particular, we calculate and report the FDR-adjusted g-values (Benjamini et al., 2006).
These are shown in Table 3.
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hours (—2.5 pug/m3, or 18%). This difference is highly statistically significant (p < 0.001)
and is consistent with ventilation and pollution-generating activities, e.g., dust movement
and blackboard use, during occupied hours, partially offsetting the purifiers’ effectiveness.
COgy concentrations confirm classroom occupancy (1,159 ppm during school hours vs. 595
ppm otherwise). In Panel B, we compare the effects on 24-hour averages in school days
vs. non-school days. The absolute treatment effect is larger on school days (—4.6 vs. —3.6
pug/m3, p = 0.0002), reflecting the higher baseline indoor PMy 5 on occupied days (control
mean of 14.1 vs. 10.2 ug/m?®). Conditional on day-type fixed effects, the proportional re-
duction is larger on non-school days (34.7% vs. 32.6%, p = 0.006), consistent with the same

occupancy-and-ventilation interference channel operating on school days.

Panel B of Table 2 presents the dynamic treatment effects, with each coefficient capturing the
monthly impact of the intervention. The absolute difference in PM; 5 concentrations between
treated and control classrooms is largest during the winter months, at 7.6 in February and
7.3 pg/m? in January. In contrast, the absolute differences in April and June are smaller, at
1.8 and 2.3 pug/m?, respectively. Although the absolute differences are greater in winter, the
relative reduction does not seem to correlate with outdoor air pollution. Sustained reductions
between 30% and 35% are found throughout the study period, with no clear seasonal pattern

in relative terms.

Indoor air pollution levels appear to be influenced by several factors: outdoor pollution
levels, the indoor/outdoor (I/O) ratio, which indicates the extent of PM, 5 penetration, and
the presence of air purifiers. The I/O ratio ranged from 45.4% to 69.7% (with a weighted
average of 59%), with no clear seasonal pattern. Outdoor PMs 5 concentrations exceeded
the WHO daily limit of 15 pg/m? on 48% of days during the study period. Consequently,
indoor PM, 5 levels in control classrooms exceeded the WHO threshold on 28.2% of days.
This percentage drops to 18.7% in treated classrooms, reflecting the purifiers’ mitigating
effect.

4.2 Impact on absences

We test the impact of air purifiers on absences using a difference-in-differences design that
pools the treatment year (2023-24) with the preceding school year (2022-23):
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Absent;, = B1Air Purifier, x Post, + 0s(c),gc) -t + Ni + At + €i (2)

where Absent;. is a binary variable equal to one if student ¢ in class ¢ is absent on date ¢,
and zero otherwise. AirPurifier. indicates whether class ¢ received an air purifier, while
Post; equals one for dates after the first purifiers were installed on November 8, 2023. The
term dy(c), ¢(c) - t denotes strata-by-treatment-group linear time trends, where s(c) is the ran-
domization stratum (school x grade) of classroom ¢ and g(c) € {0, 1} is its treatment-group
assignment.'® The model includes student fixed effects ()\;) to control for time-invariant
individual characteristics. Time fixed effects ();) include calendar date, strata-by-month,
and strata-by-year, where strata are defined by the randomization stratification (school x
grade). These absorb strata-specific seasonal patterns and year-level baseline differences. We
cluster standard errors at the classroom level, following Abadie et al. (2023). We estimate
Equation 2 using a Linear Probability Model (LPM).?

The strata-by-treatment-group linear time trends d4(), 4(c) - t are a correction not included in
the PAP but motivated by the data: when pooling both school years without adjustment, the
treatment effect attenuates substantially (—0.002, p = 0.52 in the LPM). An examination
of pre-treatment absence data from 2022-23 reveals that treated and control classrooms
followed different trajectories within randomization strata: a joint F-test across all 95 clusters
rejects the null of no differential pre-trends (p < 0.001), with 7 of 20 testable strata showing
nominally significant differences in stratum-level tests. Because randomization was stratified
by school x grade with only 2-6 classrooms per cell, such chance imbalances in classroom-
level dynamics are not unexpected. The strata-by-treatment trends absorb these differential
trajectories. Appendix F documents the diagnostic evidence, validates the correction through
subsample analysis, and shows that a single aggregate treatment trend recovers most of the
effect.

Results are shown in Column 2 of Table 3. The LPM estimate is —0.0103, statistically

significant at the 5% level, suggesting a reduction of approximately 1.0 percentage point,

18Defining the treatment period from the date of the first installation is a conservative approach, as classes
that had not yet received the purifiers are still assigned treatment status for the period between November
8 and their actual installation date.

19 Air purifiers reduce concentrations of various airborne substances that can affect respiratory health, such
as pollen and viruses. Thus, we cannot use the random installation of purifiers as an instrumental variable
for PMs, 5, as it likely violates the exclusion restriction. Also note that purifiers may introduce unintended
effects beyond reducing the concentration of airborne particles, such as noise or light emissions. To mitigate
these risks, we turned off all indicator lights and operated the purifiers at reduced speeds, maintaining noise
levels within the WHO-recommended threshold for classrooms (35 dB(A)).
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about 17% relative to the control mean of 6.0%, or equivalently 2.1 fewer missed days in a
200-day school year. The result is robust across estimators: Probit, Logit, and a Poisson
model at the classroom level all yield consistent estimates, significant at the 5% level, with
implied effects ranging from 17 to 19.3% (Appendix Table A.8). The results are also robust
to alternative inference procedures, including wild bootstrap cluster standard errors and

randomization inference (Appendix Table A.9).

The ex-ante MDE from our power analysis (with 5% significance and 80% power) was 0.3
percentage points, 4.5% of the control mean, while the ex-post MDE is 1.4 percentage points
for the LPM. The misalignment between ex-ante and ex-post MDE is attributable to higher
noise in the outcome, compared to that used in the design phase, where data from only two

schools were used.

The result on absences is robust to multiple hypotheses correction (¢ = 0.093). This cor-
rection represents a deviation from what was reported in the PAP in that it excludes two
primary outcomes, test scores, for which our study was underpowered since the start. Once

we include them, the result is not robust to the correction anymore (¢ = 0.131).

Table 3: Average treatment effect on primary outcomes

(1) (2) ®3) (4) () (6) )

Daily Italian Math Stz Mood  Aggressive
PMz.5 Absence Score Score Raven Score Scale Episodes
(LPM) P
Estimate -4.615***  -0.0103** -0.826 0.560 -0.028 0.048 0.029
(0.379)  (0.0049)  (6.264)  (4.479) (0.063) (0.045)  (0.034)
p-value <0.001 0.037 0.896 0.901 0.660 0.292 0.397
g-value [<0.001] [0.093] [0.660] [0.487] [0.497]
g-value (PAP) [<0.001] [0.131] [0.901] [0.901] [0.901] [0.682] [0.696]
N.Obs 3,456 620,145 700 710 1,808 1,651 1,770
N.Clusters 30 95 37 37 92 92 92
Control Mean 14.15 0.060 190.2 187.1 0.000 3.424 0.395
Control SD 12.25 0.238 49.69 38.20 0.998 0.772 0.489
ex-ante MDE 0.920 0.0030 12.920 9.930 0.690
ex-ante MDE %SD 0.075 0.013 0.260 0.260 0.130
ex-post MDE 1.061 0.014 17.539 12.540 0.176 0.126 0.097
ex-post MDE %SD 0.087 0.057 0.353 0.328 0.176 0.164 0.197

Notes: Column 1 is estimated with OLS on the subsample of monitored classrooms. Column 2 pools both school years
(202223 and 2023-24) and includes student, calendar date, strata-by-month, and strata-by-year fixed effects (where strata are
school X grade, the randomization stratification), with strata-by-treatment-group linear time trends to correct for differential
pre-treatment dynamics within randomization strata (see Appendix F); estimated with a Linear Probability Model (LPM).
Columns 3—4 (INVALSI) include gender, grade, and above-median pre-treatment absences as controls with school fixed effects,
as privacy restrictions prevent richer specifications. Columns 5-7 are estimated with OLS including strata and survey-wave
fixed effects. Standard errors are clustered at the classroom level. FDR-adjusted g-values (Benjamini et al., 2006) are reported
in brackets. Ex-ante MDE values are from the pre-analysis plan power calculations, where available. Ex-post MDE is computed
as 2.8 X SE, corresponding to 80% power at the 5% significance level. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table 4: Heterogeneous effects on school absences

(1) (2) ®3)

Pre-treatment Outdoor q lit
absences PMs 5 casonahty
Treat x Post —0.0035 —0.0149*** —0.0135**
(0.0045) (0.0054) (0.0053)
Treat X Post x Above median —0.0151* 0.0062*
(0.0080) (0.0032)
Treat x Post x Winter 0.0068*
(0.0035)
N.Obs 620,145 605,985 620,145
N.Clusters 95 95 95
Control Mean (M = 0) 0.039 0.061 0.065
Control Mean (M = 1) 0.081 0.056 0.050
Total TE (M = 0) —0.0035 —0.0149*** —0.0135**
(0.0045) (0.0054) (0.0053)
Total TE (M =1) —0.0186** —0.0087* —0.0068
(0.0079) (0.0050) (0.0050)
q-value [0.062] [0.062] [0.062]

Notes: The dependent variable is a binary indicator for daily absence. All columns are estimated with a Linear Probability
Model pooling school years 202223 and 2023-24, with student, calendar date, strata-by-month, and strata-by-year fixed effects
(where strata are school x grade), and strata-by-treatment-group linear time trends. Column 1 interacts the treatment effect
with an indicator for above-median pre-treatment absence rates. Column 2 interacts the treatment effect with an indicator
for above-median outdoor PMa 5 (seven-day lagged rolling average), and includes a post X above-median pollution interaction
to allow for differential post-treatment shifts by pollution level. Column 3 interacts the treatment with a winter indicator
(December 21 to March 20), and includes a post x winter interaction. All three heterogeneity dimensions follow the pre-
analysis plan. Bottom rows report the total treatment effect (TE) for each subgroup, with delta-method standard errors. FDR
g-values (Benjamini et al., 2006) are reported in brackets, computed across the three triple-interaction coefficients (the three
pre-specified heterogeneity dimensions). Standard errors are clustered at the classroom level. *** p < 0.01, ** p < 0.05,
* p < 0.10.

Table 4 examines heterogeneous treatment effects along three dimensions pre-specified in
the PAP: pre-treatment absence levels (above vs. below the median), outdoor air pollution
(above vs. below the preceding 7-day rolling average), and seasonality (Winter vs. Spring
and Fall months). To do so, we augment Equation 2 by interacting the treatment with a

binary moderator M:
Absent;y = By (Air Purifier, X Posty) + Po (Air Purifier. x Post, x M;)
+ (55(0),9(0) + Vs(c), g(c) Mz) 1+ /\z + )\t,Mi + Eict (3)

where ) captures the treatment effect for the reference group (M; = 0) and S5 the differential
treatment effect for the group of interest (M; = 1). The strata-by-treatment-group time
trends are fully interacted with M; (slope 7s(c)4(c)), and the subgroup-specific time fixed
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effects \; p7,—which include date, strata-by-month, and strata-by-year fixed effects estimated
separately for each M; group—absorb all differential time-varying patterns across subgroups,
including the post-period level shift Post; x M;. This fully interacted specification applies
to Column 1, where the moderator is time-invariant. For the time-varying moderators in
Columns 2 and 3, the specification retains a Post; x M; lower-order term but does not
interact fixed effects with M,.2°

Column 1 of Table 4 interacts the treatment with an indicator for above-median pre-
treatment absence rates, using the fully interacted specification of Equation 3. The treatment
effect is concentrated among high-absence students: the interaction term is —0.0151, signif-
icant at the 10% level (¢ = 0.062). The implied total treatment effect for above-median
students is —1.9 percentage points (p = 0.019), equivalent to 23% of their control mean of
8.1%. The treatment effect for below-median students is —0.4 percentage points, statistically

indistinguishable from zero (p = 0.44).

Appendix Table A.10 presents robustness using finer partitions. Under the split-sample spec-
ification, the effect is concentrated in the highest-absence quartile (—2.8 percentage points,
p = 0.026), with near-zero effects in the lower three quartiles. A continuous specification
yields a slope of —0.187 on Treatment x PreAbs (p < 0.001), implying that a 10 percentage
point increase in a student’s pre-treatment absence rate corresponds to an additional 1.9

percentage point reduction in their treatment effect.

We also examine heterogeneity by student characteristics (Appendix Table A.11 and A.12).
There is no evidence of differential effects by gender and grade. However, we find suggestive
evidence that the treatment is more effective for students with foreign citizenship, who tend
to have higher pre-treatment absence rates. The average number of pre-treatment absences

among Italian students is approximately 25% lower than that of foreign students.

The top panel of Figure 2 presents bimonthly dynamic treatment effects on absences.
The treatment effect is negative and statistically significant at the 5% level in November—
December 2023 and March—June 2024, but not during the peak winter months (January—
February 2024), when outdoor pollution levels are highest. Importantly, there is no evidence
of fade-out: the spring 2024 coefficients are at least as large as those in November—December

2023, suggesting that purifier effectiveness in reducing absences is sustained over the school

20The split-sample equivalence motivating Column 1 requires time-invariant group membership; with a
time-varying M;, the same student belongs to different groups on different days. In Column 3, the winter
indicator is a deterministic function of the calendar date, so A; ps, reduces mechanically to A;. In Column
2, the PMs 5 indicator is school-specific; interacting date fixed effects with it would absorb the cross-school
pollution variation that identifies the heterogeneous effect.
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Figure 2: Dynamic effects on absences

Notes: The top panel shows bimonthly dynamic treatment effects on daily absences with 95% confidence intervals, estimated
with a two-year LPM including student, calendar date, strata-by-month, and strata-by-year fixed effects. Strata-by-treatment-
group time trends are excluded from the event study to avoid collinearity between unit-specific trends and event-study leads
(Borusyak et al., 2024). The reference period is September—October 2023, and the dashed vertical line marks the start of
treatment (November 8, 2023). The bottom panel shows the seasonality of absences in the control group over the same
bimonthly bins, expressed as average absences per 100 control students. Standard errors are clustered at the classroom level.

year. The temporal variation in treatment effects instead tracks seasonal pollution patterns,
with the largest reductions occurring when outdoor concentrations are moderate and puri-
fiers can bring indoor levels closer to health-relevant thresholds. The bottom panel displays
the seasonality of absences in the control group, aggregated to the same bimonthly bins.
The seasonal pattern of treatment effects does not appear to result from seasonal trends in
absenteeism. The pre-treatment coefficients exhibit a slight upward drift, consistent with

the differential pre-treatment trends within randomization strata documented in Appendix
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F. This pattern motivates the strata-by-treatment-group time trends included in the level

estimates of Tables 3 and 4.2

Column 3 of Table 4 formalizes this pattern by interacting the treatment with a winter
indicator (December 21 to March 20), as pre-specified in the PAP. The treatment effect
outside winter is —1.4 percentage points, statistically significant at the 5% level, and is
approximately halved during winter months, leading to a non-significant effect (implied effect:
—0.7 percentage points, p = 0.173). The winter interaction is marginally significant at the
10% level.

Column 2 of Table 4 interacts the treatment with an indicator for above-median outdoor
PM, 5 levels, measured as the seven-day lagged rolling average, as pre-specified in the PAP.
Air purifiers significantly reduce absences on low-pollution days, with an implied effect of
—1.5 percentage points (p = 0.0029). The interaction term is positive and statistically
significant at the 10% level, indicating that the treatment effect is approximately halved on
high-pollution days (—0.87 percentage points, p = 0.082). Appendix Table A.13 presents a
finer quartile decomposition using both rolling PM, 5 averages and WHO daily exceedance
counts, confirming a monotonic attenuation: the treatment effect declines steadily from the
cleanest to the most polluted days, becoming statistically indistinguishable from zero in the

highest pollution quartile.

This pattern can reflect a concave dose-response relationship between air pollution and
health. While the purifiers reduce indoor PM, 5 by a stable 29-38% throughout the year
(Panel B of Table 2), the health gains from a given percentage reduction depend on where
students sit on the dose-response curve. On low-pollution days (outdoor PMy 5 ~ 9 ug/m?),
the purifier brings indoor concentrations well below WHO guidelines, effectively eliminating
harmful exposure during school hours. On high-pollution days (outdoor PM, 5 ~ 32 ug/m?),
the purifier reduces indoor levels from approximately 22 to 15 pug/m?, but students remain
exposed to concentrations near or above health-relevant thresholds for the full school day,

and are further exposed to unfiltered outdoor air during commutes and, potentially, at home.

A complementary explanation is that winter absences are disproportionately driven by in-
fluenza and other viral infections transmitted through close interpersonal contact, a channel

that air filtration does not address. Appendix Figure A.1 shows that control-group absence

21Strata-by-treatment-group time trends are excluded from the event study to avoid the collinearity be-
tween unit-specific trends and event-study leads identified by Borusyak et al. (2024). The dynamic treatment
effects depicted represent lower bounds, as they are not detrended.
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22 Because flu season and

peaks coincide with influenza-like illness incidence in Lombardy.
high-pollution season largely overlap in Milan’s climate (Figure 2), the two mechanisms are

difficult to disentangle.

A third possibility is that seasonal allergens explain the stronger spring effects. To test
this, we estimate heterogeneous treatment effects based on pollen concentration using a 10-
day rolling average. We find no evidence that purifier effectiveness varies with pollen levels

(Appendix Table A.14), reducing the likelihood that this channel drives the seasonal pattern.

4.3 Impact on cognitive performance and behavior

We test the intervention’s impact on cognitive performance and behavior using:

Yien = a+ BAir Purifiery, + v Xien + An + €ich (4)

Each endline outcome Y for student 7 in class ¢ and school h is regressed on a treatment
indicator and a vector of student characteristics X, including gender, citizenship, and grade,

along with school fixed effects ()\;).2> We cluster standard errors at the classroom level.?*

Models of test scores are estimated using data provided by INVALSI. In accordance with
institutional privacy rules, these data were further anonymized and could not be matched to
our full original dataset. Specifically, INVALSI data could only be linked to a dataset in which
individual units cannot be identified.?> As a result, the set of controls in the specification is

severely limited to gender, grade, and an indicator for above-median pre-treatment absences.

Columns 3-7 of Table 3 report treatment effects on Italian and mathematics standardized
test scores (INVALSI), cognitive skills (Raven), mood, and aggressive episodes. None of
these outcomes show statistically significant effects. For test scores, both ex-ante (0.26
SD) and ex-post MDEs (0.33-0.35 SD) are substantially larger than the 0.1-0.2 SD effects

22We use regional monthly data on average influenza-like-illness (ILI) among children aged 5-14 (Branda,
2024). The lack of more granular data, both in time and space, impedes the possibility to analyse heteroge-
neous effects, similarly to what we do below for pollens.

23The school index is denoted by A to avoid collision with s, which we reserve for the randomization
stratum (school x grade) introduced in equations 2 and 3.

24This specification represents a deviation from PAP, where we committed to using ANOVA for outcomes
measured in the survey. Our decision is driven by the very high attrition and non-responses over the two
waves which lead to sample reductions of 33-45% for some outcomes. While ex-post MDEs are similar in
the two specifications, we prefer reporting results on a broader sample, while presenting the ANOVA models
in Appendix Table A.15. Results are similar.

25This requires that each combination of categories appear at least three times in the dataset to be linked.
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typically found in the literature (Gilraine, 2023; Bharti et al., 2025). The study is therefore
underpowered and uninformative with respect to test score impacts. The imprecision of
the test score estimates reflects the limited INVALSI sample: only second- and fifth-grade
students take the national exam, reducing the effective sample to approximately 700 students

in 37 classrooms.?¢

For the Raven score, both ex-ante (0.13 SD) and ex-post MDEs (0.18 SD) fall within the
range of effects reported in the literature (e.g., Bharti et al. (2025)), indicating that the

study is sufficiently powered to rule out effects of that magnitude.

Similarly, mood and aggressive episodes exhibit relatively small MDEs (0.16-0.2 SD), yet no
statistically significant effects are detected. This suggests that moderate treatment effects

on these outcomes can be ruled out.

4.4 Impact on self-reported health symptoms, perceptions, pref-

erences, and adaptive behaviors

We assess the intervention’s impact on self-reported health symptoms, perceptions of air
quality in different environments, and preferences for various urban policies using the same

model in 4 estimated via OLS.?”

Panel A of Table 5 reports the estimated effects on self-reported health symptoms. We
observe negative treatment effects for respiratory-related symptoms, with statistically signif-
icant reductions in the incidence of runny nose and blocked nose at the 10% level. The effect
sizes for these symptoms range from 4.6 to 5.9 p.p., indicating decreases of approximately
9% and 11% relative to the control group mean. Columns 6 to 8 show no significant effects
for general or non-respiratory symptoms.?® These results provide suggestive evidence that

the treatment operates through improvements in respiratory health.

26Grade retention is also uninformative in this context. Italian primary schools have near-universal pro-
motion: legislation requires that students be admitted to the next class even when learning levels are only
partially achieved, with retention permitted only in exceptional and unanimously agreed cases (Italian Re-
public, 2017). Ttaly’s primary completion rate exceeds 98% (World Bank, 2023).

270Once again, the model represents a deviation from the PAP where we committed to use ANOVA. ANOVA
results controlling for baseline outcomes are shown in Appendix Table A.16. Findings are qualitatively
similar, despite a 33-45% reduction in sample size due to cross-wave attrition and non-response. In particular,
the estimated effect on the “runny nose” symptom is consistent in both magnitude and precision, the effect on
“blocked nose” declines and becomes statistically insignificant, while the effect on “stomach ache” increases
and becomes statistically significant.

28Prior work has documented associations between PMs 5 exposure and headache incidence, particularly
for migraine (Portt et al., 2023). The null result in our sample may reflect limited statistical power for
individual symptom-level effects.
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Table 5: Impact on Self-Reported Health Symptoms, Perceptions, and Preferences

Panel A: Impact on Self-Reported Health

(1) (2) ®3) (4) (®) (6) (7) (8)

Symptoms

Runny nose Blocked nose Sneezing Cough Short breath Tiredness Headache Stomachache

Estimate -0.059* -0.046* -0.035  -0.023 0.026 0.010 0.002 0.013
(0.031) (0.026) (0.026)  (0.033) (0.031) (0.029)  (0.026) (0.026)
N.Obs 1,589 1,597 1,587 1,621 1,555 1,570 1,571 1,574
N.Clusters 89 89 89 89 89 89 89 89
Control Mean 0.532 0.569 0.664  0.576 0.259 0.646 0.452 0.403
Control SD 0.499 0.496 0473  0.494 0.438 0.479 0.498 0.491
Ex-post MDE 0.087 0.073 0.072  0.093 0.087 0.081 0.074 0.073

Panel B: Impact on Perceptions and Preferences

(1) (2) () (4) (5) (6) (7) (8) )

Air Quality Perception Urban Policy Priorities

City Green Sport Air Less

General City Class Schoolyard cleaning playgrounds infrastructure quality  traffic

Estimate 0.102 -0.036  0.154%** -0.015 0.065 0.100 0.007 0.132*%*  -0.010

(0.080) (0.082) (0.070) (0.075) (0.046) (0.069) (0.071) (0.053)  (0.059)

N.Obs 1,715 1,742 1,733 1,725 1,729 1,720 1,704 1,716 1,695
N.Clusters 92 92 92 92 92 92 92 92 92

Control Mean 2.978 2.559 3.109 3.360 3.509 3.280 3.088 3.456 3.158

Control SD 0.880 0.983 0.793 0.808 0.871 0.980 1.074 0.977 1.014

Ex-post MDE 0.223 0.229 0.196 0.209 0.128 0.192 0.200 0.148 0.165

Notes: Panel A reports OLS estimates of the treatment effect on self-reported health symptoms. The dependent variables
equal one if the student reported the symptom at least some time over the previous week and zero otherwise. Panel B presents
estimates of the impact on perceptions and policy preferences using OLS. The first four columns report an air quality perception
index (scored from 1 (very bad) to 4 (very good)), and the next five columns report a policy priority score on urban issues
(scored from 1 (not important at all) to 4 (very important)). Models control for gender and foreign nationality and include grade
and school fixed effects; standard errors are clustered at the treatment (classroom) level. Sample sizes vary across symptom
outcomes due to item-level non-response in the endline survey. Significance levels: *** p<0.01, ** p<0.05, and * p<0.1.
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We investigate how classroom air purifiers affect students’ perceptions of air quality in dif-
ferent environments. Panel B of Table 5 shows that students in treated classrooms report
significantly higher perceptions of air quality than students in control classrooms. In contrast,
we find no significant differences in perceptions of overall city air quality or the schoolyard
(Columns 1-4). Moreover, the treatment significantly increased priority scores for green
policies, including city cleaning, green playgrounds, and air quality. However, the effect is

statistically significant only for air quality (Columns 5-9).

However, one limitation is the potential for experimenter demand effects—treated students
may feel pressured to report symptoms, perceptions, and preferences that align with the
perceived goals of the intervention. Additionally, the physical presence of purifiers may
prime students’ responses. To support the validity of self-reported health measures, we
examine their correlation with pre-treatment absences. We find a positive and borderline
statistically significant (at 10% level) relationship between baseline reports of runny nose
and pre-treatment absences (Appendix Table A.20). Notably, this symptom coincides with
that for which we observe significant treatment effects in Table 5, lending credibility to
the self-reported outcome. This finding also has policy implications: students who report
respiratory symptoms at baseline are both more likely to be absent and more likely to benefit
from improved air quality. Air purifiers may therefore be especially valuable in schools or
classrooms with high prevalence of respiratory conditions, offering a targeted rationale for

deployment in areas with elevated pollution or allergy burden.

Parents were not informed about the intervention and did not receive the survey, which
was administered to students in the classroom. We cannot rule out that children in treated
classrooms communicated about the purifiers to their families, potentially triggering home air
quality investments. To the extent that such responses occurred, our estimates would capture
the total effect of the school-based intervention, including any induced private behavioral

changes.

Changes in classroom air quality perception may prompt behavioral adaptations. Students
and teachers in treated classrooms might modify ventilation practices, such as reducing the
frequency of window openings, or alter decisions about classroom occupancy. These behav-
ioral responses could compromise the study’s identification strategy if they correlate with
treatment status, leading to conflated treatment effect estimates that mix the direct im-
pact of purifiers with the effects of behavioral adaptation. To assess potential behavioral
adaptation, we compare average daily levels of indoor C'O,, temperature, and estimated

window-opening events between treatment and control classrooms, using a specification sim-
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ilar to Equation 1. These variables depend on student density, class duration, and ventilation
frequency. As shown in Panel A of Table 2 (Columns 4-6), we observe no significant dif-
ferences in these environmental measures between the treatment and control groups. Since
window-opening behavior may vary seasonally, we also test whether treatment affects venti-
lation patterns across seasons. We find no significant relationship between treatment status

and window-opening frequency, either overall or by season (Appendix D).

5 Discussion

Cost-effectiveness We assess the cost-effectiveness of our intervention by calculating the
cost per avoided student absence. The intervention’s total cost is approximately €2,910
per purifier over a 10-year lifespan, which includes purchase, installation, maintenance, and
energy use.?’ In a typical classroom with 21.6 students, this results in an annual cost of
about €14.18 per student.?® Since the intervention reduces absences by approximately 2.06
days per student per year, the estimated cost per avoided absence day is €6.88. Assuming
a shorter purifier’s lifetime of 5 years, the figure increases to €13.77. The manufacturer
provides a three-year warranty and recommends filter replacement every three years. All 42
purifiers installed in November 2023 remain fully operational as of 2026. Chowdhury et al.
(2026), Ruiz-Tagle et al. (2024), and Kremer et al. (2025) use cheaper air purifiers with
HEPA filters and lower CADR, bringing down the yearly cost per student to €2.86.

In high-income contexts, interventions designed to reduce absenteeism among at-risk stu-
dents often include mentorship programs and behaviorally informed attendance reports sent
to parents (Rogers and Feller, 2018; Heppen et al., 2018; Robinson et al., 2018; Bergman,
2021; Guryan et al., 2021). In lower-income settings, deworming is considered one of the
most cost-effective strategies for improving both attendance and academic outcomes (Miguel
and Kremer, 2004). The cost per additional day of attendance varies widely across inter-
ventions—from approximately €7.10 for deworming to €9-15 for behavioral interventions
that reduce information frictions, and over €580 for hiring dedicated support staff.3! Our

intervention falls at the lower end of this cost range. Additionally, unlike information-based

29This includes a bulk purchase price of €2,000, three replacement filters at €250 each (every 3 years),
and approximately €314 in electricity costs. The latter is based on manufacturer data: assuming 14 hours
of operation per school day at speed 3 (56 W), over 200 school days per year and 10 years, total consumption
is 1,568 kWh. At an electricity price of €0.20/kWh, this corresponds to a total cost of about €314.

30The average class size in primary education in OECD countries is 20.6 (OECD, 2025).

310riginal cost values were converted to euros and adjusted for inflation to ensure comparability in 2024.
It is expected that traditional interventions, although more expensive, provide other benefits aside from just
avoided absences.
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treatments, air purifiers are likely to produce lasting effects without behavioral mean rever-

sion or externalities.

We calculate the benefits of avoided health-related school absences, considering only two im-
mediate costs: healthcare and childcare expenditure. To be conservative, we do not consider
the potential direct and indirect benefits of improved air quality and avoided absences on
academic performance and long-term human capital (Liu et al., 2021; Cattan et al., 2022;
Goodman, 2014). Federici et al. (2018) estimate the healthcare cost of a single school day
missed due to influenza-related illness in Italy at approximately €73. Assuming 8 hours of
childcare at the nationally contracted minimum salary for childcare of €7.10 (Ministero del
Lavoro e delle Politiche Sociali, 2025), the total daily cost, ignoring lost parental produc-
tivity, is €130. Based on this conservative estimate, the benefit-cost ratio ranges between
9.5 and 19 for purifier lifetimes of 5 and 10 years, respectively, when considering only the

immediate economic costs of absenteeism.

This estimate should be interpreted as an upper bound on the benefit-cost ratio. The
per-absence benefit of €130 is calibrated to influenza-related illness, which typically involves
physician visits and multi-day recovery. The marginal absence prevented by air purifiers may
involve milder respiratory symptoms with lower healthcare utilization. Moreover, students
who attend school thanks to improved air quality may still experience residual symptoms
that reduce their engagement, an effect our binary attendance measure cannot capture. That
said, the cost-effectiveness results remain robust to substantial downward adjustments. Even
when considering only childcare costs and excluding healthcare benefits, the benefit—cost

ratio remains between 4.1 and 8.3 (for 5- and 10-year purifier lifetimes, respectively).

Results discussion Air purifiers reduce indoor air pollution by 33% on average and by
18% during school hours. These effects are large relative to the existing literature. Com-
parable studies report reductions of 6-8% in settings with similar outdoor pollution levels
(Kremer et al., 2025) and around 20% in more polluted environments (Bharti et al., 2025).
The relatively large effect in our context is likely driven by the higher filtration capacity of

the devices installed.

We find that purifiers reduce absenteeism by approximately 17%, corresponding to 2.1 fewer
missed school days per student per year. This effect is economically meaningful and com-
pares favorably with prior evidence exploiting variation in outdoor pollution. For example,
Komisarow and Pakhtigian (2022) document a reduction of 0.66 days following coal plant
closures in Chicago. Chen et al. (2018) show that a 10-unit increase in the Air Quality
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Index increases absence rates by 2.31% of the daily mean in China. In Texas, Currie et al.
(2009) find that high levels of carbon monoxide reduce school attendance. Persico and Ve-
nator (2019) and Heissel et al. (2022) report reductions of 0.6 and 0.82 annual absences,

respectively, following changes in local pollution exposure.

Treatment effects are concentrated among students with higher pre-treatment absence rates,
consistent with evidence that the burden of air pollution is heterogeneous (Liu and Salvo,
2018). This pattern may reflect larger health gains among more vulnerable students or
differential behavioral responses by households. For instance, families with more health-
sensitive children may be more likely to respond to symptoms by keeping them at home.
While our design does not allow us to disentangle these mechanisms, the evidence on the
reduction in reported respiratory symptoms suggests that improved health is a primary
channel (Currie et al., 2009; Mendoza et al., 2020).

We find no statistically significant effects on cognitive outcomes or behavior. Although the
study is underpowered to detect effects on academic performance, it is sufficiently powered
to rule out moderate effects on fluid intelligence and aggressive behavior. In particular, we
can rule out effect sizes comparable to those reported in Bharti et al. (2025). Nevertheless,
the absenteeism channel alone carries substantial economic relevance, as missed school days
generate immediate costs and have long-term consequences for human capital formation (Liu
et al., 2021; Cattan et al., 2022; Goodman, 2014).

Finally, treatment effects vary with ambient pollution levels. The impact on absenteeism is
larger when outdoor pollution is relatively low and attenuates as pollution intensifies. This
pattern is consistent with concave concentration—response relationships between PMs 5 expo-
sure and health (Pope III et al., 2015; Nasari et al., 2016; Corrigan et al., 2018; Weichenthal
et al., 2022), and with experimental evidence showing limited health gains when pollution
reductions occur at very high baseline exposure levels (Berkouwer and Dean, 2026; Miller
et al., 2024). In high-pollution environments, the reductions achieved by purifiers may be

insufficient to bring exposure below harmful thresholds, limiting their effectiveness.

6 Conclusion

In this paper, we evaluate the impact of installing portable air purifiers in schools. The
study occurs in a developed region characterized by moderate ambient pollution and stan-

dard school infrastructure. Our findings indicate that air purifiers effectively lower indoor
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pollution and decrease student absenteeism, especially among the most vulnerable students.

The intervention is cost-effective and straightforward to deploy.

The effects on absences are most pronounced during periods of moderate outdoor pollu-
tion. During high-pollution episodes, the reduction in PM, 5 achieved by purifiers could
be insufficient, as students remain exposed to elevated pollution levels both indoors and
outdoors. Although our study is not well-suited to fully test this mechanism, the results
suggest that in areas with severe air pollution, purifiers alone may have limited impacts on
health outcomes and absenteeism. Improving indoor air quality in such settings may require
reducing infiltration through better building infrastructure or increasing the capacity and
operating intensity of purifiers. More broadly, air purifiers should complement—mnot substi-
tute for—policies aimed at reducing emissions, raising awareness, and encouraging adaptive

behaviors.
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A Additional tables and figures

Table A.1: Survey attrition and missing values at the baseline

(1) (2) ®3) (4) ()

Obs Control Difference
Variable Mean (SD) Diff. (SE)
Surveyed in wave 1 2,051 0.888 0.315 —0.006 0.057
Missing values conditional on participation
Cognitive and behavioral
Raven score (standardized) 1,822 0.069 0.253 0.006 0.015
Mood scale 1,822 0.191 0.393 —0.034 0.026
Aggressive episodes 1,822 0.108 0.311 —0.007 0.020
Health symptoms
Runny nose 1,822 0.223 0.417 —0.040 0.038
Blocked nose 1,822 0.228 0.420 —0.035 0.041
Sneezing 1,822 0.225 0.418 —0.019 0.041
Cough 1,822 0.232 0.422 —0.039 0.040
Short of breath 1,822 0.265 0.441 —0.039 0.043
Tiredness 1,822 0.257 0.437 —0.049 0.044
Headache 1,822 0.244 0.430 —0.030 0.043
Stomach ache 1,822 0.259 0.438 —0.043 0.043
Air quality perceptions
Overall 1,822 0.149 0.356 —0.007 0.026
City 1,822 0.145 0.352 0.006 0.025
Classroom 1,822 0.150 0.357 —0.004 0.027
Schoolyard 1,822 0.153 0.360 —0.008 0.027
Urban policy priorities
City cleaning 1,822 0.153 0.360 —0.020 0.027
Green areas and playgrounds 1,822 0.161 0.368 —0.016 0.026
Sport infrastructure 1,822 0.169 0.375 —0.016 0.026
Air quality 1,822 0.159 0.366 —0.007 0.026
Less traffic 1,822 0.177 0.382 —0.020 0.030

Notes: The table presents the probability of participating in the baseline survey (first row) and the probability of non-
response for each question conditional on participation. Columns 2—-3 report the mean and standard deviation in the control
group. Columns 4-5 report the difference between treatment and control with school fixed effects; standard errors are clustered
at the classroom level. Significance levels: *** p<0.01, ** p<0.05, and * p<O0.1.
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Table A.2: Survey attrition and missing values at the endline

(1) (2) ®3) (4) (5)

Obs Control Difference
Variable Mean (SD) Diff. (SE)
Surveyed in wave 2 2,051 0.876 0.330 0.024 0.034
Missing values conditional on participation
Academic performance
Italian test score 858 0.202 0.402 —0.043 0.043
Math test score 858 0.193 0.395 —0.043 0.044
Cognitive and behavioral
Raven score (standardized) 1,815 0.003 0.055 0.002 0.003
Mood scale 1,815 0.090 0.286 0.001 0.019
Aggressive episodes 1,815 0.025 0.156 0.000 0.007
Health symptoms
Runny nose 1,815 0.132 0.338 —0.018 0.034
Blocked nose 1,815 0.128 0.334 —0.020 0.035
Sneezing 1,815 0.139 0.346 —0.032 0.034
Cough 1,815 0.124 0.329 —0.042 0.034
Short of breath 1,815 0.155 0.362 —0.028 0.036
Tiredness 1,815 0.152 0.359 —0.041 0.036
Headache 1,815 0.155 0.362 —0.048 0.037
Stomach ache 1,815 0.151 0.358 —0.043 0.036
Air quality perceptions
Overall 1,815 0.052 0.222 0.008 0.016
City 1,815 0.040 0.196 0.003 0.013
Classroom 1,815 0.042 0.200 0.009 0.015
Schoolyard 1,815 0.049 0.216 0.002 0.015
Urban policy priorities
City cleaning 1,815 0.048 0.214 —0.002 0.012
Green areas and playgrounds 1,815 0.049 0.216 0.007 0.015
Sport infrastructure 1,815 0.065 0.246 —0.009 0.015
Air quality 1,815 0.056 0.230 —0.004 0.014
Less traffic 1,815 0.063 0.243 0.007 0.018

Notes: The table presents the probability of participating in the endline survey (first row) and the probability of non-response
for each question conditional on participation. Columns 2-3 report the mean and standard deviation in the control group.
Columns 4-5 report the difference between treatment and control with school fixed effects; standard errors are clustered at the
classroom level. Significance levels: *** p<0.01, ** p<0.05, and * p<0.1.
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Table A.3: Survey attrition and missing values at both waves

(1) (2) (3) (4) (5)
Obs Control Difference
Variable Mean (SD) Diff. (SE)
Surveyed in both waves 2,051 0.798 0.402 0.023 0.057
Missing values conditional on participation
Cognitive and behavioral
Raven score (standardized) 1,662 0.068 0.252 —0.002 0.016
Mood scale 1,662 0.250 0.433 —0.036 0.035
Aggressive episodes 1,662 0.126 0.332 —0.015 0.022
Health symptoms
Runny nose 1,662 0.312 0.464 —0.052 0.043
Blocked nose 1,662 0.321 0.467 —0.064 0.047
Sneezing 1,662 0.326 0.469 —0.063 0.046
Cough 1,662 0.320 0.467 —0.083* 0.045
Short of breath 1,662 0.364 0.481 —0.064 0.047
Tiredness 1,662 0.356 0.479 —0.086* 0.049
Headache 1,662 0.344 0.475 —0.071 0.049
Stomach ache 1,662 0.352 0.478 —0.075 0.048
Air quality perceptions
Overall 1,662 0.183 0.387 —0.011 0.031
City 1,662 0.169 0.375 —0.001 0.028
Classroom 1,662 0.176 0.381 —0.012 0.031
Schoolyard 1,662 0.176 0.381 —0.013 0.030
Urban policy priorities
City cleaning 1,662 0.181 0.385 —0.026 0.029
Green areas and playgrounds 1,662 0.193 0.395 —0.016 0.029
Sport infrastructure 1,662 0.210 0.408 —0.028 0.030
Air quality 1,662 0.197 0.398 —0.017 0.030
Less traffic 1,662 0.212 0.409 —0.019 0.034

Notes: The table presents the probability of participating in both survey waves (first row) and the probability of non-response
for each question in either wave, conditional on participation. Columns 2-3 report the mean and standard deviation in the
control group. Columns 4-5 report the difference between treatment and control with school fixed effects; standard errors are
clustered at the classroom level. Significance levels: *** p<0.01, ** p<0.05, and * p<0.1.
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Table A.4: School demographics and student performance indicators

(1) (2) ®3) (4)

Variable Sample Province Region Country
Academic performance (INVALSI)
Italian test (grade 2) 187.4 194.0 194.6 194.7
(55.8) (47.8) (47.6) (46.0)
Math test (grade 2) 186.0 195.7 195.7 193.8
(41.0) (42.9) (42.4) (44.6)
Italian test (grade 5) 190.7 198.1 197.9 194.9
(41.6) (38.0) (37.6) (39.8)
Math test (grade 5) 187.7 196.6 196.1 193.9
(35.3) (37.1) (37.1) (39.1)
Demographics
Students per class 21.6 19.8 18.7 17.0
(2.5) (1.9) (3.2) (3.8)
Share female 0.47 0.48 0.48 0.48
(0.50) (0.04) (0.05) (0.06)
Share non-Italian 0.38 0.26 0.21 0.14
(0.49) (0.18) (0.15) (0.13)

Notes: Mean and standard deviation (in parentheses) of school-level demographics and student performance indicators for
the 2023-24 school year. Column 1 reports sample averages across the five study schools. Columns 2-4 report averages for the
province of Milan, the Lombardy region, and Italy. Student performance is measured using INVALSI standardized test scores
in Italian and mathematics for grades 2 and 5. Demographic indicators include average class size and school-level shares of
female and non-Italian students. Standard deviations in Column 1 are computed across students (demographics) or test-takers
(INVALSI); in Columns 2-4 they are computed across schools.

Table A.5: Average treatment effects on indoor air pollution, controlling for temperature
and humidity

(1) (2) ®3)

PMs 5 PMio (e]6)
Estimate —4.550*** —4.706*** —0.201
(0.337) (0.360) (0.204)
Temperature —1.084*** —1.017*** 0.003
(0.193) (0.200) (0.085)
Rel. Humidity —0.188 —0.126 0.006
(0.111) (0.118) (0.043)
N.Obs 3,456 3,456 3,456
Control Mean 14.15 14.85 1.31

Notes: This table replicates the pollution results from Panel A of Table 2 (Columns 1-3), adding indoor air temperature and
relative humidity as controls. All models include calendar date, strata-by-weekday, and strata-by-month fixed effects (where
strata are school x grade, the randomization stratification, consistent with Panel A of Table 2). The sample is restricted to
school days, matching Panel A of Table 2. Standard errors are clustered at the classroom level. *** p < 0.01, ** p < 0.05,
* p < 0.10.
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Table A.6: Robustness of Panel A treatment effects to alternative inference methods

(1) (2) ®3) (4) (5)

PMos 5 PMig CO COq Temp.
Estimate —4.615 —4.715 —0.195 31.017 —0.120
Clustered SE (0.379)**  (0.403)**  (0.217)  (54.376)  (0.132)
Wild cluster bootstrap SE (0.959)*** (0.976)*** (0.207) (51.635) (0.126)
Randomization SE (L417)*  (1464)=*  (0.321)  (76.579)  (0.198)
N. Obs 3,456 3,456 3,456 3,456 3,456
N. Clusters 30 30 30 30 30

Notes: This table reports point estimates and standard errors from three inference approaches for the average treatment effects
on indoor environmental variables in Panel A of Table 2: conventional standard errors clustered at the classroom level; the wild
cluster restricted bootstrap of Cameron et al. (2008) with Webb 6-point weights and B = 9,999 replications; and randomization
inference via cluster-level permutation of treatment status across the 30 monitored classrooms (B = 9,999 draws). Significance
stars correspond to the inference method in each row. All specifications include calendar date, strata-by-weekday, and strata-
by-month fixed effects (strata = school x grade), and are estimated on school days. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.7: Treatment effects on indoor environmental variables: robustness to sample
restrictions

(1) (2) (3) (4) (5)
PMa 5 PMjio cO COo Temp.

Panel A: School hours vs. non-school hours (school days only)

School hours (8am—5pm,)

Estimate —2.530*** —2.630*** —0.194 71.138 —0.188
(0.327) (0.375) (0.221)  (73.945)  (0.216)
N.Obs 3,451 3,451 3,451 3,451 3,451
Control Mean 14.15 15.35 1.35 1159.2 21.80
Rel. Change % —-17.9 —17.1 —14.4 6.1 —-0.9
Non-school hours (5pm-8am)
Estimate —5.941%** —6.043*** —0.222 —3.745 —-0.077
(0.447) (0.467) (0.212)  (43.035)  (0.100)
N.Obs 3,446 3,446 3,446 3,446 3,446
Control Mean 14.17 14.56 1.28 592.0 20.47
Rel. Change % —41.9 —41.5 —-17.3 —0.6 —0.4

Panel B: School days vs. non-school days (24-hour averages)

School days

Estimate —4.615*** —4.715*** —0.195 31.017 —0.120
(0.379) (0.403) (0.217)  (54.376)  (0.132)
N.Obs 3,456 3,456 3,456 3,456 3,456
Control Mean 14.15 14.85 1.31 805.9 20.97
Rel. Change % —32.6 —31.8 ~15.0 3.8 ~0.6
Non-school days (weekends and holidays)
Estimate —3.536*** —3.533*** —0.236 —40.971 —0.259
(0.421) (0.429) (0.216)  (40.621)  (0.160)
N.Obs 2,062 2,062 2,062 2,062 2,062
Control Mean 10.18 10.26 1.27 494.4 18.93
Rel. Change % —34.7 —34.4 —18.6 —8.3 —-14

Notes: Panel A compares treatment effects during school hours (8am—-5pm) and non-school hours (5pm-8am) on school days,
using hourly sensor data aggregated to classroom-day-period averages. Panel B compares treatment effects on school days (24-
hour averages, matching the main specification in Table 2) and non-school days (weekends and holidays). All models include
calendar date, strata-by-weekday, and strata-by-month fixed effects (strata = school x grade, consistent with Panel A of Table
2). Standard errors are clustered at the classroom level. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.8: Treatment effect on absences: robustness to alternative estimators

(1) (2) (3) (4)

LPM Probit Logit Poisson
Estimate —0.0103** —0.1030** —0.2167** —0.1920**

(0.0049) (0.0485) (0.1027) (0.0931)
p-value 0.037 0.034 0.035 0.039
Marginal effect —0.0103 —0.0112 —0.0116
Effect (%) -17.0 —18.6 —19.3 —-17.5
N.Obs 620,145 615,127 615,127 29,080
N.Clusters 95 95 95 95
Control Mean 0.060 0.060 0.060 1.29

Notes: All models pool school years 2022-23 and 2023-24 with the main specification: student (Columns 1-3) or classroom
(Column 4) fixed effects, calendar date, strata-by-month, and strata-by-year fixed effects (where strata are school x grade),
and strata-by-treatment-group linear time trends. Columns 1-3 are estimated at the student-day level with a binary absence
indicator. Column 4 is a Poisson count model at the classroom-day level with the log number of students as an offset. Marginal
effects for Probit and Logit are computed as the average of individual marginal effects. The effect (%) row expresses the estimate

relative to the control mean (Columns 1-3) or as (exp(8) — 1) x 100 (Column 4). Standard errors are clustered at the classroom
level. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.9: Treatment effects on primary outcomes: robustness to alternative inference

methods
1) (2) (3) (4) (5) (6) (7
Daily . .
Italian ~ Math Stz Mood  Aggressive
PMs.5 Absence Score Score  Raven Score Scale Episodes
(LPM) P
Estimate —4.615 —0.0103 —0.826  0.560 —0.0277 0.0478 0.0293
Clustered SE (0.379)***  (0.0049)**  (6.264) (4.479)  (0.0628)  (0.0451)  (0.0345)
Wild cluster bootstrap SE ~ (0.959)***  (0.0050)*  (6.225) (4.402) (0.0625) (0.0447) (0.0348)
Randomization SE (1.417)***  (0.0046)**  (6.103) (4.761) (0.0571) (0.0476) (0.0328)
N. Obs 3,456 620,145 701 711 1,808 1,651 1,770
N. Clusters 30 95 37 37 92 92 92

Notes: This table reports point estimates and standard errors from three inference approaches for the average treatment effects
in Table 3: conventional standard errors clustered at the classroom level; the wild cluster restricted bootstrap of Cameron et al.
(2008) with Webb 6-point weights; and randomization inference via permutation of treatment status within randomization
strata (school x grade). The bootstrap and randomization-inference use B = 9,999 replications for the cross-sectional outcomes
in columns 1 and 3-7, and B = 999 replications for the linear probability model of daily absences in column 2, where the
per-replication cost (large panel, strata-by-period fixed effects, and strata-by-treatment-group time trends) precludes a larger
number of draws. Significance stars correspond to the inference method in each row. Specifications match those of Table 3.

% p <0.01, ** p < 0.05, * p<0.10.
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Table A.10: Heterogeneous treatment effects on absences by pre-treatment absences:
robustness to different operationalizations of the moderator

(1) (2) ®3) (4) (5)

Pre-treatment absence quartiles (split-sample) — Continuous

Q1 Q2 Q3 Q4

Quartile regressions (Cols. 1-4):
Total TE (Treatment) —-0.0017 —0.0013 —0.0066 —0.0280**
(0.0049)  (0.0073)  (0.0070)  (0.0126)

Continuous regression (Col. 5):

Treatment (base, PreAbs= 0) 0.0015
(0.0052)
Tr x PreAbs —0.1872%**
(0.0584)
Post x PreAbs —0.4019***
(0.0336)
N.Obs 143,059 157,883 158,725 160,478 620,145
N.Clusters 93 94 94 91 95
Pre-abs rate (group mean) 0.008 0.033 0.060 0.132 —

Notes: The dependent variable is a binary indicator for daily absence, estimated with a Linear Probability Model pooling
school years 2022-23 and 2023-24. Cols. 14 report separate split-sample treatment effect estimates for each pre-treatment
absence quartile, using the fully interacted specification of Column 1 of Table 4: calendar date, strata-by-month, and strata-by-
year fixed effects and strata-by-treatment-group linear time trends are all estimated separately within each quartile. Quartile
membership is defined at the student level (time-invariant) using the same seed as Table 4. Col. 5 uses a pooled regression with
the continuous pre-treatment absence rate interacted with treatment; a lower-order term Post X PreAbs is included because the
continuous moderator has within-date student-level variation and is therefore identified (see footnote to Equation 3). Standard
errors are clustered at the classroom level. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.11: Heterogeneous treatment effects on absences by student characteristics

(1 2) (3) (4)
Gender Clitizenship
Male TrxFemale Ttalian TrxForeign
Estimate —0.0102** —0.0000 —0.0063 —0.0100*
(0.0050) (0.0044) (0.0050) (0.0053)
N.Obs 620,145 620,145 620,145 620,145
N.Clusters 95 95 95 95
Control Mean (M = 0) 0.060 0.056
Control Mean (M = 1) 0.058 0.063
Total TE (M = 0) —0.0102** —0.0063
(0.0050) (0.0050)
Total TE (M =1) —0.0103* —0.0163***
(0.0057) (0.0062)

Notes: The dependent variable is a binary indicator for daily absence. All models are estimated with a Linear Probability
Model pooling school years 202223 and 2023-24, with student, calendar date, strata-by-month, and strata-by-year fixed effects
(where strata are school x grade), and strata-by-treatment-group linear time trends. Columns 1-2 interact the treatment with
an indicator for female students (male is the reference). Columns 3-4 interact the treatment with an indicator for foreign
citizenship (Italian is the reference). Stars on interaction terms test whether the treatment effect differs across subgroups, not
whether it differs from zero; the “Implied effect” rows report the total treatment effect for each subgroup. Standard errors are

clustered at the classroom level. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.12: Heterogeneous treatment effects on absences by grade

(1 2) 3) (4) ()

Grade 1 TrxG2 TrxG3 TrxG4 TrxG5
Treatment —0.0136**
(0.0061)
Tr x Grade —0.0134 0.0089 0.0175 0.0035
(0.0099) (0.0107)  (0.0118) (0.0109)
N.Obs 620,145 620,145 620,145 620,145 620,145
N.Clusters 95 95 95 95 95
Control Mean 0.058 0.070 0.053 0.058 0.056
Total TE —0.0136**  —0.0270***  —0.0047 0.0039 —0.0101
(0.0061) (0.0083) (0.0091)  (0.0104) (0.0096)

Notes: The dependent variable is a binary indicator for daily absence. The model is estimated with a Linear Probability
Model pooling school years 2022—-23 and 2023—24, with student, calendar date, strata-by-month, and strata-by-year fixed effects
(where strata are school x grade), and strata-by-treatment-group linear time trends. The specification interacts the treatment
indicator with grade dummies, using grade 1 as the reference category; Trx Gk reports the differential treatment effect for
grade k relative to grade 1. The “Total TE” rows report the total treatment effect for each grade computed via the delta
method, with corresponding standard errors. Standard errors are clustered at the classroom level. *** p < 0.01, ** p < 0.05,
* p < 0.10.
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Table A.13: Heterogeneous treatment effects on absences by outdoor air pollution

(quartile splits)

(1) (2) (3) (4) (5) (6) (7) (8)
7-day rolling average of PMa 5 WHO exceedances in last 7 days

Q1 TrxQ2 TrxQ3 TrxQ4 Q1 TrxQ2 TrxQ3 TrxQ4
Estimate —0.0182*** 0.0050 0.0037 0.0126***  —0.0180*** 0.0051 0.0050 0.0117**
(0.0056) (0.0038) (0.0041) (0.0044) (0.0059) (0.0039) (0.0040) (0.0048)
N.Obs 605,985 605,985 605,985 605,985 605,985 605,985 605,985 605,985

N.Clusters 95 95 95 95 95 95 95 95

Control Mean 0.060 0.062 0.061 0.053 0.061 0.060 0.062 0.054

Total TE —0.0182***  —0.0132**  —0.0146*** —0.0056 —0.0180***  —0.0129**  —0.0130** —0.0063
(0.0056) (0.0057) (0.0056) (0.0051) (0.0059) (0.0056) (0.0053) (0.0056)

Notes: The dependent variable is a binary indicator for daily absence. All models are estimated with a Linear Probability Model
pooling school years 2022—-23 and 2023-24, with student, calendar date, strata-by-month, and strata-by-year fixed effects (where
strata are school X grade), and strata-by-treatment-group linear time trends. Columns 1-4 interact the treatment indicator
with quartiles of the 7-day lagged rolling average of outdoor PMs 5. Columns 5-8 interact the treatment with quartiles of the
7-day rolling sum of days with outdoor PMa. 5 exceeding the WHO daily threshold (15 pg/m3). Q1 (lowest pollution) is the
reference category. Both specifications include quartile-by-post interactions to allow for differential post-treatment shifts by
pollution level. The bottom row reports the total treatment effect for each quartile (Q1 coefficient plus the interaction), with
delta-method standard errors. Standard errors are clustered at the classroom level. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.14: Heterogeneous treatment effects on absences by outdoor pollen concentration

(1) @) 3) @
Q1 TrxQ2 TrxQ3 Trx Q4
Estimate —0.0091* —0.0023 —0.0047 —0.0065
(0.0051) (0.0041) (0.0044) (0.0043)
N.Obs 620,145 620,145 620,145 620,145
N.Clusters 95 95 95 95
Control Mean 0.063 0.053 0.057 0.060
Total TE —0.0091* —0.0113** —0.0138** —0.0156***
(0.0051)  (0.0052) (0.0060) (0.0058)

Notes: The dependent variable is a binary indicator for daily absence. The model interacts the treatment indicator with
quartiles of the 10-day lagged rolling average of total outdoor pollen concentration. Q1 (lowest pollen) is the reference category.
The specification includes quartile-by-post interactions to allow for differential post-treatment shifts by pollen level. Pollens
includes: Alternaria, Alnus, Betula, Cladosporium, Ambrosia, Artemisia, Carpinus betulus, Corylus avellana, Cupressaceae and
Taxaceae, Fagaceae, Gramineae, Oleaceae, Urticaceae. Data from the Association of Italian Territorial and Hospital Allergists
and Immunologists (https://www.pollinieallergia.net/). All models are estimated with a Linear Probability Model pooling
school years 2022—-23 and 2023-24, with student, calendar date, strata-by-month, and strata-by-year fixed effects (where strata
are school x grade), and strata-by-treatment-group linear time trends. The bottom row reports the total treatment effect for
each quartile. Standard errors are clustered at the classroom level. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.15: Impact on cognitive and behavioral outcomes, robustness check with ANOVA

(1) (2) (3)

Stdz Raven score Individual mood scale Aggressive episodes

Estimate 0.034 0.055 0.057*

(0.056) (0.045) (0.032)

N.Obs 1,552 1,274 1,464
N.Clusters 86 86 86

Control Mean 0.000 3.424 0.395

Control SD 0.998 0.772 0.489

Ex-post MDE 0.156 0.125 0.090

Notes: OLS estimates of the treatment effect on cognitive and behavioral outcomes using ANOVA (controlling for baseline
outcome). Models control for gender and foreign nationality and include grade and school fixed effects. FDR~adjusted g-values
(Benjamini et al., 2006) are reported in brackets, corrected within the family of primary outcomes. Standard errors are clustered
at the classroom level. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.16: Impact on self-reported health symptoms, perceptions, and preferences,
robustness check with ANOVA

Panel A: Impact on Self-Reported Health

(1) (2) 3) (4) () (6) (7) (8)

Symptoms

Runny nose Blocked nose Sneezing Cough Short breath Tiredness Headache Stomach ache

Estimate -0.068** -0.023 -0.012  -0.005 0.023 0.002 0.029 0.060%*
(0.032) (0.025) (0.024)  (0.031) (0.036) (0.031)  (0.028) (0.029)
N.Obs 1,184 1,178 1,168 1,193 1,108 1,136 1,145 1,135
N.Clusters 83 83 83 83 83 83 83 83
Control Mean 0.532 0.569 0.664  0.576 0.259 0.646 0.452 0.403
Control SD 0.499 0.496 0.473  0.494 0.438 0.479 0.498 0.491
Ex-post MDE 0.091 0.069 0.068  0.088 0.101 0.088 0.080 0.080

Panel B: Impact on Perceptions and Preferences

(1) (2) (3) (4) () (6) (7) (8) (9)

Air Quality Perception Urban Policy Priorities

. City Green Sport Air Less
General City Class Schoolyard cleaning playgrounds infrastructure  quality traffic
Estimate 0.115 -0.005  0.149** -0.047 0.069 0.086 0.005 0.176***  -0.007
(0.078)  (0.081) (0.071) (0.071) (0.045) (0.062) (0.069) (0.058)  (0.059)
N.Obs 1,367 1,383 1,379 1,379 1,379 1,351 1,331 1,345 1,320

N.Clusters 85 85 85 85 86 86 85 85 85
Control Mean 2.978 2.559 3.109 3.360 3.509 3.280 3.088 3.456 3.158
Control SD 0.880 0.983 0.793 0.808 0.871 0.980 1.074 0.977 1.014
Ex-post MDE 0.219 0.226 0.197 0.198 0.126 0.175 0.194 0.162 0.165

Notes: Panel A reports OLS estimates of the treatment effect on self-reported health symptoms, air quality perceptions, and
urban policy priorities using ANOVA (controlling for baseline outcomes). The dependent variables equal one if the student
reported the symptom at least some time over the previous week and zero otherwise. Panel B reports estimates for air quality
perceptions, using an air quality perception index scoring from 1 (very bad) to 4 (very good), and urban policy priorities (last five
columns), using an index scoring from 1 (not important at all) to 4 (very important). All models control for gender and foreign
nationality and include grade and school fixed effects. Standard errors are clustered at the classroom level. FDR-adjusted
g-values are omitted here but are available upon request. Significance levels: *** p<0.01, ** p<0.05, * p<0.1.
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Table A.17: Impact on self-reported health symptoms, robustness check with ANOVA

(1) (2) ®3) (4) () (6) (7) (8)

Symptoms

Runny nose Blocked nose Sneezing Cough Short breath Tiredness Headache Stomach ache

Estimate -0.068** -0.023 -0.012  -0.005 0.023 0.002 0.029 0.060%*
(0.032) (0.025) (0.024)  (0.031) (0.036) (0.031)  (0.028) (0.029)
N.Obs 1,184 1,178 1,168 1,193 1,108 1,136 1,145 1,135
N.Clusters 83 83 83 83 83 83 83 83
Control Mean 0.532 0.569 0.664  0.576 0.259 0.646 0.452 0.403
Control SD 0.499 0.496 0.473  0.494 0.438 0.479 0.498 0.491
Ex-post MDE 0.091 0.069 0.068  0.088 0.101 0.088 0.080 0.080

Notes: OLS estimates of the treatment effect on self-reported health symptoms using ANOVA (controlling for baseline out-
come). The dependent variables equal one if the student reported the symptom at least some time over the previous week and
zero otherwise. Models control for gender and foreign nationality and include grade and school fixed effects. FDR-adjusted
g-values (Benjamini et al., 2006) are reported in brackets, corrected within the family of health symptoms. Standard errors are
clustered at the classroom level. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.18: Impact on air quality perceptions, robustness check with ANOVA

(1) (2) (3) (4)

General City Class Schoolyard
Estimate 0.115 -0.005 0.149** -0.047
(0.078) (0.081) (0.071) (0.071)
N.Obs 1,367 1,383 1,379 1,379
N.Clusters 85 85 85 85
Control Mean 2.978 2.559 3.109 3.360
Control SD 0.880 0.983 0.793 0.808
Ex-post MDE 0.219 0.226 0.197 0.198

Notes: OLS estimates of the treatment effect on air quality perceptions using ANOVA (controlling for baseline outcome). The
air quality perception index is scored from 1 (very bad) to 4 (very good). Models control for gender and foreign nationality
and include grade and school fixed effects. FDR-adjusted g-values (Benjamini et al., 2006) are reported in brackets, corrected
within the family of air quality perceptions. Standard errors are clustered at the classroom level. *** p < 0.01, ** p < 0.05,
* p < 0.10.
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Table A.19: Impact on urban policy priorities, robustness check with ANOVA

(1)

2)

(3)

(4)

(5)

City Green Sport Air Less

cleaning playgrounds infrastructure  quality traffic

Estimate 0.069 0.086 0.005 0.176***  -0.007

(0.045) (0.062) (0.069) (0.058)  (0.059)

N.Obs 1,379 1,351 1,331 1,345 1,320
N.Clusters 86 86 85 85 85

Control Mean 3.509 3.280 3.088 3.456 3.158

Control SD 0.871 0.980 1.074 0.977 1.014

Ex-post MDE 0.126 0.175 0.194 0.162 0.165

Notes: OLS estimates of the treatment effect on urban policy priorities using ANOVA (controlling for baseline outcome).
The policy priority score is scored from 1 (not important at all) to 4 (very important). Models control for gender and foreign
nationality and include grade and school fixed effects. FDR-adjusted g-values (Benjamini et al., 2006) are reported in brackets,
Standard errors are clustered at the classroom level. *** p < 0.01,

corrected within the family of urban policy priorities.

** 5 < 0.05, * p < 0.10.
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Table A.20: Association between baseline symptoms and pre-treatment absences

(1) (2) () (4) (5) (6) (7 (8)

Baseline symptom reported

Runny nose Blocked nose Sneezing Cough Short breath Tiredness Headache Stomach ache

Pre-treat absences 0.429* 0.308 0.220 0.162 0.341 0.194 0.241 —0.066
(0.239) (0.241) (0.232)  (0.239) (0.214) (0.239) (0.245) (0.241)
N.Obs 1,451 1,437 1,430 1,433 1,375 1,397 1,405 1,389

Notes: OLS estimates of the association between pre-treatment absence rates and baseline self-reported health symptoms.
The dependent variables equal one if the student reported the symptom at least some time over the previous week and zero
otherwise. Pre-treatment absences are calculated over the school year 2022-23 and September—October 2023. Models control
for gender and foreign citizenship. Standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Figure A.1: School absences and influenza-like illness incidence in Lombardy

Notes: Navy bars show the monthly absence rate in the control group (left axis, absences per 100 students). The red line shows
the monthly average influenza-like illness (ILI) incidence among children aged 5-14 in Lombardy (right axis, cases per 1,000).
ILI data from the Italian National Institute of Health (ISS) RespiVirNet surveillance system (Branda, 2024). The dashed green
line marks the purifier installation date (November 8, 2023). Absence peaks in winter months coincide with the flu season,
consistent with the weaker treatment effects during winter documented in Table 4 Column 3.

59



B Purifiers and monitors’ technical features

The study utilizes NETCO NIVEUS NV100 purifiers, shown in the left panel of Appendix
Figure B.1. These purifiers feature U15 Ultra Low Particulate Air (ULPA) filters, which
capture up to 99.99% of particles larger than 0.026 microns. ULPA filtration is the highest
standard of mechanical air purification, certified and recognized internationally. It surpasses
the more common HEPA filters, providing 10 to 100 times greater efficiency (see Appendix
Table B.1).

The purifiers are energy-efficient, consuming only 4W per hour at the operating speed used
in the study, comparable to a 60-watt incandescent bulb. They also operate quietly, with
average acoustic pressure levels ranging from 29 to 45 dB(A). Air enters the device and
passes through the ULPA filter, made of layers of ultrafine material, followed by an activated
carbon filter, before being recirculated into the environment. The efficiency of the purifiers
is measured primarily by the Clean Air Delivery Rate (CADR), expressed in cubic meters
per hour (m?/h), and the Air Exchange Rate, which indicates how many times per hour the
purifier can filter all the air in a given room. Following the manufacturer’s recommendations,
we selected a model suitable for the average classroom volume. The installed units have
a CADR of 200 m3/h, yielding an average Air Exchange Rate of 1.04 across classrooms
(ranging from 0.7 to 1.5). To balance effectiveness and noise reduction, purifiers operate at
60% capacity (speed 3 of 5), producing an acoustic pressure of 33.5 dB(A)—below the WHO
recommended limit of 35 dB(A) for classrooms. The product has a 3-year warranty and has

an expected lifespan of ten years.?

In addition to the purifiers, we installed 31 ENVIRA Nanoenvi indoor air quality sensors,
as shown in the right panel of Appendix Figure B.1. These sensors measure concentrations
of COy (ppm), PMs5, PMo, and CO (ppm), along with temperature (°C'), humidity (%),
and atmospheric pressure (hPa). Their technical specifications are detailed in Appendix
Table B.2. Once powered and connected to the internet, the sensors transmit measurements
every 30 seconds to an online data platform. Each device features a small LED display that
visually represents indoor air quality using a four-level color-coded scale based on the Indoor
Ambient Air Quality Index defined by the manufacturer. To ensure comparability between
classrooms with and without sensors—and to minimize the risk of influencing behavior—we
covered the LED displays with anti-tampering tape so that students and teachers could not
see real-time air quality readings. When the sensors were collected at the end of the study

period, the tape was still intact on all devices.

32The main mechanical component, the ventilator, has a certified lifespan of 40,000 hours at full speed.
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Figure B.1: Purifiers and sensors installed

Table B.1: Efficiency of different mechanical filter technologies

Filter Group Class MPSS INTEGRAL VALUES MPSS INTEGRAL VALUES
Efficiency (%) Penetration (%) Efficiency (%) Penetration (%)

E10 85 15 - -
EPA El1 95 5 - -
E12 99.5 0.5 - -
HEPA H13 99.95 0.05 99.75 0.25
H14 99.995 0.005 99.975 0.025
U15 99.9995 0.0005 99.9975 0.0025
ULPA U16 99.99995 5E-05 99.99975 0.00025
u1r 99.99995 5E-05 99.9999 0.0001

Table B.2: Technical specifications of the low-cost sensors employed

Pollutant /Parameter Precision  Measuring range
Carbon monoxide (CO) +5% 0 - 5000 ppm
Particulate matter (PMa5)  £10 pg/m3 0 - 1000 pug/m?
Carbon dioxide (CO2) +30 ppm 0 - 40000 ppm
Temperature +0.02 °C 0 - 65 °C
Relative humidity +2% 10 - 95%
Atmospheric pressure +10 hPa 500 - 1150 hPa

Notes: This table presents the precision and measuring range of low-cost sensors by measured pollutant (CO, CO2, PMa.5)
and environmental parameter (temperature, relative humidity, atmospheric pressure). Source: (ENVIRA, 2024a,b).
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C Indoor sensors’ intercomparison

We conducted a sensor-to-sensor intercomparison study to evaluate the performance and
consistency of the ENVIRA Nanoenvi low-cost sensors. To ensure comparability, we co-
located all sensors in an indoor, non-laboratory environment and operated them continuously
for four days under nearly identical conditions. We positioned the sensors at a uniform height,
spaced approximately 30 cm apart, to minimize differences in exposure to air volume and
environmental factors. We computed hourly averages for all monitored variables. Appendix
Table C.1 presents summary statistics, including sample size, mean, standard deviation,
minimum, maximum, and quartiles. We identified one monitor as an outlier because of its
low variability and extremely low pollutant readings. We excluded this monitor from all

analyses.

To assess whether imprecise measurements bias our main impact estimates, we calculated
the absolute hourly deviation from the overall mean monitor reading for each sensor, using
the average across all sensors. We then regressed these absolute deviations on a treatment
indicator and hour fixed effects. Results presented in Appendix Table C.2 indicate no statis-
tically significant differences in measurement accuracy between sensors installed in treatment

and control classrooms.

Table C.1: Hourly-level sensor-to-sensor intercomparison summary statistics

Parameter N Mean Sd Min 25th 50th 75th Max
PMa2 5 2418 13.78 6.81 5.49 10.09 12.27 14.79 84.34
PMig 2418 13.85 7.04 5.49 10.10 12.29 14.81 96.69
CO 2418 1.23 0.83 0.00 0.41 1.34 1.96 3.57
COq 2331 853.40 179.36 380.68 751.45 847.91 936.66  1864.11
Temperature 2418 21.16 0.41 20.05 20.85 21.16 21.45 22.42
Humidity 2418 65.96 2.26 58.00 64.49 66.03 67.60 71.38

Atmospheric pressure 2418  1010.09 1.29 1006.57 1009.17 1010.02 1010.92 1014.07

Notes: The sample size for CO2 is lower due to missing data in two sensors.
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Table C.2: Average treatment effect on absolute deviations in sensor-to-sensor
intercomparison

) (2) (3) (4) (5) (6) (7

Absolute deviation from hourly mean

Indoor air quality Other environmental variables
PMs 5 PMio CcO CO2 Temp. Humidity  Pressure
Estimate 0.084 0.087 —0.143 4.50 0.011 —0.093 0.012

(0.089)  (0.095) (0.133)  (5.05)  (0.056)  (0.174)  (0.162)

N.Obs 2,418 2,418 2,418 2,331 2,418 2,418 2,418
Control Mean 4.103 4.176 0.805 123.440 0.334 1.857 1.026

Notes: The table reports the average treatment effects (ATE) on indoor air quality (PMa.5, PMig, CO) and other envi-
ronmental variables (CO2 and temperature, humidity, and atmospheric pressure) absolute deviations from the hourly means.
The sample is restricted to sensor-to-sensor intercomparison days. All models include hour fixed effects. Standard errors are
clustered at the sensor level. *** p < 0.01, ** p < 0.05, * p < 0.10.
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D Detecting ventilation episodes

Natural ventilation through open windows and doors alters the air exchange rate between
indoor and outdoor environments, which can impact the effectiveness of air purifiers. We
investigate how air purifiers affect ventilation behavior in treatment and control classrooms.
The installation of purifiers can lead to conflicting outcomes: teachers in treated classrooms
may reduce ventilation to optimize purifier performance and limit the infiltration of outdoor
pollutants. Conversely, the protection offered by purifiers might encourage more frequent
ventilation, even during high pollution periods, based on the assumption that the device
lessens associated risks. To identify ventilation events, we leverage the characteristic sharp
declines in indoor COy concentrations that typically occur during air exchange with the
external environment. These events may also accompany temperature drops when outdoor

temperatures fall below indoor levels.

We focus our analysis on school hours and exclude the last 90 minutes before student dis-
missal to prevent capturing air quality changes linked to end-of-day routines. To reduce
measurement noise, we apply a five-minute rolling average to the temperature time series.
We define “ventilation episodes” based on specific thresholds for the magnitude and duration
of decreases in indoor COy concentrations and, when applicable, temperature. It is impor-
tant to note that a single instance of window or door opening may result in the detection of
multiple ventilation episodes. Figure D.1 illustrates the distribution of detected ventilation

episodes under various threshold definitions.

To examine whether air purifiers influenced ventilation behavior, we estimate model 1 using
the daily number of ventilation episodes as the dependent variable. Table D.1 reports average
treatment effects based on different threshold definitions. For instance, Column 1 shows the
treatment effect on the number of episodes per day where CO5 concentrations decrease by at
least 25 ppm per minute and temperature drops by at least 0.005°C per minute for at least a
minute. Columns 7 to 12 define ventilation episodes based solely on CO, drops, noting that
during spring and fall, outdoor temperatures may exceed indoor temperatures, potentially

leading to an increase in indoor temperature during ventilation.

Across all specifications, we find no statistically significant differences between the treatment
and control groups. This indicates that installing air purifiers did not change ventilation
behavior. Since ventilation patterns may vary seasonally with outdoor temperatures, we
further split the sample into winter (November-March) and spring (April-June) months.
Even when disaggregated by season, we find no significant differences in ventilation behavior

between treated and control classrooms.
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Figure D.1: Distribution of detected ventilation episodes for different thresholds.

Table D.1: Average treatment effect on the number of ventilation episodes

Panel A: CO3 and temperat(u)re thresholds
1 2

(3) (4) (5) (6)
ACO2 < —25 ACO2 < —25 ACO2 < —25 ACO2 < —50 ACO2 < —50 ACO2 < —50
AT < —0.006 AT < —0.006 AT < —-0.006 AT < —0.005 AT < —0.006 AT < —0.005
> 1 min > 2 min > 5 min > 1 min > 2 min > 5 min
Estimate 0.290 0.172 0.046 -0.014 0.018 0.001
(0.248) (0.141) (0.053) (0.183) (0.094) (0.032)
N.Obs 3,461 3,461 3,461 3,461 3,461 3,461
Control Mean 3.5 1.4 0.2 1.5 0.6 0.1
Panel B: CO; thresholds only
(7) (8) 9) (10) (11) (12)
ACO2 < —25 ACO2 < —25 ACO2 < —25 ACO2 < —50 ACO2 < —50 ACO2 < —50
> 1 min > 2 min > 5 min > 1 min > 2 min > 5 min
Estimate 0.327 0.289 0.146 -0.019 0.022 0.005
(0.412) (0.232) (0.106) (0.268) (0.144) (0.053)
N.Obs 3,461 3,461 3,461 3,461 3,461 3,461
Control Mean 6.6 2.7 0.6 2.6 1.0 0.2

Notes: The dependent variable is the number of ventilation episodes per classroom-day, identified by sustained decreases in
indoor CO2 (ppm/min) and temperature (°C/min) lasting at least the specified duration. Panel A defines episodes using joint
COg2 and temperature drops. Panel B uses CO2 drops only, as outdoor temperatures may exceed indoor temperatures in spring,
causing indoor warming during ventilation. All models include calendar date, strata-by-weekday, and strata-by-month fixed
effects (strata = school x grade, consistent with Panel A of Table 2). The sample is restricted to school days. Standard errors
are clustered at the classroom level. *** p < 0.01, ** p < 0.05, * p < 0.10.
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E Pre-specified analysis and deviations from the pre-
analysis plan

The current study presents deviations from the pre-analysis plan (PAP) uploaded to the

33 We document and explain the choices

Registry of the American Economic Association.
made in this paper and provide evidence for the commitments outlined in the PAP that were

not implemented in the final version.

Main outcomes In the PAP, the main outcomes were: PM, 5, absences, cognitive skills,
achievement, mood, and aggressive episodes. The manuscript presents evidence on all main

outcomes.

Secondary outcomes Most secondary outcomes outlined in the PAP are included in the
manuscript, except for data on non-standardized student grades calculated at the end of each
semester. After extensive discussions with the directors, we concluded that these evaluations
are highly subjective and specific to individual teachers and their classes. Hence, they were

not collected.

Data As committed in the PAP, we use absence data from both school years (2022-23
and 2023-24). The two-year specification includes strata-by-treatment-group linear time
trends to correct for differential pre-treatment dynamics documented in Appendix F. This
correction was not anticipated in the PAP but is motivated by observable patterns in the

pre-treatment data.

Models The specification in Section 4.4 for survey outcomes differs from that in the PAP.
In this specification, we regress endline outcomes on a treatment dummy, individual charac-
teristics, grade, and school fixed effects. In the PAP, we committed to a two-way fixed effects
model that included student and survey wave fixed effects. The reasons for these changes
are: i. We conducted only two survey waves instead of the planned three due to budget
constraints and the inability to conduct a midline survey in some schools. ii. We did not
anticipate attrition rates of 11% and 12% in the first and second waves, respectively, or the
missing value patterns affecting certain variables (see Appendix Tables A.1 and A.2). Com-
bining both waves in the same model (panel or ANOVA) would result in a sample reduction

of 33% to 45% (depending on the variable considered), leading to a loss of statistical power.

331t is available at https://www.socialscienceregistry.org/trials/11960.
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Heterogeneity In the PAP, we committed to examining heterogeneous treatment effects
on absences based on pre-treatment absence levels (median split), seasonality (winter vs.
spring and fall), and outdoor air pollution (seven-day rolling average, median split). The
main text presents all three analyses using the pre-registered median splits (Table 4). Pre-
treatment absences refer to the pre-treatment period (school-year 2022-23 and September—
October 2023) rather than the previous school year only. Appendix Table A.13 presents finer
quartile decompositions of the pollution heterogeneity; results are consistent across rolling
window lengths (3, 5, 7, and 10 days).

The manuscript introduces additional dimensions of heterogeneity that were not pre-
registered: students’ gender and nationality (Appendix Table A.11). These address readers’
interest in exploring aspects of heterogeneity that we did not anticipate when designing the

study.

Robustness checks As promised in the PAP, we include indoor temperature and humidity
in our analysis of air purifiers’ impact on indoor pollution. Appendix Table A.5 replicates
the results from Panel A of Table 2 (Columns 1-3). Results are consistent. We exclude class
characteristics (floor and orientation) because these data are unavailable. We do not repeat
this exercise for absences because of sample size limitations and statistical power issues, as

the sample is restricted to classes equipped with sensors.
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F Trend correction

The PAP specified using absence data from both school years (2022-23 and 2023-24). When
pooling both years without adjustment, the LPM treatment effect attenuates from the main
estimate of —0.0103 to —0.0017 (p = 0.522). This attenuation is driven by a smaller point
estimate, not by inflated standard errors: the standard error actually falls from 0.0049 to
0.0027 with the larger sample. This section documents the source of the attenuation and

validates the strata-by-treatment trend correction used in the main specification.

Appendix Table F.1 presents three specifications. Column 1 pools both school years with-
out trend correction, yielding the attenuated estimate. Column 2 adds a single aggregate
treatment-group differential trend (1 parameter), which recovers the full effect (—0.0102,
p = 0.035). Column 3 replaces this with strata-by-treatment-group trends (50 parameters),
yielding a nearly identical estimate (—0.0103, p = 0.037). The consistency between the
one-parameter and fifty-parameter corrections confirms that the adjustment is driven by a

group-level differential, not by overfitting.

Table F.1: Treatment effect on absences: progressive trend corrections (LPM)

ey 2 3)
2 years 2 years 2 years
+ agg. trend  + strata trends

Estimate —0.0017 —0.0102** —0.0103**
(0.0027) (0.0048) (0.0049)
p-value 0.522 0.036 0.037
Effect (%) —-2.9 —17.2 —17.4
N.Obs 620,145 620,145 620,145
N.Clusters 95 95 95
Extra trend parameters 0 1 50
Student FE Yes Yes Yes
Date FE Yes Yes Yes
Strata X month FE Yes Yes Yes
Strata x year FE Yes Yes Yes
Treatment X trend No Yes No
Strata X treat. trend No No Yes

Notes: The dependent variable is a binary indicator for daily absence, estimated with a Linear Probability Model pooling
school years 2022-23 and 2023-24. Column 1: no trend correction. Column 2: single treatment-group differential linear
trend (1 parameter). Column 3: strata-by-treatment-group linear trends (50 parameters), where strata are school x grade
(the randomization stratification). All specifications include student, calendar date, strata-by-month, and strata-by-year fixed
effects. Standard errors clustered at the classroom level. *** p < 0.01, ** p < 0.05, * p < 0.10.

To understand the source of the attenuation, we examine pre-treatment dynamics within ran-
domization strata. We estimate the differential trend between treated and control classrooms
within each school X grade stratum using only 2022-23 data (a full year before treatment).

Appendix Table F.2 reports the results. Of 20 testable strata (Grade 1 is excluded be-

cause those students were not enrolled in 2022-23), 7 show nominally significant differential
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pre-treatment trends at the 5% level under cluster-robust standard errors, concentrated in
School 2 (all four grades), School 3 (Grades 2 and 4), and one stratum in School 5 (Grade
5). Because strata contain only 2-6 classrooms, individual stratum tests are unreliable:
valid permutation inference yields minimum achievable p-values of 0.10-1.00 depending on
stratum size. An F-test on the full two-year pooled model (both school years, all grades
including Grade 1) rejects the null that the 50 strata X treatment-group trends are jointly
zero (p < 0.001, 95 clusters).

Since randomization was stratified by school x grade with only 2-6 classrooms per cell,
such chance imbalances in classroom-level dynamics are not unexpected. If treated class-
rooms were trending upward relative to control within their strata, the standard two-year

specification is biased toward zero.

Table F.2: Pre-treatment differential trends by randomization stratum (2022-23 only)

Stratum Diff. slope  p-value Treated Control Significant
(x10%) classes classes (p < 0.05)

S1 Grade 2 +0.65 0.158 2 3

S1 Grade 3 +1.16 0.154 2 3

S1 Grade 4 —0.42 0.210 2 3

S1 Grade 5 —0.68 0.294 2 3

S2 Grade 2 +1.96 <0.001 1 1 v
S2 Grade 3 +0.40 <0.001 1 1 v
S2 Grade 4 —2.42 <0.001 1 1 v
S2 Grade 5 —0.79 <0.001 1 1 v
S3 Grade 2 +1.31 0.017 2 2 v
S3 Grade 3 +0.92 0.136 2 2

S3 Grade 4 +2.26 <0.001 2 2 v
S3 Grade 5 +0.10 0.791 2 2

S4 Grade 2 +0.32 0.703 2 3

S4 Grade 3 +1.50 0.292 2 3

S4 Grade 4 +0.02 0.983 2 3

S4 Grade 5 +1.36 0.298 2 3

S5 Grade 2 +1.90 0.095 1 2

S5 Grade 3 +0.04 0.930 1 2

S5 Grade 4 —0.85 0.079 1 2

S5 Grade 5 +0.39 0.017 2 1 v

Notes: Each row reports the coefficient on Air Purifier. X t from a linear regression of daily absences within the indicated
stratum, using only 2022-23 data. Standard errors are clustered at the classroom level; because strata contain only 2—6
classrooms, these individual tests are unreliable. Under exact permutation inference, the minimum achievable p-value ranges
from 0.10 to 1.00 depending on stratum size, so no individual stratum can achieve significance at the 5% level. The p-values are
reported for completeness; the valid evidence of differential pre-trends is the joint F-test across all 95 clusters (p < 0.001). A
positive coefficient means treated classrooms were trending upward relative to control classrooms. Grade 1 strata are excluded
because those students were not enrolled in 2022-23.
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