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Abstract

Agricultural residue burning releases pollutants that prevailing winds carry across
administrative boundaries. We study the effects of fire-driven pollution on the cognitive
development and educational trajectories of around 700,000 children aged 5-16 in Pakistan,
combining satellite-derived burned area data, wind direction, and nationally representative
learning assessments. Our treatment measure captures fires within 15 kilometers of a child’s
district that burn upwind; comparable downwind fires, which reflect the same agricultural
activity but carry smoke away from the child, serve as a placebo. A one standard deviation
increase in upwind fire exposure reduces test scores in mathematics, reading, and
English by roughly 0.02 standard deviations; downwind fires have no effect. Impacts are
concentrated in the school term, with no effect from summer-holiday fires. Boys and girls
suffer similar cognitive losses, but over time older girls face higher dropout, consistent with
lower perceived returns to female education in a patrilocal society, and child labor rises.
The results survive extensive robustness checks. Agricultural burning is thus a constraint
on human capital development, not only a public health issue.
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1 Introduction

Air pollution ranks among the world’s leading environmental health threats, killing an esti-
mated seven million people annually, with South Asia accounting for nearly 2.6 million deaths
in 2021 alone (World Health Organization, 2026; State of Global Air, 2025). Beyond its im-
mediate health consequences (Deryugina et al., 2019; Heft-Neal et al., 2020; Pullabhotla et al.,
2023), pollution undermines long-term economic development by impairing human capital for-
mation. Emerging evidence links exposure to reduced worker productivity (Zivin and Neidell,
2012), lower test scores among children exposed prenatally (Sanders, 2012), and diminished
cognitive performance on high-stakes examinations with lasting effects on educational attain-
ment (Ebenstein et al., 2016). This aligns with World Bank estimates that air pollution imposes
economic costs equivalent to nearly five percent of global GDP, a burden concentrated in low-
and middle-income countries where both exposure and vulnerability are greatest (World Bank,
2025a).

A substantial portion of ambient pollution in these regions stems from human-driven land-
scape fires. Satellite-based assessments put the global area burned each year at roughly four
million square kilometers, a figure that probably understates the true extent because coarse-
resolution sensors fail to capture many small agricultural fires (Chuvieco et al., 2019). Most of
this burning occurs in landscapes shaped by farming, grazing, and land-management choices
(Lauk and Erb, 2009; Giglio et al., 2013; Chuvieco et al., 2021). Open burning of crop residues,
a cheap and widespread way to dispose of the biomass left after harvest, releases fine particu-
late matter (PM; 5), black carbon, and other pollutants (Akagi et al., 2011) linked to a range of
adverse health effects (Roberts and Wooster, 2021). In South Asia, agricultural intensification
has raised crop-residue volumes, while the short interval between harvest and replanting and
the cost of machinery leave burning the default way to clear fields (Lin and Begho, 2022; Lan
et al., 2022). This seasonal burning produces recurrent pollution episodes in which particulate
concentrations can reach many times the levels recommended by the World Health Organiza-
tion (Bikkina et al., 2019; Lan et al., 2022; Dipoppa and Gulzar, 2024). Because the smoke is
carried far downwind, elevated pollution during the weeks-long burning season reaches both
the rural areas where fires are set and distant urban centers (Mhawish et al., 2022; World Bank,
2025b). While the health consequences of these pollution spikes are increasingly documented,
their effects on cognitive development and educational outcomes remain poorly understood: the
existing evidence on smoke and cognition comes mainly from wildfires in high-income settings
or from adult populations (Wen and Burke, 2022; Cleland et al., 2022; Lai et al., 2022), leaving
the school-age children of developing countries, where agricultural burning recurs every year,
largely unstudied. This gap is consequential: education is a central determinant of long-run
welfare and intergenerational mobility, and without credible estimates of the educational costs
of agricultural burning, the full social cost of the practice is unknown.

Pakistan provides a particularly informative setting in which to study these dynamics. Be-



tween 3.6 and 5.0 million tonnes of rice residue are burned annually in Pakistan’s rice-wheat
belt (IGC, 2022; Zaheed and Salik, 2024), producing emissions that degrade air quality for
millions (Azhar et al., 2019). Regulatory bans and awareness campaigns have had limited im-
pact, in part because mechanized alternatives are costly and the interval between harvest and
replanting is short (Dialogue Earth, 2019; Zaheed and Salik, 2024). At the same time, 35%
of children aged 5-16 are out of school (UNICEF, 2026), and learning poverty is widespread:
roughly 77% of children cannot read and understand a simple text by age 10 (World Bank,
2022). These conditions suggest that children may be especially vulnerable to environmental
shocks that disrupt learning. Yet quantifying the effect of agricultural fire pollution on cognitive
development poses distinct empirical challenges. Burning generates a heterogeneous bundle of
pollutants (Chen et al., 2017; Samburova et al., 2016) with potentially cumulative effects, and
exposures are measured with substantial error (Pan et al., 2020; Johnson et al., 2020). More-
over, fire activity is closely linked to agricultural cycles and local economic conditions that
independently shape educational investments, complicating causal inference.

To quantify the impact of crop residue burning on children’s cognitive development and
labor outcomes, we combine high-resolution satellite data on agricultural fires with nation-
ally representative educational assessment data from the Annual Status of Education Report
(ASER) in Pakistan, covering roughly 700,000 children aged 5-16 across 2012-2016. Cogni-
tive outcomes include test scores in mathematics, local-language reading, and English, together
with a normalized learning index, and an indicator for having dropped out of school. ASER
assessments are conducted between September and December. Our baseline specification mea-
sures fire exposure over the 12 months preceding the start of the survey period, from September
of the previous year to August of the survey year. Our primary exposure variable measures the
area of agricultural land burned in the upwind direction within 15 km of a district boundary,
serving as a proxy for pollutants transported into the district by prevailing winds.

A key identifying assumption is that variation in upwind fire exposure is plausibly ex-
ogenous to local determinants of child outcomes. While agricultural burning reflects farming
practices in neighboring districts, the direction and intensity with which the resulting pollu-
tion is transported across district boundaries is driven by short-term meteorological conditions,
particularly wind direction, which are orthogonal to socioeconomic conditions and education-
related investments within the receiving district. To the extent that wind patterns persist over
long horizons, a district’s windward orientation could in principle be correlated with its long-
run socioeconomic conditions; all our specifications therefore include district fixed effects, so

that identification relies on within-district changes in upwind exposure over time rather than on

I'The choice of 15 km builds on approaches used in comparable studies. For example, Pullabhotla et al. (2023)
use a 30 km radius from the birth location, leveraging precise geocoded data. In our setting, the exact location
of children is not available, so we use 15 km from the district boundary as a plausibly close approximation. We
also report results using 10, 20, 30, 40, and 50 km thresholds (Table 1). The estimated effects remain consistent
in direction across specifications, although precision declines as the threshold expands, with estimates at larger
distances becoming noisier and often losing statistical significance.



comparisons between windward and leeward districts. By focusing on fires that occur upwind
relative to a district in a given period, we exploit variation in pollution exposure that is governed
by wind direction, a meteorological factor beyond the influence of households, schools, or local
policy, rather than by burning activity within the child’s own district. As a further validation, we
construct a placebo measure based on downwind fires, whose emissions are transported away
from the district. Because upwind fires transport pollution toward the district while downwind
fires carry it away, comparing the two differences out confounding factors correlated with re-
gional burning intensity, such as crop cycles or broader economic conditions, thereby isolating
the causal effect of pollution transport. This identification strategy builds on Deryugina et al.
(2019) and Pullabhotla et al. (2023), who use wind direction to isolate pollution exposure from
confounding factors. To examine child labor outcomes, we link fire exposure to the Pakistan
Social and Living Standards Measurement (PSLM) survey, which records whether children
have worked in the month preceding the survey. We explore heterogeneity by age, gender,
and timing relative to the school calendar, and assess multiple temporal windows, including
contemporaneous exposure and up to three-year lags, to capture both immediate and persistent
effects on cognitive development, schooling, and labor participation.

Our main findings show that exposure to upwind fires within 15 km of a district’s bound-
ary has significant adverse effects on children’s cognitive performance, whereas downwind
fires have no measurable impact. A one standard deviation increase in upwind burned area
reduces arithmetic test scores by approximately 0.03 points, corresponding to a 1.5% decline
relative to the mean; the proportional effects are similar for reading (1.6%) and English (1.7%).
In standardized terms, this is a reduction of roughly 0.02 standard deviations of the outcome
distribution, consistent with a recent meta-analysis of the causal evidence on pollution and
learning (Nguyen, 2026) and comparable to estimates from prenatal and ambient pollution
exposure (Sanders, 2012; Gilraine and Zheng, 2022) and from rainfall shocks (Shah and Stein-
berg, 2017). Estimates for downwind fires are small and statistically indistinguishable from
zero, supporting a causal interpretation.

Fires during the active school term, particularly the exam period and the trimester preceding
it, are the most detrimental, while fires during summer holidays have no measurable impact.
Cognitive scores decline similarly for boys and girls in the short run, but the behavioral re-
sponses differ. In the longer run, older girls (aged 11-16) are the most likely to leave school
in response to repeated exposure, with cumulative upwind exposure over the year of exposure
and the two subsequent years raising their dropout probability by about 2.2 percentage points,
or roughly 12% of their mean dropout rate of 17.8%. Child labor also rises for both genders,
with effects that build over time and peak two years after exposure; the gender contrast lies in
schooling, as boys remain enrolled while taking on work. These findings are robust to alterna-
tive exposure radii, district-specific time trends, province-by-year fixed effects, and additional
controls for weather, wind speed, and local economic activity.

This paper contributes to four strands of the literature. First, it connects to a large body of



work on air pollution and human capital outcomes. Foundational studies establish that air pol-
lution harms infant health and raises child mortality (Chay and Greenstone, 2003; Currie and
Neidell, 2005; Deryugina et al., 2019; Heft-Neal et al., 2020). A subsequent strand documents
effects on cognitive performance and educational attainment: Ebenstein et al. (2016) show that
pollution spikes on the days of high-stakes national examinations in Israel lower scores and re-
duce long-run attainment; Sanders (2012) finds that prenatal particulate exposure reduces test
scores in the United States; and Zivin and Neidell (2012) document output losses among agri-
cultural workers exposed to ambient ozone. We contribute evidence from a developing-country
setting where ambient pollution levels are substantially higher, institutional capacity to respond
is limited, and the affected population spans a broad cohort of school-age children. Our clos-
est antecedents within this literature study other fire sources or other populations. Wildfire
smoke lowers test scores among schoolchildren in the United States (Wen and Burke, 2022)
and impairs adults’ cognitive performance (Cleland et al., 2022). Closest to our design, Lai
et al. (2022) use upwind and downwind crop-residue fires in China and find that smoke tem-
porarily lowers the cognitive test performance of adults aged 55 and above, while Chen (2025)
links early-life exposure to industrial pollution to lower long-run educational attainment. We
differ from these studies in three respects: we study school-age children rather than adults; we
examine a developing-country setting where burning recurs with the harvest calendar rather
than striking episodically; and we follow the shock beyond test scores into schooling and labor
market trajectories, showing that a transitory cognitive loss hardens into persistent dropout and
child labor responses. Our identification strategy, which exploits wind-driven variation in fire
smoke transported across district boundaries, complements designs based on traffic or indus-
trial emission sources and broadens the evidence on which types of pollution impair learning.

Second, the paper contributes to an emerging literature on the externalities of open agri-
cultural burning. This literature has linked fire activity to infant mortality (Pullabhotla et al.,
2023), adult mortality (Roberts and Wooster, 2021), ambient particulate matter concentrations
(Bikkina et al., 2019; Lan et al., 2022), and crime (Ayesh, 2023). Dipoppa and Gulzar (2024)
show that stronger bureaucratic incentives reduce crop burning and its associated mortality
costs in South Asia, providing evidence on the available policy levers. We extend this literature
by documenting that the cognitive development and schooling trajectories of school-age chil-
dren in receiving districts are also materially harmed. Test scores and dropout rates capture the
average effect on human capital accumulation for an entire cohort, rather than the tail outcomes
captured by mortality or crime. Our estimates imply that conventional social cost calculations
for crop residue burning, which have focused primarily on health and mortality, substantially
understate the true cost by omitting the educational channel.

Third, the paper speaks to the literature on gender disparities in education in developing
countries. A well-established body of research documents that girls in South Asia face lower
parental investment in schooling relative to boys, driven by son preference, differential returns

to education across genders, and the structure of marriage markets (Jayachandran, 2015; Du-



flo, 2012). In patrilocal societies, where women join the husband’s household after marriage,
parents may perceive the returns to daughters’ education as accruing to the marital rather than
the natal family, weakening the incentive to sustain girls’ schooling when household condi-
tions deteriorate (Khalil and Mookerjee, 2019). Environmental and income shocks have been
shown to produce gendered educational responses: rainfall shocks that raise the opportunity
cost of schooling pull older children out of school and reduce attainment in South Asia (Shah
and Steinberg, 2017), with long-run effects that are especially pronounced among girls (Pon-
nusamy, 2025). We show that an air-quality shock, operating through a channel distinct from
agricultural income, generates an analogous and persistent gendered response. The multi-year
persistence of dropout effects for older girls, with no corresponding effect for boys, is consistent
with a parental-investment model in which perceived academic deterioration leads households
to disengage from daughters’ education first.

Finally, the paper contributes to the literature on child labor and environmental shocks.
Classical models predict that child labor and schooling are substitutes and that negative shocks
induce households to shift children from education to work (Basu and Van, 1998; Edmonds,
2007). Environmental shocks have been shown to operate through this mechanism: Maccini
and Yang (2009) document that early-life rainfall deficits reduce long-run educational attain-
ment and adult health in Indonesia, with effects concentrated among women. We show that air
pollution from agricultural fires generates a similar substitution, increasing the probability of
child labor for children aged 10-17, with effects that build over time and remain detectable two
years after exposure. The persistence of these labor effects, together with the dropout evidence,
suggests that even moderate pollution episodes can set children on persistently lower human
capital trajectories, reinforcing intergenerational poverty.

The remainder of the paper is organized as follows. Section 2 provides background on
education and agricultural burning in Pakistan. Section 3 describes the data. Section 4 outlines

the estimation strategy. Section 5 presents the results. Section 6 concludes.

2 Background

2.1 The Status of Education in Pakistan

Pakistan, the world’s fifth most populous nation, has a predominantly young demographic, with
nearly two-thirds of its citizens below the age of 24. The country’s education system comprises
both public and private institutions, with the state serving as the main provider of schooling
services (Halai and Durrani, 2021).> Private schools, however, play a substantial role at the
secondary level, accounting for around 66% of middle schools and 58% of high schools, and
enrolling roughly 38% and 32% of students at these respective levels (NEMIS—-AEPAM, 2018).

2 A smaller third stream of education consists of Madrassas, which operate under a separate governance struc-
ture and follow distinct curricula (Halai and Durrani, 2021).



Despite this expansion of private education, public schools continue to educate most students
across the country but face significant resource constraints, including shortages in teaching
staff, with only about 49% of Pakistan’s teachers employed in the public sector. In 2010,
the Eighteenth Constitutional Amendment introduced Article 25-A, which guarantees free and
compulsory education for children aged 5 to 16, formally establishing the Right to Education
in law.

Yet Pakistan continues to face a severe educational access crisis. An estimated 25.1 million
children between the ages of 5 and 16, equivalent to 35% of this age group, remain out of
school, the world’s second-highest number (UNICEF, 2026). Gender inequality compounds
the problem. In 2013, the gross primary enrollment ratio stood at 74.2% for boys but only
63.2% for girls; the gap persisted at the secondary level (36.4% for boys versus 26.4% for
girls), and just 8.7% of women were enrolled in tertiary education (World Bank, 2024).

Learning outcomes also remain poor. Roughly 77% of Pakistani children are unable to
read and understand a simple text by age 10 (World Bank, 2022). Literacy rates mirror these
disparities, with about 71% of men but only 47% of women able to read and write (World Bank,
2024). Reflecting these challenges, Pakistan ranked 164th out of 193 countries in the 2023—
24 Human Development Report, placing it in the low human development category (UNDP,
2024). Academic performance in mathematics and science is also concerning: when Pakistan
participated for the first time in the Trends in International Mathematics and Science Study
(TIMSS) in 2019, it ranked among the lowest of the 58 participating countries (Mullis et al.,
2020).

Given that nearly half of Pakistan’s population is under the age of 20, the scale of these
challenges is especially pressing. Addressing them will require sustained investment in educa-
tion and employment opportunities to harness the country’s demographic potential and avoid

long-term social and economic stagnation.

2.2 Stubble Burning in Pakistan

Crop residue burning, commonly known as stubble burning, is a widespread agricultural prac-
tice in Pakistan that poses significant environmental and public health challenges. Following
the rice harvest, typically in October and November, farmers across Punjab and Sindh burn
the remaining straw in the fields to clear the land rapidly before the wheat planting season.
Pakistan burns between 3.6 and 5.0 million tonnes of rice residue annually, making this one
of the largest sources of seasonal air pollution in South Asia (IGC, 2022; Azhar et al., 2019;
Zaheed and Salik, 2024). The short window between rice harvest and wheat sowing, often as
little as two to three weeks, creates strong economic incentives to burn rather than incorporate
or remove residues through slower mechanical means.

The government of Pakistan has introduced regulatory measures to restrict open burning,

including provincial bans and awareness campaigns (Zaheed and Salik, 2024). However, en-



forcement has been limited and compliance remains low. Mechanized alternatives, such as
happy seeders and combine harvesters equipped with straw-management attachments, can re-
duce residue burning but require upfront capital investment that is prohibitive for smallholder
farmers (Dialogue Earth, 2019). In the absence of affordable substitutes or sufficient subsidy
support, open burning continues to be the dominant practice. The resulting smoke events gen-
erate dense smog that can persist for days to weeks and is transported by prevailing winds
across district boundaries, exposing millions of children and adults to elevated concentrations

of PM; 5 and other harmful pollutants.

3 Data

This study draws on multiple data sources to examine how exposure to agricultural fires affects
human capital formation in Pakistan. The primary data on children’s cognitive development
come from the Annual Status of Education Report (ASER) surveys (Annual Status of Edu-
cation Report, Pakistan, 2017), which cover roughly 700,000 children aged 5-16 from rural
districts across the four provinces of Pakistan between 2012 and 2016.> ASER assessments are
conducted annually between September and December and test three core learning domains
for each child: reading ability in the local language (hereafter, reading), English proficiency
(hereafter, English), and arithmetic skills (hereafter, math).*

Each domain comprises four progressively difficult tasks. For instance, in the reading as-
sessment, children are tested on whether they can recognize letters, read words, sentences, and
stories. Each task is coded as one if completed successfully and zero otherwise. Following
Shah and Steinberg (2017), we construct a cumulative score by summing the correct responses
across the four tasks. For example, a child who can read letters, words, and sentences but not
a story receives a reading score of three. The same scoring approach is applied to the English
and math assessments, resulting in domain-specific scores ranging from 0 to 4, where higher
values reflect better performance. To capture overall learning performance, we also construct
a normalized learning index by combining the standardized scores for reading, English, and
math. In addition to test scores, the ASER dataset records school enrollment, from which we
construct a binary indicator, “dropout,” equal to one if a child is not enrolled in school and zero
otherwise.

Data on children’s participation in the labor market are obtained from the Pakistan Social
and Living Standards Measurement (PSLM) Survey (Pakistan Bureau of Statistics, 2020). Ta-
ble A1l presents summary statistics for the key variables used in the analysis. The average test

score across subjects is approximately 2 on the 0—4 scale, and 7.1% of children have dropped

3Detailed information on ASER’s sampling framework and survey instruments is available in Annual Status of
Education Report, Pakistan (2017).

“The local language refers to the primary language spoken in the household, most commonly Urdu, Hindi, or
Pashto (Annual Status of Education Report, Pakistan, 2017).



out of school. Among children aged 10-17, approximately 12% worked during the month
preceding the survey.’

Our key explanatory variable, exposure to upwind fires, measures the total area of agri-
cultural land burned (in square kilometers) within a 15-kilometer buffer of a district bound-
ary, where the burned areas lie in the upwind direction relative to the district, as determined
by prevailing wind patterns. Fire activity data are drawn from the European Space Agency’s
Climate Change Initiative FireCCILT11 product, which provides globally consistent monthly
estimates of burned area at a 0.05° x 0.05° pixel resolution (Chuvieco et al., 2019). Monthly
wind direction at the district level is obtained from the ERAS atmospheric reanalysis (Coper-
nicus Climate Change Service), which provides hourly gridded data on the u (eastward) and v
(northward) wind components at 0.25° x 0.25° resolution; we compute monthly average wind
direction for each district by converting the u and v components into directional bearings. For
each district-year observation, we compute upwind burned area as the total burned area within
the buffer that lies in the upwind direction, and downwind burned area as the burned area in the
complementary downwind arc. Figure 1A maps the resulting district-level distribution of up-
wind burned area, which is concentrated in the agricultural heartland of Punjab as well as parts
of Khyber Pakhtunkhwa and Sindh, while Figure 1B illustrates the upwind/downwind classifi-
cation. Based on Panel B of Table A1, a child is exposed on average to 2.34 sq. km of upwind
burned area and 3.27 sq. km of downwind burned area. The upwind burned area is particularly
relevant, as wind direction carries pollutant particles from these fires into the child’s district of
residence.

To assess whether our measures of upwind and downwind fires meaningfully capture varia-
tion in air pollution, we examine their relationship with district-level particulate matter concen-
trations, using yearly district-level PM; 5 estimates from van Donkelaar et al. (2021). As robust-
ness checks, we control for several potential confounders, including weather conditions proxied
by the Standardized Precipitation-Evapotranspiration Index (SPEI), a multi-scalar drought in-
dicator that captures moisture deficit as the standardized difference between precipitation and
potential evapotranspiration (Vicente-Serrano et al., 2010). Additional controls include average
wind speed, district-level PM; 5 concentration, and local economic activity proxied by night-
time light intensity (Li et al., 2025). All these variables are constructed at the district-year

level.

4 Estimation Method

To estimate the impact of exposure to agricultural fires on human capital outcomes, we use the

following multiple fixed-effects specification:

>The variable equals one if the child is reported to have worked at any time during the month preceding the
survey, and zero otherwise.
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Figure 1: Agricultural fire exposure across Pakistani districts. (A) District-level average
upwind burned area (km?), 2012-2016; darker shading indicates higher exposure, concentrated
in the agricultural heartland of Punjab as well as parts of Khyber Pakhtunkhwa and Sindh.
(B) Schematic of the upwind/downwind classification: fires in the ring surrounding a district
are assigned to the upwind or downwind quadrant according to the prevailing monthly wind
direction relative to the district centroid.
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Yidls = Bl Ust + BZ Dst + X;dts A + 8d + 51 + 55 + Nidts, (1)

where Y4 denotes the educational outcome of child i residing in district d, born in year ¢,
and surveyed in year s. The outcomes of interest are math, reading, and English test scores, the
normalized learning index, and an indicator for having dropped out of school. The key explana-
tory variable, UW 4, (Upwind Fires), measures exposure to upwind fires in square kilometers:
the total area burned within a 15 km buffer of a district boundary where wind direction carries
pollutant particles into the focal district. Consequently, UW , provides plausibly exogenous
variation in exposure to smoke for children living in district d, enabling identification of the
causal relationship between agricultural fire exposure and child outcomes. The coefficient of
interest, P, is expected to be negative, as greater exposure to fire pollution is anticipated to
harm human capital formation.

The specification includes DW ;; (Downwind Fires), defined as the area burned within the
15 km buffer where, due to wind direction, the resulting pollution is carried away from the
focal district. The downwind term serves as a built-in placebo within the same regression: if
the observed relationship between fire exposure and human capital is truly causal, only upwind

fires should exhibit detrimental effects, whereas if the results merely capture a broader regional

!
idts

variables, including parental education, parental age, and household wealth indicators such as

association, downwind fires would also be expected to matter. X', denotes a vector of control
home ownership, electricity and television access, and mobile phone ownership.® The spec-
ification also includes district fixed effects (), age fixed effects (&), and survey-year fixed
effects (05). Accordingly, the estimated treatment effect reflects the impact of within-district
variation in exposure to pollution from upwind agricultural fires on human capital development
over time. Standard errors are clustered at the district level, and 7,4, represents time-varying
unobservable shocks to the outcome variable.

In our main specifications, we adopt a parsimonious set of controls that include parental
characteristics and household wealth indicators. To verify that the estimated effects are not
confounded by omitted factors, we further incorporate additional controls such as weather con-
ditions (SPEI), wind speed, and local economic activity (nighttime light intensity). For the tim-
ing analysis, upwind fires are decomposed into four quarterly windows relative to the school
calendar; for the long-run analysis, we include up to three annual lags of fire exposure. For

child labor, we estimate analogous specifications using PSLM data.

4.1 Threats to Identification

The principal threat to identification is that fire activity near a district may be correlated with

unobserved shocks that independently affect children’s outcomes. We address this concern in

To address missing data, parental education and age values are coded as 99, with additional dummy variables
included to indicate missing observations.
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layers. First, the most natural confounder, a regional agricultural or economic shock that drives
both burning and household decisions, is differenced out by construction (Pullabhotla et al.,
2023; Lai et al., 2022): because the same fire counts as upwind for the districts its smoke blows
toward and downwind for the districts its smoke blows away from, the two measures describe
the same fires and the same regional agricultural activity; they differ only in whether the smoke
reaches the district (mean downwind exposure, 3.27 km?, in fact exceeds mean upwind ex-
posure, 2.34 km?). Agricultural income and labor market linkages between a district and its
neighbors do not depend on the direction of the wind, so a confounding shock of this kind
should load on both measures. As we show in Section 5, the estimated downwind coefficients
are consistently null (Figure 2, Panel C, and Appendix Table A4).

Second, the estimated effect could in principle reflect shocks common to a broader area
rather than pollution received by the district itself. To address this, we control directly for the
average upwind exposure of neighboring districts, a proxy for region-wide burning intensity;
as we show in Section 5.7, the estimates are unaffected (Appendix Table AS).

Third, wind direction is determined by meteorology and follows predetermined climatolog-
ical patterns; it cannot respond to socioeconomic conditions or schooling investments in the
receiving district, and reverse causality is ruled out because fires are set by farmers outside the
district on their own harvest schedule. A related potential concern is that, to the extent that wind
patterns persist over long horizons, a district’s windward orientation could be correlated with
its long-run socioeconomic character. Our design, however, never compares windward districts
to leeward ones. District fixed effects absorb all time-invariant differences across districts, in-
cluding any long-run socioeconomic or developmental consequences of local wind patterns,
baseline poverty, and baseline cognitive performance. As Section 4 makes explicit, identifica-
tion comes from within-district variation over time: we compare children in the same district
surveyed in years with more versus less upwind burning, so that stable features of windward
locations cannot drive the estimates.

Fourth, remaining confounders would have to be time-varying, upwind-specific, and unre-
lated to burning itself; our specifications absorb these margins through province-by-year fixed
effects, which absorb any shock common to a province in a given year, district-specific linear
trends, and controls for fires within the own district, weather (SPEI), wind speed, and local
economic activity (nighttime lights), and the estimates remain stable across all of these spec-
ifications (Section 5.7, Table 2). We therefore interpret the upwind coefficients as the causal

effect of fire-driven pollution exposure.
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5 Results

5.1 Validation: Upwind Fires and Pollution

Before turning to the main analysis, we verify that our exogenous measure of burned area is
meaningfully associated with district-level pollution. Since the upwind burned area represents
fires whose emissions are carried into the focal district by prevailing winds, we expect only
upwind fires to increase PM, 5 concentrations, whereas downwind fires should show no sig-
nificant association. Figure 2 (Panel A) reports coefficients from regressions of district-level
PM, 5 on upwind and downwind fires, controlling for district and year fixed effects and district-
specific linear time trends; the corresponding estimates are reported in Appendix Table A2. The
coefficient on upwind fires is 0.035 (p < 0.01): a one standard deviation increase in upwind
burned area raises district-level PM5 5 by 0.22 pg/m>, or about 0.4% of the sample mean of
51.5 ug/m>. The coefficient on downwind fires is statistically insignificant. The per-km? ef-
fect is smaller than the 0.49 pg/m?> reported by Pullabhotla et al. (2023) using ground-station
monitors, although differences in measurement technology and spatial resolution make direct
comparison difficult: ground monitors capture highly localized concentrations near emission
sources, whereas satellite-based estimates smooth local variation across grid cells (Diao et al.,
2019). Nonetheless, the result confirms that the upwind measure captures meaningful variation

in pollution exposure.
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| i

English Score { _ | English Score+{

Normalized Score B 1 Normalized Score -

Dropped Out{ —+ Dropped Out-{ —r

I
04 06 -01 -.008 -006 -004 -002 0 -004 -.002 002 004

-84 52 0 02 0
Estimated Coefficient Estimated Coefficient Estimated Coefficient

(A) Validation: PM; 5 (B) Upwind (baseline) (C) Downwind (placebo)

Figure 2: Agricultural fires, pollution, and cognitive development. (A) Coefficients from
regressions of district-level PM; 5 on upwind and downwind burned area, with district and year
fixed effects and district-specific linear time trends (Appendix Table A2). (B) Coefficients of
upwind burned area on test scores (mathematics, reading, English, and the normalized learning
index) and school dropout, from the conditional baseline specification with district, survey-
year, and age fixed effects and child and household controls (Appendix Tables A3-A4). (C)
Corresponding coefficients of downwind burned area (placebo). Bars indicate 95% confidence
intervals. N ~ 689,000.

5.2 Agricultural Fires and Human Capital Development

Having established the link between agricultural fires and pollution, we turn to the main anal-

ysis. Figure 2 (Panels B and C) summarizes the baseline estimates from the conditional spec-

13



ification, which includes district, survey-year, and age fixed effects together with child and
household controls (gender, parental education and age, home ownership, and household as-
sets). The full estimates, including the unconditional specification and the placebo test, are
reported in Appendix Tables A3 and A4.

Exposure to upwind fires significantly reduces children’s cognitive performance across all
test domains. While the marginal effect per square kilometer is small, exposure is highly
skewed: nearly two-thirds of district-year observations experience no burning, while a subset is
exposed to substantially higher levels (mean = 2.34, SD = 6.22 km?). A one standard deviation
increase in upwind burned area reduces arithmetic test scores by approximately 0.03 points, a
1.5% decline relative to the mean; the proportional effects are similar for reading (1.6%) and
English (1.7%). In standardized terms, a one standard deviation increase in fire exposure re-
duces test scores by approximately 0.02 standard deviations. This magnitude is consistent with
a recent meta-analysis of causal studies, which reports average pollution effects on learning
outcomes in the range of 0.02-0.04 standard deviations (Nguyen, 2026); it is also comparable
to the effects of prenatal pollution (Sanders, 2012) and satellite-based air pollution (Gilraine
and Zheng, 2022) on test scores, and falls within the 2-5% of a standard deviation range of
rainfall-shock effects on math scores reported by Shah and Steinberg (2017). All test-score
estimates are significant at the 1% level. The estimated effect on dropout is close to zero and
statistically insignificant, indicating that contemporaneous fire exposure does not immediately
alter enrollment decisions. As shown in Appendix Table A3, the coefficients are virtually iden-
tical across the unconditional and conditional specifications, indicating that the estimates are
not driven by household socioeconomic characteristics or parental background and reinforcing
a causal interpretation.

Estimates for downwind fires are small and statistically indistinguishable from zero across
all outcomes (Figure 2, Panel C; Appendix Table A4). The finding that only upwind fires, which
transport smoke toward the district, reduce cognitive scores, while downwind fires have no
impact, provides strong evidence that the observed effects operate through pollution exposure
rather than through other channels associated with fire activity itself. While previous studies
have primarily examined pollution generated within a district, our results show that pollution
originating in neighboring districts can also adversely affect learning when carried into a child’s
district by prevailing winds (Mhawish et al., 2022).

5.3 Heterogeneity by Age and Gender

Gender disparities are pervasive in Pakistan, especially in education. To assess whether the
effects of exposure vary by age and gender, we divide children into four groups: younger girls,
older girls, younger boys, and older boys. We define the younger cohort as children aged 5-10
and the older cohort as those aged 11-16, which broadly corresponds to the transition from

primary to secondary education, in line with Shah and Steinberg (2017). Figure 3 presents the
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estimates, with the full results in Appendix Table A6.

Both boys and girls appear to be affected in a similar manner relative to their respective
outcome means. For instance, a one standard deviation increase in upwind burned area reduces
arithmetic scores by 1.4% for younger girls, 1.7% for older girls, 1.8% for younger boys, and
1.3% for older boys, relative to their respective means. In absolute magnitude, the point es-
timates are largest for older girls, although in proportional terms the four groups are broadly
comparable. Similar patterns are observed for reading, English, and the overall learning index.
The lack of gender differences in the short-run test-score effects may reflect the limited tem-
poral window: since we focus on contemporaneous exposure, the duration may be too short
for parents to perceive any deterioration in their children’s cognitive performance and respond
through changes in educational investment or attendance. This gender similarity applies to test
scores; gendered differences instead appear in how families respond to that decline through

schooling and labor decisions, which we examine below.
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Figure 3: Heterogeneity by age and gender. Coefficients of upwind burned area on test scores
(mathematics, reading, English, and the normalized learning index), estimated separately for
four age—gender subgroups: (A) younger girls (5-10), (B) older girls (11-16), (C) younger
boys (5-10), and (D) older boys (11-16). All specifications include district, survey-year, and
age fixed effects and child and household controls. Bars indicate 95% confidence intervals.
Full estimates in Appendix Table A6.

5.4 Timing of Exposure

The 12-month exposure window in the baseline specification may mask differential effects de-
pending on when fires occur relative to the school calendar. In Pakistan, the academic year
begins in April, with summer vacations from June to mid-August and final examinations in
March. We disaggregate fire exposure into four quarterly windows relative to the September—
December ASER assessment period: the last three months (June—August, summer break),
three to six months (March—May, exam period and start of the new grade), six to nine months
(December—February), and ten to twelve months (the previous September—November). In the
rice-wheat calendar, wheat residue burning is concentrated in April-May following harvest,
while rice residue burning occurs in October—-November (Zahid et al., 2020). Figure 4 reports
the estimates, with the full results in Appendix Table A7.

Two findings emerge. First, fires during the active school term have the strongest negative
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effects on test scores, concentrated in the March—May window, which spans final examinations
and the transition into the new grade and coincides with the wheat-residue burning season; the
effect is present across all four subgroups. Older boys additionally show large effects from
fires in the September—November window, which coincides with the rice-residue burning sea-
son. Second, fires during the summer holidays (June—August) have negligible effects, consis-
tent with disruption to instructional time driving the cognitive consequences: during vacations
children are not engaged in formal learning, so smoke exposure has little immediate effect on
academic performance, whereas during the school term even short-term exposure can impair

attention, memory, and cognitive functioning.
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Figure 4: Timing of fire exposure. Coefficients of upwind burned area on test scores, by quar-
ter of the 12-month window preceding the survey, defined relative to the September start of the
ASER assessment. From most to least recent: 0—3 months (June—August, summer holidays),
3—-6 months (March—May, final exams and start of the new grade), 6-9 months (December—
February), and 10-12 months (the previous September—November). Points denote mathemat-
ics, reading, English, and the normalized learning index. Bars indicate 95% confidence inter-
vals. Full estimates in Appendix Table A7.
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5.5 Long-Run Impacts on Cognitive Performance

The impacts of fire exposure may persist beyond the year of occurrence, and focusing only
on contemporaneous effects could mask the overall impact. We therefore estimate current and
lagged effects of upwind exposure, including up to three annual lags, disaggregated by age
cohort and gender. Figure 5 reports the results for test scores.

Across all four subgroups, the contemporaneous effect of upwind fire exposure on the nor-
malized learning index is negative and statistically significant: a one standard deviation in-
crease in upwind burned area reduces the index by 0.018 SD for younger girls, 0.029 SD for
older girls, 0.022 SD for younger boys, and 0.024 SD for older boys. The lagged coefficients
are generally small and statistically insignificant, indicating that the cognitive effects of fire
exposure do not accumulate over time and that test scores recover within a year. The pattern
is similar across individual subjects: contemporaneous coefficients on mathematics, reading,
and English are uniformly negative, while lagged coefficients cluster around zero. As the next
section shows, however, the schooling and labor responses to this transitory cognitive shock

are neither transitory nor gender-neutral.
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Figure 5: Long-run impacts on test scores. Contemporaneous and lagged (up to three years)
coefficients of upwind burned area on test scores (mathematics, reading, English, and the nor-
malized learning index) for (A) younger girls, (B) older girls, (C) younger boys, and (D) older
boys. Bars indicate 95% confidence intervals.
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5.6 School Dropout and Child Labor

While the cognitive effects fade within a year, the behavioral responses to repeated exposure
are persistent and differ sharply by gender. Figure 6 reports the effects of contemporaneous and
lagged upwind exposure on child labor (Panels A and B; children aged 10—-17 in the PSLM)
and on school dropout (Panels C and D; ASER). The corresponding estimates are reported in
Appendix Tables A8 (dropout) and A9 (child labor).

Turning first to child labor, the point estimates for girls are positive at lags one through
three but reach statistical significance only at the two-year lag (Figure 6, Panel A; Appendix
Table A9). For boys, upwind fires also increase the likelihood of engaging in child labor.
The contemporaneous effect is marginally significant at the 10% level, while the effects at
the first and second lags are statistically significant. The effect then diminishes and becomes
statistically insignificant by the third lag (Panel B). In terms of magnitude, a one standard
deviation increase in upwind exposure (6.22 km?) at the two-year lag raises the probability of
work by approximately 0.27 percentage points for boys (1.5% of their mean rate of 17.9%) and
0.19 percentage points for girls (3.2% of their mean of 6.0%); in proportional terms, the delayed
response is thus larger for girls. Together, these patterns indicate that fire exposure raises
children’s engagement in work, with effects that build over time, consistent with a reallocation
of time from schooling toward labor (Basu and Van, 1998; Edmonds, 2007).

The schooling response is sharply gendered. Among secondary-school-aged children, girls
become significantly more likely to drop out following upwind exposure, both in the current
year and for up to two subsequent years (Figure 6, Panel C; Appendix Table A8). A one stan-
dard deviation increase in upwind exposure raises older girls’ dropout probability by roughly
0.7, 0.9, and 0.6 percentage points in the year of exposure and the following two years; cumu-
lated over these three years, the effect is about 2.2 percentage points, or approximately 12%
of their mean dropout rate of 17.8%. Boys, by contrast, remain enrolled despite their greater
engagement in work and their diminished cognitive performance (Panel D). This asymmetry is
consistent with gendered parental investment. Pakistan is a patrilocal society in which daugh-
ters typically join the husband’s household after marriage (Khalil and Mookerjee, 2019), which
lowers parents’ perceived returns to investing in girls’ education (Jayachandran, 2015). When
parents observe a decline in a daughter’s performance, they may be more inclined to with-
draw her from school or redirect her toward domestic responsibilities, whereas sons are kept
in school even as they take on work. Taken together, the labor and dropout responses suggest
that fire exposure can set in motion self-reinforcing cycles in which pollution depresses human
capital, which in turn deepens reliance on child labor and, for girls in particular, reinforces the

intergenerational transmission of educational disadvantage.
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Figure 6: Child labor and dropout by gender. Coefficients of upwind fires on child labor (A,
B; worked in the month preceding the survey, ages 10—17, PSLM) and school dropout (C, D;
ASER), for the current year and up to three annual lags, estimated separately for girls and boys.
Bars indicate 95% confidence intervals. Full estimates in Appendix Tables A8 and A9.
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5.7 Robustness

We subject the baseline results to a battery of robustness exercises, reported in Tables 1 and
2. First, we vary the exposure radius. Using radii of 10, 20, 30, 40, and 50 km (Table 1), the
detrimental effects of upwind fires are strongest closest to the district boundary and attenuate
monotonically with distance, becoming statistically insignificant at 40 km and beyond, consis-
tent with the physical dispersion of pollutants. Downwind fires show no discernible effect at
any radius.

Second, we probe sensitivity to sample composition and specification (Table 2). The results
are robust to (i) excluding the top five percentile of high-exposure districts, which if anything
strengthens the estimated effects; (i1) including district-specific linear time trends; (iii) replac-
ing year fixed effects with province-year fixed effects; (iv) excluding children who were never
enrolled or had already dropped out; and (v) controlling for agricultural fires within the focal
(source) district together with average wind speed, district-level pollution, weather (SPEI), and
local economic activity (nighttime lights). Across all of these exercises, the coefficients on
upwind fires remain negative, statistically significant, and close to the baseline in magnitude,
reinforcing the interpretation of the estimated effects as the causal impact of pollution exposure.

Third, we control for the average upwind exposure of neighboring districts, a proxy for
region-wide burning intensity (Appendix Table A5). The own-district coefficients are essen-
tially unchanged, while neighboring exposure is small and statistically insignificant, implying
that outcomes respond to the pollution a district directly receives rather than to conditions in

the surrounding region.
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Table 1: Agricultural Fires and Cognitive Development: Different Radii

Math Reading English Normalized Dropped
Dependent Variable Score Score Score Score Out
(D (2) (3) 4 )
Panel A: 10 KM Radius
Upwind Fires; -0.0056%** -0.0069%*** -0.0076%** -0.0046%** 0.0001
(0.0021) (0.0020) (0.0023) (0.0014) (0.0003)
Downwind Fires; 0.0008 0.0014 0.0022 0.0010 -0.0004
(0.0026) (0.0021) (0.0024) (0.0015) (0.0003)
Panel B: 20 KM Radius
Upwind Fires; -0.0029%** -0.0033%** -0.0036%* -0.0022%* 0.0001
(0.0014) (0.0013) (0.0016) (0.0009) (0.0002)
Downwind Fires; -0.0005 -0.0001 0.0002 -0.0001 -0.0002
(0.0013) (0.0011) (0.0014) (0.0008) (0.0001)
Panel C: 30 KM Radius
Upwind Fires; -0.0015 -0.0021%* -0.0025%* -0.0014* -0.0001
(0.0012) (0.0011) (0.0013) (0.0008) (0.0001)
Downwind Fires; -0.0006 -0.0002 -0.0001 -0.0002 -0.0001
(0.0010) (0.0009) (0.0011) (0.0007) (0.0001)
Panel D: 40 KM Radius
Upwind Fires; -0.0008 -0.0012 -0.0015 -0.0008 -0.0001
(0.0009) (0.0008) (0.0009) (0.0006) (0.0001)
Downwind Fires; -0.0008 -0.0003 -0.0004 -0.0003 -0.0001
(0.0009) (0.0008) (0.0009) (0.0006) (0.0001)
Panel E: 50 KM Radius
Upwind Fires; -0.0007 -0.0009 -0.0012 -0.0006 -0.0001
(0.0007) (0.0007) (0.0008) (0.0005) (0.0001)
Downwind Fires; -0.0007 -0.0001 -0.0004 -0.0002 -0.0001
(0.0008) (0.0007) (0.0008) (0.0005) (0.0001)

Note: *, ** and *** denote significance at the 10%, 5%, and 1% levels, respectively. All specifications include fixed
effects for the child’s age, district, and survey year, as well as the full set of child and household controls. Standard
errors clustered at the district level are reported in parentheses.
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Table 2: Agricultural Fires and Cognitive Development: Robustness Exercises

Math Reading English Normalized Dropped
Dependent Variable Score Score Score Score Out
ey 2 3) “ )
Panel A: Excluding High-Exposure Regions
Upwind Fires; -0.0087*%* -0.0095%%* -0.0091%* -0.0062%** 0.0002
(0.0037) (0.0037) (0.0042) (0.0026) (0.0004)

Panel B: Controlling for District-Specific Time Trends

Upwind Fires; -0.0050%** -0.0055%** -0.0057#** -0.0037#%* 0.0001
(0.0016) (0.0015) (0.0018) (0.0010) (0.0002)

Panel C: Province-Year Fixed Effects

Upwind Fires; -0.0039%** -0.0046%** -0.0039* -0.0028** 0.0001
(0.0017) (0.0017) (0.0020) (0.0012) (0.0002)

Panel D: Excluding Never Enrolled and Dropped Out Children

Upwind Fires; -0.0044**%* -0.0047%#%* -0.00571%#%** -0.00327%%** -
(0.0015) (0.0015) (0.0019) (0.0010) -

Panel E: Additional Controls (Source Fires, Weather, Wind Speed, Nightlights)

Upwind Fires; -0.00571*** -0.0048#** -0.0051** -0.0034#** 0.0001
(0.0018) (0.0018) (0.0021) (0.0012) (0.0003)

Note: *, ** and *** denote significance at the 10%, 5%, and 1% levels, respectively. Panel A excludes the top five percentile
of high-exposure districts (conditional on experiencing fires); Panel D drops children who were never enrolled or had already
dropped out; Panel E adds controls for fires in the source district, SPEI, wind speed, district-level PM, 5, and nighttime lights.
All specifications include the baseline fixed effects and controls. Standard errors clustered at the district level are reported in
parentheses.
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6 Conclusion

Agricultural land clearing through open burning is a major challenge in many developing coun-
tries and is associated with severe environmental and health consequences. This study investi-
gates the impact of exposure to agricultural fires on the cognitive development of children aged
5-16 in Pakistan. Leveraging variation in wind direction, we construct a treatment measure that
captures exposure to pollution from upwind fires, which transport fine particulate matter into a
child’s district of residence. As a placebo test, we examine downwind fires, which reflect the
same burned area but, due to wind direction, disperse pollution away from the child’s location.

Our findings show that exposure to upwind fires within 15 km of a district’s boundary has
significant adverse effects on children’s cognitive performance, whereas downwind fires have
no measurable impact. These results are robust to alternative exposure radii and to controls
for local weather, economic activity, and other potential confounders. The effects are similar
for boys and girls in the short run, and fires occurring during the school term are particularly
detrimental while exposure during holidays is inconsequential. In the longer run, older girls
(aged 11-16) become more likely to drop out of school, consistent with parents withdrawing
girls from schooling because of lower perceived returns to female education in a patrilocal
society, while child labor rises for both boys and girls in the years following exposure. Pollution
exposure thus disrupts both cognitive development and educational trajectories and triggers
compensatory labor responses within households, with consequences that persist for several
years.

Several limitations temper these conclusions. First, although the upwind—downwind com-
parison addresses many identification concerns, we cannot entirely rule out that wind direction
is correlated with unobserved determinants of child outcomes; the stability of the estimates
across the robustness exercises in Section 5.7, including district-specific trends, province-year
fixed effects, and controls for source-district fires and local economic activity, mitigates this
concern. Second, satellite fire products likely under-detect the true extent of burning because of
cloud cover, atmospheric conditions, and the timing of satellite overpasses. Since such under-
detection introduces classical measurement error into the exposure variable, our estimates most
plausibly represent a lower bound, with the true effects potentially larger. Third, agricultural
fires emit a complex mixture of pollutants, so while we identify the effect of fire-driven pol-
lution as a whole, we cannot isolate the specific compounds, such as fine particulate matter or
black carbon, responsible for the cognitive and behavioral responses we document.

The findings carry direct policy implications. Because the harms of agricultural burning
extend beyond health to children’s learning and schooling, the case for curbing it is stronger
than health-focused assessments alone would suggest. Agricultural residue burning in Pakistan
is driven by the low cost of open burning relative to mechanized alternatives and the narrow
window between harvest and replanting; subsidies or credit schemes for mechanized harvest-

ing equipment could reduce burning incentives while maintaining agricultural productivity. At
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the regulatory level, since fires during the academic months have the most pronounced effects
while those during summer holidays are largely inconsequential, targeted enforcement of ex-
isting burning bans during the school year, or strengthened bureaucratic incentives to enforce
them (Dipoppa and Gulzar, 2024), may generate the greatest educational benefits. School-level
interventions, such as air filtration in classrooms or adjustments to the exam calendar to avoid
peak burning periods, offer lower-cost alternatives. The persistent dropout effects for older
girls also point to the value of conditional cash transfers or other gender-targeted programs that
sustain parental investment in girls’ education in the aftermath of environmental shocks.

Title: Declaration of generative Al and Al-assisted technologies in the manuscript prepara-
tion process.
Statement: During the preparation of this work, the authors used ChatGPT to check grammar,
spelling, and readability. After using this tool, the authors reviewed and edited the content as

needed and takes full responsibility for the content of the published article.
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Al Additional Tables and Figures

Table Al: Summary Statistics

Variable Mean Standard Deviation Min Max Source
Panel A: Main Outcome Variables
Math Score 2.000 1.494 0 4 ASER
Reading Score 2.028 1.534 0 4 ASER
English Score 1.944 1.566 0 4 ASER
Normalized Score 0.000 1.000 -1.399 1.395 ASER
Dropped Out 0.071 0.256 0 1 ASER
Child Labor 0.124 0.329 0 1 PSLM
Panel B: Explanatory Variables of Interest
Upwind Fires 2.340 6.221 0 66.71 ESA
Downwind Fires 3.271 8.059 0 68.03 ESA

Note: The table provides summary statistics for the key variables used in the analysis.



Table A2: Agricultural Fires and Pollution: Validation Exercise

Dependent Variable = PM2.5 Particulate Matter

(1) (2) (3)
Upwind Fires; 0.036%** 0.035%**
(0.010) (0.011)
Downwind Fires; 0.016 0.006
(0.021) (0.022)
Mean Outcomes 51.523 51.523 51.523
Observations 670 670 670

Note: *,** and *** denote significance at the 10%, 5%, and 1% level, respectively.

All specifications include district and year fixed effects, controls for weather (SPEI)
and average wind speed, and district-specific linear time trends. Standard errors are
clustered at the district level. The sample covers the district-year panel common to
the fire and pollution data, 2005-2016.



Table A3: Agricultural Fires and Cognitive Development: Baseline Results

Math Reading English Normalized Dropped
Dependent Variable Score Score Score Score Out
(D () 3) “) 5)
Panel A: Unconditional Specifications
Upwind Fires; -0.0049%%** -0.0052%%** -0.0054#%** -0.0035%%** 0.0001
(0.0018) (0.0015) (0.0019) (0.0011) (0.0002)
Mean Outcomes 2.000 2.028 1.944 0.000 0.071
Observations 712285 713706 711497 719010 713622

Panel B: Conditional Specifications

Upwind Fires; -0.004 8** -0.0052%** -0.0054 %3 -0.003 5% 0.0001
(0.0016) (0.0015) (0.0019) (0.0010) (0.0002)

Mean Outcomes 1.999 2.026 1.942 -0.001 0.071

Observations 688813 690128 688073 695182 689460

Note: *, ** and *** denote significance at the 10%, 5%, and 1% levels, respectively. All specifications include fixed
effects for the child’s age, district, and survey year. In Panel B, additional controls include the child’s gender, parental
education and age, home ownership status, and household assets such as access to television, electricity, and mobile
phone connection. Standard errors clustered at the district level are reported in parentheses.



Table A4: Agricultural Fires and Cognitive Development: Placebo (UW and DW Fires)

Math Reading English Normalized Dropped
Dependent Variable Score Score Score Score Out
) 2) 3) “4) )
Upwind Fires; -0.0048***  -0.0053*** -0.0056*** -0.0036***  0.0001
(0.0016) (0.0015) (0.0019) (0.0010)  (0.0002)
Downwind Fires; 0.0003 0.0008 0.0013 0.0006 -0.0003
(0.0018) (0.0015) (0.0018) (0.0011)  (0.0002)
Mean Outcomes 1.999 2.026 1.942 -0.001 0.071
Observations 688813 690128 688073 695182 689460

Note: *, **% and *** denote significance at the 10%, 5%, and 1% levels, respectively. All specifications
include fixed effects for the child’s age, district, and survey year, as well as controls for the child’s gender,
parental education and age, home ownership status, and household assets. Standard errors clustered at the
district level are reported in parentheses.



Table AS: Agricultural Fires and Cognitive Development: Regional Spillovers

Math Reading English Normalized Dropped
Dependent Variable Score Score Score Score Out
) 2) 3) “) )
Upwind Fires; -0.0045%** -0.0051*** -0.0054*** -0.0034***  0.0001
(0.0017) (0.0015) (0.0020) (0.0011)  (0.0002)
Downwind Fires; 0.0008 0.0011 0.0016 0.0008 -0.0004
(0.0020) (0.0017) (0.0020) (0.0012)  (0.0002)
Neighboring UW Fires;  -0.0008 -0.0006 -0.0006 -0.0005 0.0001
(0.0009) (0.0008) (0.0009) (0.0006)  (0.0001)
Mean Outcomes 1.999 2.026 1.942 -0.001 0.071
Observations 688813 690128 688073 695182 689460

Note: *, ¥* and *** denote significance at the 10%, 5%, and 1% levels, respectively. All specifications include
fixed effects for the child’s age, district, and survey year, as well as controls for the child’s gender, parental
education and age, home ownership status, and household assets. Standard errors clustered at the district level
are reported in parentheses.



Table A6: Agricultural Fires and Cognitive Development: Heterogeneity by Age and Gender

Math Reading English Normalized
Dependent Variable Score Score Score Score
(1 2) 3) 4
Panel A: Younger Girls (Age 5-10)

Upwind Fires; -0.0033* -0.0046%* -0.0035 -0.0026%**

(0.0017) (0.0019) (0.0021) (0.0012)
Mean Outcomes 1.416 1.429 1.366 -0.399
Observations 174986 175343 174699 176510

Panel B: Older Girls (Age 11-16)

Upwind Fires; -0.0069%** -0.0067** -0.0072%* -0.0048**
(0.0032) (0.0030) (0.0033) (0.0021)

Mean Outcomes 2.546 2.623 2.515 0.389

Observations 88664 88704 88540 89553

Panel C: Younger Boys (Age 5-10)

Upwind Fires; -0.0045%* -0.0048** -0.0051%** -0.0033***
(0.0017) (0.0019) (0.0022) (0.0012)

Mean Outcomes 1.597 1.594 1.519 -0.287

Observations 258336 259014 258098 260676

Panel D: Older Boys (Age 11-16)

Upwind Fires; -0.0060** -0.0057%* -0.0069%** -0.0042%*
(0.0029) (0.0027) (0.0029) (0.0019)

Mean Outcomes 2.944 3.006 2.897 0.652

Observations 166827 167067 166736 168443

Note: *, ** and *** denote significance at the 10%, 5%, and 1% levels, respectively. All speci-
fications include fixed effects for the child’s age, district, and survey year and the full set of child
and household controls. Standard errors clustered at the district level are reported in parentheses.



Table A7: Agricultural Fires and Cognitive Development: Temporal Window Within One Year

Math Reading English Normalized Dropped
Dependent Variable Score Score Score Score Out
() (2 3 4) (5)
Panel A: Younger Girls (Age 5-10)
Upwind Fires (Last Three Months); 0.0038 -0.0006 0.0032 0.0014 -0.0001
(0.0038) (0.0048) (0.0044) (0.0029) (0.0002)
Upwind Fires (Three to Six Months); -0.0082#**  -0.0083*** -0.0107*** -0.0062***  (0.0002
(0.0025) (0.0032) (0.0036) (0.0020) (0.0002)
Upwind Fires (Six to Nine Months); -0.0076** -0.0068* -0.0048 -0.0044* 0.0003
(0.0030) (0.0037) (0.0053) (0.0025) (0.0002)
Upwind Fires (Ten to Twelve Months); 0.0059 0.0025 0.0058 0.0031 -0.0000
(0.0051) (0.0072) (0.0050) (0.0038) (0.0007)
Mean Outcomes 1.416 1.429 1.366 -0.399 0.033
Observations 174986 175343 174699 176510 159000
Panel B: Older Girls (Age 11-16)
Upwind Fires (Last Three Months); -0.0006 -0.0034 -0.0013 -0.0014 -0.0001
(0.0050) (0.0052) (0.0042) (0.0032) (0.0009)
Upwind Fires (Three to Six Months), -0.0101* -0.0085 -0.0103* -0.0065 0.0005
(0.0057) (0.0059) (0.0062) (0.0040) (0.0008)
Upwind Fires (Six to Nine Months); -0.0088***  -0.0056%** -0.0086*  -0.0053***  (.0012
(0.0033) (0.0028) (0.0045) (0.0019) (0.0018)
Upwind Fires (Ten to Twelve Months); -0.0079 -0.0129 -0.0081 -0.0063 -0.0003
(0.0138) (0.0129) (0.0137) (0.0091) (0.0020)
Mean Outcomes 2.546 2.623 2.515 0.389 0.182
Observations 88664 88704 88540 89553 94414
Panel C: Younger Boys (Age 5-10)
Upwind Fires (Last Three Months); 0.0007 -0.0022 -0.0003 -0.0005 -0.0000
(0.0045) (0.0040) (0.0048) (0.0029) (0.0002)
Upwind Fires (Three to Six Months), -0.0091#**  -0.0094*** -0.0131*** -0.0072***  (0.0002
(0.0028) (0.0031) (0.0040) (0.0022) (0.0002)
Upwind Fires (Six to Nine Months), -0.0072%** -0.0063 -0.0056 -0.0043* 0.0001
(0.0032) (0.0042) (0.0048) (0.0026) (0.0002)
Upwind Fires (Ten to Twelve Months); 0.0044 0.0042 0.0057 0.0032 0.0001
(0.0046) (0.0056) (0.0039) (0.0031) (0.0003)
Mean Outcomes 1.597 1.594 1.519 -0.287 0.025
Observations 258336 259014 258098 260676 253380
Panel D: Older Boys (Age 11-16)
Upwind Fires (Last Three Months); 0.0068* 0.0038 0.0055 0.0035 0.0001
(0.0036) (0.0037) (0.0038) (0.0025) (0.0006)
Upwind Fires (Three to Six Months), -0.0120%** -0.0115* -0.0137**  -0.0084*%* 0.0004
(0.0059) (0.0059) (0.0065) (0.0041) (0.0007)
Upwind Fires (Six to Nine Months), -0.0045* -0.0018 -0.0048* -0.0026* 0.0002
(0.0027) (0.0021) (0.0028) (0.0014) (0.0005)
Upwind Fires (Ten to Twelve Months),  -0.0245%*  -0.0258***  -0.0243**  -0.0165**  -0.0005
(0.0103) (0.0095) (0.0094) (0.0066) (0.0020)
Mean Outcomes 2.944 3.006 2.897 0.652 0.112
Observations 166827 167067 166736 168443 182666

Note: *, ** and *** denote significance at the 10%, 5%, and 1% levels, respectively. Fire exposure is decomposed into four
quarterly windows relative to the September start of the ASER assessment. All specifications include the full set of fixed effects
and controls. Standard errors clustered at the district level are reported in parentheses.
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Table A8: Long-Run Effects on School Dropout, by Age and Gender

Younger Older Younger Older
Dependent Variable: Dropped Out Girls Girls Boys Boys
(1) (2) 3) 4)
Upwind Fires; 0.0002 0.0011%** 0.0001 0.0004
(0.0001) (0.0005) (0.0001) (0.0004)
Upwind Fires;_; 0.0003* 0.0014** 0.0001 0.0006
(0.0002) (0.0006) (0.0001) (0.0004)
Upwind Fires » 0.0002 0.0010Q%** 0.0002%** 0.0004
(0.0001) (0.0004) (0.0001) (0.0003)
Upwind Fires_3 0.0000 0.0003 0.0000 0.0003
(0.0001) (0.0002) (0.0001) (0.0002)
Mean Outcomes 0.032 0.178 0.024 0.114
Observations 142210 85530 224838 163501

Note: *, ** and *** denote significance at the 10%, 5%, and 1% levels, respectively. The dependent variable
equals one if the child has dropped out of school. Each column reports contemporaneous and lagged (up
to three years) coefficients of upwind burned area for the indicated age—gender subgroup. All specifications
include the full set of fixed effects and controls. Standard errors clustered at the district level are reported in
parentheses.



Table A9: Agricultural Fires and Child Labor

Worked Worked

Dependent Variable (Girls) (Boys)
(1 (2)
Upwind Fires; -0.00005 0.00021*
(0.00011) (0.00012)
Upwind Firesy_ 0.00007 0.00039%*%**

(0.00006) (0.00015)
Upwind Fires_, 0.00031%**  0.00044%**

(0.00007) (0.00010)
Upwind Fires_3 0.00011 0.00017

(0.00009) (0.00010)

Mean Outcomes 0.060 0.179
Observations 233413 272850

Note: *, ** and *** denote significance at the 10%, 5%, and
1% levels, respectively. The sample comprises children aged
10-17 from the PSLM. The dependent variable equals one if
the child worked at any time during the month preceding the
survey. Each column reports contemporaneous and lagged
(up to three years) coefficients of upwind burned area. All
specifications include the full set of fixed effects and controls.
Standard errors clustered at the district level are reported in
parentheses.
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