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Abstract

Can temperature stress affect student achievement? Using admin-
istrative data from 2.6 million high stakes exams in New York City
public high schools (1998-2008), I find evidence that heat exposure
can exert a negative impact on contemporaneous exam performance
and may also reduce cumulative learning attainment. For the aver-
age student, taking high school exit exams on a 90F day relative to
a 75F day is associated with approximately 0.19 standard deviations
lower exam scores and a 12.3% higher likelihood of failing that exam.
Looking at the impact of hot days during the school year, I find that
cumulative heat stress reduces subsequent test performance by approx-
imately 1.3% of a standard deviation per day above 85F. The average
short-run effect masks substantial heterogeneity, with low-performing
students and schools experiencing disproportionate impacts. Avail-
ability of air conditioning at school seems to have a mild though in-
complete protective effect, highlighting the importance of adaptation
in estimating the welfare impacts of climate change (Deschenes et al,
2015; Kahn, 2016). These findings support the notion that climate
change may affect underlying economic growth rates (Pindyck, 2013;
Dell, Jones, Olken, 2014) by reducing human capital accumulation,
and recent work documenting persistent impacts of neighborhoods on
individuals’ economic mobility (Chetty, Hendren, Katz, 2015).
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1 Introduction

What is the relationship between temperature and educational attainment?
Given the centrality of human capital to economic growth (Mankiw, Romer,
Weil, 1990; Goldin and Katz, 2009), the well-documented correlation be-
tween income and climate across and within countries (Acemoglu and Dell,
2010; Dell, Jones, Olken, 2014), and the imminent prospect of human-caused
climate change, this seems a question of deep and immediate policy relevance.

From the perspective of climate policy, ongoing uncertainty regarding the
social cost of carbon is due in part to our poor understanding of whether its
economic impacts will manifest primarily as shocks to the level of output or as
permanent reductions to growth rates (Pindyck, 2013)1. From the standpoint
of the economics of human capital, it is unclear whether schools should invest
scarce resources in protecting students from ambient environmental condi-
tions such as extreme temperature, in part because there is little empirical
evidence that temperature should factor into the human capital production
function. More generally, the role that climate — as opposed to institutional
factors which happen to be correlated with latitude — plays in determining
long-run economic trajectories both within and across countries remains un-
settled (Acemoglu, Johnson, Robinson, 1999; Sachs, Gallup, Mellinger, 2001;
Dell, Jones, Olken, 2014).

Recent empirical work suggests that heat stress can have adverse causal
impacts on human welfare across a range of contexts. These include effects
of hot days on health (Deschenes et al, 2015), labor supply (Zivin and Nei-
dell, 2014), and labor productivity (Sudarshan et al, 2014; Deryugina and
Hsiang, 2014; Zivin et al, 2015), among others. In most cases, the impacts
of heat stress are non-trivially large - for instance, labor supply and produc-
tivity reductions are found to be on the order of a few percentage points per
degree Fahrenheit above room temperature - suggesting that even mild heat
stress can affect not only raw cognitive or physical ability, but also induce
behavioral responses in measurable ways.

And yet, apart from evidence from low-stakes laboratory or home settings
(Seppanen et al, 2006; Zivin et al, 2015), the role that temperature plays in
human capital development remains poorly understood. This study seeks
to provide a first step toward understanding whether and to what extent

1There is also considerable uncertainty over the distributional consequences of climate
change, and how equity-weighting may affect the implied social cost of carbon (Anthoff et
al, 2009).
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temperature exerts a meaningful influence in the human capital production
process, using evidence from high stakes exams in public schools.

Given existing evidence, one might expect extreme heat to affect student
learning outcomes through at least two separate but related channels. First,
heat stress might reduce students’ cognitive ability or effort levels during high
stakes exams, resulting in lower scores than would have been the case under
optimal conditions. Second, heat exposure during class time over the school
year may reduce pedagogically engaged hours2 resulting in lower learning
attainment. From a distributional perspective, if either the overall level of
exposure or students’ behavioral responses to heat stress depend on income
or socioeconomic status, we might expect the same climatic event to have
regressive welfare impacts if either or both of these channels are operational.

To study the impact of temperature on educational outcomes, I use
administrative records from New York City public schools, which provide
student-level data for high school exit exams from 810 high schools between
1998 and 2009 - exams that are taken in late June of each year. My empirical
strategy exploits the randomness of day-to-day and year-to-year temperature
shocks to identify the causal impact of heat stress on short-run test perfor-
mance and long-run learning attainment. Since students are assigned to test
dates and locations without prior knowledge of temperature stress or the
ability to reschedule, temperature on the day of an exam is unlikely to be
correlated with student quality. Similarly, year-to-year fluctuations in the in-
cidence of hot days are unlikely to be systematically correlated with student
performance, especially when comparing the same schools over time.

I test three main hypotheses in this paper: first, whether heat exposure
during the time of the NY State Regents exam leads to reduced test per-
formance (I will refer to this channel as the ”contemporaneous performance
impact” of heat exposure); second, whether cumulative temperature stress
over the course of a school year reduces learning, measured in terms of per-
formance on these and other standardized assessments taken by students
throughout their primary and secondary schooling (”cumulative learning im-
pact”); and third, whether the impacts of temperature exposure vary by
student ability or school quality.

The findings reveal that hot temperature exerts a statistically significant

2This may occur due to reduced cognitive capacity of students and/or teachers dur-
ing class, increased likelihood of disruptive incidents, increased absenteeism, or reduced
cognitive capacity of students and/or parents during homework time at home.
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and economically meaningful impact on short run test performance, both in
terms of exam scores and pass rates. Taking a high school exit exam on a 1
standard deviation hotter day (+7.8F) results in a 0.09 standard deviation
(1.7 point) reduction in test performance. Put differently, taking an exam
on a hot 90F day compared to an average 75F day results in a 0.19 standard
deviation (3.4 point) reduction in test scores for the median student. The
likelihood of failing any given subject exam increases by 12.3% (5.2 percent-
age points) per standard deviation increase in test day temperature. These
effects are robust to a wide range of specifications, including models with
school, year, and student fixed effects, as well as controls for precipitation,
snow, time of day, and day of year.

These average treatment effects mask significant heterogeneity across stu-
dents. High-performing students (measured by elementary and middle school
standardized English and Math exam scores) seem to be relatively unaffected
by heat stress, while low-performing students suffer disproportionately larger
negative impacts: up to five times as large for bottom versus top perform-
ers. This is true both in absolute terms — percentage declines in scores
and pass probabilities per degree Fahrenheit — as well as relative to their
decile-specific average variabilities – percentage declines divided by the sub-
population standard deviations. Similar patterns persist when looking across
schools of varying average performance levels as well.

Finally, the evidence suggests that cumulative heat stress may reduce
learning attainment due to disrupted class time, though the estimates are
less precisely estimated. An additional day above 85F during the school year
reduces subsequent test performance by approximately 1.2% of a standard
deviation (0.22 points), controlling for the contemporaneous performance
impact of temperature on exam days.

Previous research examining students from the same school district sug-
gests that the wage impacts of even minor learning disruptions during pri-
mary and secondary school can be substantial — on the order of 1.3% lower
wages at age 28 for a 0.10 standard deviation reduction in test scores (Chetty,
Rockoff, Friedman, 2014). While more evidence is needed to substantiate this
link, the existing evidence is consistent with emerging research on the long-
run impacts of environmental shocks during childhood and in-utero (Currie
et al, 2015; Isen et al, 2015; Lavy et al, 2015).

Using air conditioning installation data from a series of independent
school building audits commissioned by the NYC School Construction Au-
thority, I find evidence that air conditioning may mitigate some of the perfor-
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mance impacts of temperature stress, though the protective effect is incom-
plete. This echoes recent findings that estimate the role of air conditioning
in reducing mortality responses to heat stress (Deschenes et al, 2015), and
underscores the importance (and difficulty) of taking adaptive measures into
accurate account when estimating potential climate change impacts.

This article contributes to the literature on the economic consequences
of climate change by providing evidence on the human capital impacts of
heat stress, which are not currently included as part of the climate damage
functions used to assess the optimal price of carbon (Tol, 2009; Pindyck,
2013; Greenstone et al, 2013). It also sheds light on possible mechanisms
through which increased temperatures might reduce not only the level of
output but also its underlying growth rate, as documented, for instance,
by Dell, Jones and Olken (2013), by depressing the effective rate of human
capital accumulation over time, and supports the notion that the impacts of
climate change may, on net, have regressive welfare impacts.

This article also contributes to the education literature by providing evi-
dence of measurable impacts of environmental shocks on student attainment.
The results reported here suggest that, especially in poorer school districts,
heat-related learning disruption may be an important modifier to other well-
documented determinants of the human capital production function such as
teaching quality (Chetty et al, 2014) or non-cognitive skills (Cunha and Heck-
man, 2007). It also suggests that part of the racial achievement gap might
be explained by geography, given the higher likelihood of heat exposure for
Black and Hispanic minorities due to latitude and urban heat islands3.

Finally, the substantial heterogeneity in heat-related performance impacts
across student types, which tend to be highly geographically segregated, con-
tributes to a growing literature on the importance of local neighborhoods
in determining long run economic trajectories for families and individuals
(Chetty, Hendren, and Katz, 2015).

The rest of the paper proceeds as follows. Section II discusses the data
and institutional context. Sections III and IV present the econometric spec-
ifications and results for short-run test performance and long-run learning
attainment respectively. Section V interprets the results, and Section VII
concludes.

3Goodman, Park, and Smith (2016) explore this hypothesis using SAT and AP scores
in the United States.
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2 Background, Context, and Data

2.1 Temperature and Cognitive Performance

Previous research has documented a negative relationship between tempera-
ture stress and human task productivity on both cognitive and physical tasks
(Seppanen et al, 2006). Numerous lab experiments have shown that task per-
formance falls with heat stress, even for highly trained and well-acclimated
individuals such as British naval officers (Mackworth, 1945; Grether, 1973).
At extreme levels, heat stress can be deadly, as the body becomes dehy-
drated and hyperthermia begins to cause dizziness, muscle cramps, and fever,
eventually leading to acute cardiovascular, respiratory, and cerebrovascular
reactions4.

A recent economic literature has documented causal relationships between
heat stress and productivity in a wide range of economically relevant con-
texts. These include impacts of hot days on labor supply decisions (Zivin
and Neidell, 2014), labor productivity (Cachone et al, 2013; Sudarshan et
al, 2014), violent crime (Anderson, 1987; Hsiang et al, 2013) and even local
economic output (Deryugina and Hsiang, 2015; Park, 2016)5. There is also a
suggestion that temperature stress on the day of the exam may affect student
performance on cognitive assessments taken at home, though no evidence for
cumulative learning impacts have yet been found (NLSY, Zivin et al, 2015)6.

Few studies to date have explored the impact of temperature stress on
students in school environments, or during high stakes exams. Given the
increasing importance of human capital accumulation for individual as well
as national economic trajectories (Goldin and Katz, 2009), public schools
seem to be an important context in which to study the relationship between

4Exposure to heat is associated with increases in blood viscosity and blood cholesterol
levels (Deschenes and Moretti, 2009), which can eventually cause increased morbidity in
the form of heat exhaustion and stroke (Graff Zivin and Schrader, 2015). Combined with
humidity and intense physical exertion such as exercise or manual labor, heat can lead
to acute cardiovascular or respiratory failure. Deschenes et al (2015) estimate that an
additional day with temperatures above 90F cause a 0.11 percent increase in county-level
mortality rates in the United States.

5Heat stress in-utero has been shown to cause adverse economic outcomes later in life
as well (Isen et al, 2015). For a review of this rapidly evolving literature, see Dell, Jones,
and Olken (2014) or Heal and Park (2016).

6Studying the impact of pollution on cognitive ability, Lavy et al (2015) find a small
but significant impact of temperature on Israeli Bagrut exams, which are mandated to be
taken in air-conditioned rooms.
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temperature and educational outcomes — both in terms of the contempo-
raneous performance impact of heat stress on the day of the exam, as well
as the cumulative learning impact of heat stress over the course of a school
year.

2.2 Institutional Context: New York City Public Schools

2.2.1 The New York City Public Schools System

The New York City public schools system is the largest school district in the
United States, with over 1,500 schools and 1 million students across the five
boroughs. The district features many of the qualities characteristic of large,
urban public school districts in the US, including considerable heterogeneity
in race and socioeconomic status, generally low student performance, and
relatively old building stock.

Approximately 40% of the student body is Latino, 31% are African Amer-
ican, and 14% are Asian. Non-Hispanic whites comprise less than 15% of the
public school student population. The vast majority of students are poor,
with 78% qualifying for federally subsidized school lunch as of 2014. Many
high-income students, especially on the Upper East Side of Manhattan, at-
tend private schools and are thus not included in our sample. However,
the NYC public school system includes several prestigious magnet schools,
’Specialized Schools’ such as Stuyvesant Academy and Bronx Science, which
consistently rank among the nation’s best, resulting in a wide spectrum of
student ability and achievement even within the public school district.

The 4-year graduation rate, at 70%, is below the national average of 81%
but comparable to other large urban public school districts. Once again,
system-wide averages mask remarkable discrepancies in achievement across
neighborhoods. Schools in the predominantly Black or Hispanic neighbor-
hoods of Brooklyn and the Bronx have four-year graduation rates as low as
35% per year (Figure 1). In contrast, schools in higher income neighborhoods
of Manhattan or Staten Island have average graduation rates above 75%.

The typical NYC public school building was constructed in 1932, meaning
that the vast majority were built before centralized air conditioning systems
began to be included as the default for new construction. Though many
have been significantly renovated since inception, approximately 38% report
having no air-conditioning equipment as of 2012. Of the 62% that have air
conditioning, 42% (302 out of 719) have defective components, according to

8



building conditions assessments conducted by third-party auditors. The lack
of adequate air conditioning in NYC public schools has been suggested by
parents, teachers, and school administrators7 as a potential impediment to
learning achievement, though formal empirical assessments have not been
conducted to date.

2.2.2 New York State Regents Exams

The primary measure of performance used in this study is the NY State
Regents exam. These exams comprise a series of standardized subject as-
sessments which are administered by the New York State Education Depart-
ment (NYSED), and are more commonly known as high school exit exams.
The purpose of these examinations is to determine students’ eligibility to
receive a high school (Regents) diploma, in addition to providing students
with baseline assessments of college readiness by core subject (e.g. Algebra,
Physics).

These are high stakes exams for the average NYC student. Students
must receive a passing score on at least five core Regents subjects to obtain
a Regents diploma, and many public universities (e.g. CUNY) use Regents
score cutoffs in college admissions decisions8 9. Students often take several
Regents exams per year, usually in the spring of 10th, 11th, and 12th grade.

Because the exams in these core subjects are administered over the course
of 1 to 2 weeks in late June10 — when the average daytime high temperatures

7New York Times, ”New York’s Public School Students Sweat Out the End of the
Semester” (June, 2015)

8Prior to 2012, the passing score for a Regents Diploma was 65, but low-performing
schools were able to offer ’Local Diplomas’ with a less stringent passing requirement of 55
or above on the five core exams. As of 2012 (the cohort of students who were 9th graders
in 2008), the Local Diploma option was no longer available, and the passing threshold
became 65 or above for all students except those with known disabilities.

9The core subjects are Math (Integrated Algebra, Geometry, and/or Trigonometry),
English, Science (Physics, Earth Science, Biology, or Chemistry), US History & Govern-
ment, and Global History & Geography.

10Regents exams are also offered during two additional waves each year — once in
August, at the conclusion of summer school, and again in January, prior to the start of
spring term. These scores are included as part of the NYC DOE data set, however I focus
only on the subset of June exams, for two reasons. First, both August and January waves
likely feature substantial selection on unobservables. Summer school is primarily remedial
for public school students in NYC, meaning that August exams are taken only by a small
subset of under-performing pupils. Similarly, January exams are taken by students who

9



are 79 degrees Fahrenheit and frequently exceed 90F (32C) — it is not un-
common for students to be exposed to disruptive temperatures on exam day.
It is also possible for students to be exposed to heat stress during class time
in the semesters leading up to the exams, since the school year commences
in early September — when average daytime highs are around 76F, and fre-
quently veer above 90F — and ends during the last week of June11. Moreover,
students who fail their exams (or are deemed unready by their teachers to
progress to the next grade) are required to attend summer school, which
occurs in July and August. This means that low ability students are more
likely to be exposed to potentially disruptive heat exposures throughout their
careers.

Test dates and times are determined over a year in advance, and synchro-
nized across schools in the NYC public school system to prevent cheating.
Each exam is approximately 3 hours long, with a morning session that be-
gins at 9:15am and an afternoon session beginning at 1:15pm. The exact
dates and ordering of subjects within testing period vary from year to year,
allowing for additional identification of possible temperature impacts using
the interaction between daily temperature and afternoon/morning status, as
reported below.

Exams are centrally administered by the NYSED and, with a few ex-
ceptions, follow a consistent format over the study period, as tests in all
subjects and years in our sample are written by the same state-administered
entity. Exams are scored on a 0-100 scale, with scaling conducted according
to subject-specific rubrics provided by the NYSED each year12. All scores are

are enrolled in classes outside the usual order or cycle, either due to advanced standing
or remediation. If, for instance, August exams are makeup exams for students who failed
their first attempt (in June), including these entries in the broader sample may bias the
results of this analysis. Second, unlike the main June wave, which is spread out over the
course of 5 to 10 days, August and January exams are both administered over two days
each year, reducing the amount of daily temperature variation available for identification.
Thus, I focus only on June exams in the analysis.

11The record daytime high temperatures for June and September in Manhattan are 101
and 102 degrees F respectively.

12These scores are in principle comparable across years as well, though, as is often
the case with unstandardized test results, it is difficult to gauge the nature and extent of
year-to-year changes in scoring stringency arising from policy-induced changes at the State
level. A simple solution to this problem would be to standardize scores by subject and
year. However, if changes in average scores at the school or district level are driven in part
by year-to-year differences in temperature, as our model suggests, standardizing scores
would net out such aggregate differences, allowing only the identification of differential
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therefore comparable across schools and students within years. In principle,
they are comparable across years as well, though there are many reasons to
believe this may not necessarily be the case in practice, leading us to prefer
a model that incorporates year fixed effects when possible.

In summary, using Regents scores from the NYC DOE offers several
distinct advantages. First, they are high stakes exams used to determine
diploma eligibility and possibly affecting college enrollment. Second, they
are offered at a time of year when temperatures are likely to be hot but not
always so, due to the considerable variability in day-to-day temperatures in
June. And because they occur at the end of the school year, they are also
more likely than periodic assessments to reflect cumulative impacts of heat
stress that may have accrued over the course of the school year. Third, they
are taken by a diverse mix of students, which allows for rich heterogeneity
analysis13. Fourth, Regents exams were centrally administered and compul-
sory for all public school students during the study period, meaning there
is relatively little possibility of anticipatory alteration of exam timing based
on weather forecasts, or for bias due to selection into taking the exam or by
selective grading criteria14. Fifth, location and timing information for each
student can be matched to ambient temperature data for that day, as well as
to air conditioning data for the school in which the students were enrolled.

2.3 New York City Department of Education Data

I obtain student-level administrative data from the New York City Depart-
ment of Education (NYC DOE). The data is de-identified to protect students’

impacts across schools or student groups within subject-year groupings. As such, I use
scaled (unstandardized) Regents scores as the primary dependent variable in the analysis,
including controls for district-wide trends in average scores as well as, in the case of
identifying short-run performance impacts, school-by-year-specific fixed effects.

13It also makes it more likely to be able to infer impacts of temperature stress in other
urban contexts where the demographic makeup may differ.

14One possible drawback of using the Regents scores may come from their high stakes
nature. While they are centrally administered, they are locally graded (albeit with a
series of controls provided by the State), which means that teachers may be tempted
to manipulate scores to help students clear the passing threshold. Indeed, Rockoff et al
(2013) document evidence for manipulation at the failing cutoffs for a small proportion
of the exams: approximately 3-5% of all Regents exams between 1999 and 2011. It is
worth noting, however, that any manipulation of scores would likely attenuate estimates
of temperature-induced performance reductions downward toward zero.
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privacy, and includes the universe of all public school students who took one
or more Regents exams over the period 1999 to 2014. This corresponds to
all students in the 1996 to 2014 cohorts, with cohorts defined as year of high
school entry. Each year includes approximately 75,000 students.

The data includes exam scores recorded at the student-, subject-, year-
level, with students represented by unique 9-digit ID numbers. Each cell
includes information about the school in which the student was enrolled
during that school year. I assume that students took their exams at the
school in which they were enrolled, which is standard protocol.

While the administrative dataset is incredibly rich, exam dates are not
provided in the student-level data. As such, I obtain exam dates and times
from publicly available exam schedules, which provide the date and time
of each NY Regents exam taken by NYC public school students over the
past two decades. However, due to inconsistencies in the way exam subjects
and terms are coded in later years, I drop years 2010 to 2014, and use only
the records of exams taken in the years 1999 to 2009. The exact matching
process, in addition to the rationale for limiting the sample to these years,
is described in more detail in the Appendix. Moreover, demographic control
including ethnicity, gender, disability status, and whether or not the student
was eligible for reduced price lunch are only available for cohorts entering
after 2006, limiting the student-level heterogeneity analysis.

2.3.1 NYC Building Condition Assessment Surveys

Information on building-level air conditioning equipment comes from the New
York City School Construction Authority (SCA), which administers detailed,
building-level surveys for NYC public schools15.

While the universe of survey results were not publicly available, building-
specific 2012 BCAS reports were available in pdf format on the school’s
website for a large subset of schools (94%). I obtained survey records for 1,159
school buildings by downloading each pdf, scraping information pertaining

15In a 1989 legislative mandate, the New York State Education Department set specific
inspection and reporting requirements for school buildings, largely in response to reports
of bureaucratic bloat and corruption in the contract bidding and procurement process
for school infrastructure projects. The SCA was charged with the task of conducting a
series of Building Condition Assessment Surveys (BCAS) for every school building every 5
years. These surveys were carried out by a team of engineers — employed by independent
contractors — who recorded detailed information about each building’s mechanical and
electrical systems according a pre-specified rubric.
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to air conditioning equipment, all of which are recorded in the same format.
The 1,159 records constitute 94.5% of the 1,226 unique school addresses in
the New York City public school system as of 201216.

The BCAS surveys include detailed information on air conditioning equip-
ment, which can be used to identify schools in which — and potentially
school-specific-years during which — air conditioners may have been oper-
ational and thus able to offset some if not all of the heat stress induced by
high outdoor temperatures17. I use this information to construct an indicator
variable for whether or not a school building had non-defective central AC
installed in any given year, using the earliest year of installation as the first
year in which any AC was available for each school.

This is an imperfect proxy for the true variable of interest, which is the
effective cooling achieved by school by day and year, since current installa-
tions may have replaced existing (older) ones. Furthermore, we do not know
whether, on any given day or year, schools that had AC equipment actually
used them, or whether all students benefited from them equally. However,
I take existence of air conditioning equipment as a necessary condition for
effective cooling on hot days, and use this information to test whether the
impact of heat stress is mitigated in schools that have AC equipment relative
to ones that don’t.

2.4 Weather Data

Temperature and precipitation data are taken from Schlenker et al (2011),
who provide daily min, max, and mean temperatures, precipitation (in inches)

16Many NYC public schools are housed in buildings that contain multiple schools,
especially in the case of middle and high schools. As such there are approximately 1,550
schools located at 1,226 unique addresses in our study sample.

17Information available included an indicator for whether or not there was an air condi-
tioning unit present, as well as information regarding the type of unit present, which allows
us to provide some differentiation between schools with ’central AC’ systems and those
with window units, though the classification scheme is not completely straightforward.
Types of units include ’packaged rooftop system’, ’DX split system’, ’chilled water sys-
tem’, and ’packaged terminal system’. Assuming that ’packaged terminal systems’ refer to
window units, and ’chilled water systems’ I conservatively classify schools with ’packaged
rooftop’ and ’DX split’ systems as having ’central AC’. In addition, there is information
on unit capacity (e.g. 50 tons), overall unit quality on a 1 to 5 scale as assessed by the
engineer for each unit present, whether or not any system parts were found to be defec-
tive, as well as the year in which the unit was installed. If multiple units are present,
information on each type of unit is recorded separately.
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and dew point information from a national network of weather stations, area-
weighted to the Borough (county) level over the period 1950-2011. These
variables are matched geographically using street addresses for each school,
assigning daily temperatures by Borough18. Annual snowfall totals for New
York City are taken from weather station readings in Central Park and as-
signed uniformly across all schools in the city.

While we would in an ideal world have a measure of temperature inside the
test room, temperature inside a non-air-conditioned building is presumed to
be highly correlated with the ambient temperature outdoors, and still some-
what correlated in the case of buildings that have air conditioning equipment
but comprise old building stock, which often feature poor ventilation and
leaky thermal envelopes.

Given urban heat island effects, and the occupational density of many
school buildings (which often results in multiple floors), we would expect in-
door air temperatures to be significantly warmer than outdoor temperatures
in the case of schools without adequate AC. Moreover, the presence of AC
heat exhaust spillovers would mean that a non-air conditioned building would
bear the local externality of surrounding buildings that do have AC, a likely
phenomenon given the nearly universal rates of commercial air conditioning
in New York City (NYC Department of Health and Mental Hygeine, 2015).

2.5 Summary Statistics

2.5.1 Test Scores

Table 1 presents summary statistics for the 730,000 students and 2.7 million
exam scores over the period 1998-2009 that form the basis for our analysis.

The median student takes 5 exams in the core subjects represented in
this data set. On average, students in NYC public schools score below col-
lege proficiency, though there is considerable heterogeneity by borough and
district. The mean score across all students and years in the sample is 64.7,
with a standard deviation of 18.

18This is an admittedly crude assignment methodology, given the potential for spatial
variation in temperatures within Boroughs on any given day or in a given year. However,
using a secondary weather dataset from the PRISM model, which provides gridded re-
analysis data at the daily level by 800m by 800m resolution, I verify that cross-sectional
variation is relatively small compared to day-to-day variation in temperatures, or year-to-
year variation in the number of hot days.
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Less than 0.2% of students are marked as having been absent on the
day of the exam, corroborating the high-stakes, compulsory nature of these
exams.

2.5.2 Heat Stress

Figure 2 presents a histogram of daily temperature readings as reported
during the exam dates relevant to our sample. Exam-day temperatures range
from a low of 64F to a high of 92F. Figure 3 shows how temperature changes
from day to day during a typical exam month (June), illustrating graphically
the source of short-run identifying variation.

To measure the cumulative learning impacts of temperature stress, I mea-
sure the number of hot days during the school year, using start and end dates
for each of the school years in our sample19. These weather variables are con-
structed by summing extreme heat day indicator variables over the course of
a school year leading up to the first day of exams. The indicator variables
denote whether a particular day had maximum temperatures in a given tem-
perature bin, and are divided into 5F increments over the school year (e.g.
80F-85F, 85F-90F).

Figure 4 presents the incidence of extreme heat stress per school year over
the sample period by borough. There is significant year-to-year variation
in the number of days with maximum temperatures above 80F. There also
seems to be non-trivial cross-sectional variation in cumulative heat stress
across schools in different boroughs.

On average, NYC students experience between 19 and 39 days above 80F
per school year, with a mean value of 26.7 and a standard deviation of 5.6.
The average number of extremely hot days with temperatures above 90F is
2.5, with a standard deviation of 1.3. Most of these days occur during the
months of September, October, and June. Summer school students are, on
average, subject to an additional 9 days above 90F on average. Despite doc-
umented warming for the US and the world as a whole over the past several
decades, temperatures in the NYC area seem to have remained relatively
stable over the study period (tests for stationarity and trend-stationarity do
not suggest time trends in these extreme heat day variables).

19School year start and end dates, which vary each year but tend to be from early
September to late June, are taken from the NYC DOE website.
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3 Research Design and Results: Short-Run

Performance Impacts

The following sections outline the empirical strategy and main results. I start
with the estimation of short-run performance impacts — i.e. the contempo-
raneous impact of hot temperatures on exam performance. I then move
to identifying the cumulative impact of heat stress and temperature-related
disruptions over the course of the school year on human capital accumula-
tion, controlling for the impact of these short run impacts of exam-day heat
exposure.

3.1 Short-Run Performance Impacts: Empirical Frame-
work

In estimating the short-run cognitive impact of temperature on test scores,
the identification strategy exploits the fact that NYC public school students
take their exit exams over the course of several days each year. This enables
one to examine the relationship between temperature exposure and test per-
formance across the same student’s exams. Specifically, I compare scores for
exams taken on a hot day with scores from the same school on a cooler day
during the same year, controlling for average differences in overall perfor-
mance or difficulty of exams across subjects, by fitting variations of following
econometric model:

yijtTs = β0 + β1TempjtTs + β2XjtTs + γs + ηj + θT + ηj × θT + εijtTs (1)

Here, yijtTs represents the score of student i, school j, test date t, year T, and
exam s; TempjtTs denotes daily maximum temperature experienced by school
j during that particular exam; XjtTs is a vector of control variables including
daily precipitation, dew point, and the time of day of the exam (AM vs PM);
γs denotes subject fixed effects to account for average differences in difficulty
across subjects (Algebra vs US History); ηj denotes school fixed effects; θT
denotes year fixed effects; and εijtTs is a student, school, date, subject, and
year-specific error term.

The parameter of interest is β1, which captures the impact of contempora-
neous heat stress on exam performance, controlling for the fixed effects noted
above. Given that the model includes school-by-year fixed effects, β1 is iden-
tified by day-to-day fluctuations in temperature over the course of any given
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exam wave (5-10 days each June). This means that there are approximately
47 different exam-level temperature treatments for the city as a whole, and
235 treatments by Borough, which is the level at which official weather sta-
tions are available20. To the extent that the temperature data used here is a
noisy estimate of the true experienced temperature in each school, we expect
the estimates of β1 to be attenuated toward zero (Maddala, 1992; Stock and
Watson, 2007).

The main identification assumption is that variation in temperature across
exams is not correlated with student ability or other unobserved factors af-
fecting student performance. This seems a plausible assumption given that
(1) tests are effectively compulsory, in the sense that students must take (and
pass) them in order to graduate with a Regents diploma, and without any
opportunity for rescheduling; (2) test dates are set by the NY State Educa-
tion Department over a year in advance; and (3) all students must take their
exam at their local high school21.

I also run a specification that includes student fixed effects in order to
verify that unobserved changes in student composition at the school-year-
school-date level are spuriously driving the results.

yijtTs = β0 + β1TempjtTs + β2XjtTs + ρi + εijtTs (2)

Here, ρi denotes individual i’s ability, as approximated by her average score
across all core Regents exams she takes over her high school career (me-
dian=5; 90th percentile = 11). The richer specification adds approximately
730,000 fixed effects, one for each student id, and assumes that the average
scaled score across all 5+ subjects provides useful information regarding a
student’s underlying ability. I also examine variants of Equation (2) which

20Localized urban heat islands may be especially relevant in this context, as differences
in tree cover, local air currents, and surface reflectivity can account for differences in
summer surface temperatures of more than 20F between neighborhoods within New York
City (Gaffin et al, 2008). Assuming that school-to-school differences in temperature on
any given day are significant, this suggests up to 112,142 (47 days x 2 morning/afternoon
sessions x 1,193 school locations) true underlying treatments if one allows for spatial
variability in temperature due to local atmospheric patterns and urban heat island effects.
In principle, using a more spatially refined measure of temperature should enable the
econometrician to leverage these treatments.

21Note that Equation (1) also includes school-by-year fixed effects, to control for annual
shocks that are correlated at the school level. This may correspond to the firing of a
principal or a string of violent outbreaks at a particular school.
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include year-, subject-, and school-fixed effects, as above, as well as a spec-
ification that includes a students’ average previous standardized ELA and
Math scores from elementary and middle school as an alternative measure of
previous ability22.

Without any fixed effects to absorb unobserved variation in schools or
students, one might expect the above identification assumption to be violated
due, for instance, to residential sorting on climate amenities. For example, if
poorer schools are located in more densely urbanized environments within the
city, which are more likely to experience heat stress due to urban heat island
effects (less tree cover, lower surface albedo), pooled OLS may overstate the
causal relationship between heat stress and test scores. Conversely, if housing
in more densely populated areas tend to be more expensive, the opposite may
be true.

3.2 Short-Run Performance Impacts: Main Results

Figure 5 presents a binned scatterplot that motivates the regression analyses
that follow. This graph is derived from the estimation of the version of
equation (1) that includes year, school, subject, and school-by-year fixed
effects, and plots residual test scores on outdoor temperatures during the
time of the exam. Figure 6 presents a similar binned scatterplot derived
from a model with student fixed effects. The figures demonstrate that, on
average, students perform worse than their school- and individual-specific
averages when they face hotter than average temperatures.

Table 2 reports baseline results for the short-run performance impact of
heat stress on exam performance across a variety of specifications. In columns
(1), (2), and (3), I report the relationship between test scores and daily max
temperatures on the day of the exam. In columns (4), (5), and (6), I report
the results of running the baseline specifications with temperature values
that account for diurnal differences within a given test day (morning versus
afternoon).

In both sets of regressions — with and without corrections for after-
noon temperature — I report coefficients for models that include school- and
school-by-year effects (columns 1 and 4), school-specific trends (columns 2
and 5), and student fixed effects (columns 3 and 6). All regressions in Table 2

22The construction of the average previous standardized scores indices is described in
more detail in the heterogeneity analysis section.
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include subject and year fixed effects in addition to controls for precipitation
and time of day.

In column (1), I estimate that a 1 degree F increase in test day tempera-
ture is associated with a 0.173 (se = 0.019) percentage point reduction in the
student’s exam score, significant at the 1% level. This means that a student
taking an exam on a 90F day as opposed to a more typical 75F day ends up
receiving a -0.154 standard deviation lower score (-2.65 points). It is worth
noting that most studies of temperature stress find 65F to be the optimal
temperature zone for thermal comfort and cognitive function. This suggests
that the total impact of 90F day is on the order of -0.25 standard deviations
(-4.37 points).

Column (2) suggests similar impacts when modeling school-specific linear
time trends as opposed to school-by-year fixed effects. Column (3) suggests
that the negative impacts of temperature stress persist when measured rela-
tive to a student’s individual ability, which I approximate using her average
score across all subjects taken (often over the course of 3 years). The magni-
tude of the impact is approximately 1/12th to 1/10th of a standard deviation
reduction in score per standard deviation increase in temperature.

The impacts documented here are similar in magnitude to the effect of
increasing teacher value-added by 1 standard deviation (Chetty et al, 2014),
or reducing class size from 31 to 25 students (Angrist and Lavy, 1999). How-
ever, as discussed in greater detail below, the welfare implications of these
raw average treatment effects are presumably very different (much smaller),
because the static, first-order effect is to introduce noise in the signal ex-
traction process for a given level of human capital, rather than reduce the
amount of human capital attained23.

Table 3 presents the results from running equation 2 — the model with
student fixed effects — with and without subject and year fixed effects. As
columns (1)-(3) show, the impact of temperature stress remains consistently
negative and significant at the 1% level across specifications.

23Potential dynamic welfare consequences may arise if lower-than-expected exam scores
lead to discouragement and reduced future educational effort, or if there are significant
sheepskin effects for those who are pushed below the diploma-receiving threshold due to
temperature stress.
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3.2.1 Robustness Checks

In each of the specifications reported in columns (1) to (3), there seems to
be a negative impact of taking an exam in the afternoon as opposed to the
morning: -0.798 (se = 0 .164) percentage points lower scores controlling for
subject, year, school, and school-by-year fixed effects.

This could be due to fatigue as the day progresses, as has been docu-
mented in the context of Danish standardized exams (Sievertsen et al, 2016).
It could, however, also be a product of correlation between time of day and
temperature, given diurnal variations in temperature.

Using nighttime minimum temperatures from the previous day, I con-
struct a measure of experienced temperature during the time of the exam
(9:15am-12:15pm for morning sessions, 1:15pm-4:15pm for afternoon ses-
sions)24. Running equation 1 using this time-of-day corrected temperature
measure, I find a stronger negative relationship, reported in column (4): β1
equals -0.221 (se = 0.025)25. Columns (3)-(6) of Table 2 and Table 3 re-
port results of running variants of equations 1 and 2 described above using
this time-of-day corrected temperature metric, including a dummy for Time
of exam. All feature slightly larger estimates of β1, suggesting that diur-
nal temperature differences are important in understanding the impact of
temperature stress on exam performance.

It is also possible that students are simply more fatigued toward the latter
dates of the testing period, which may lead to spurious correlation between
scores and temperatures since it is more likely to be hot later in the month
than earlier. Adding controls for day of month reduces the amount of resid-
ual temperature variation considerably, since the main specification already
includes subject and year fixed effects. However, running equation (1) with

24Specifically, I take the mean value of the previous day’s minimum (nighttime low)
temperature and the current day’s daily maximum temperature as the 9am morning tem-
perature. Afternoon exams are assigned the daily max temperature, which usually occurs
around 1pm.

25In this specification, the coefficient on the Time of Day dummy is smaller, though
still significant, suggesting that students taking exams during the afternoon suffer adverse
impacts due to both greater heat stress and greater fatigue (or that our simple AM/PM
temperature correction model is biased). This is consistent with Sievertsen et al (2016)
who find that Danish students taking standardized exams later in the day do significantly
worse, and that students taking exams after recess do better, though the magnitudes of
time of day are much smaller than the impact of temperature documented here; they find
a 1.5% of a SD decline for students taking exams at 1pm as opposed to 9am.
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controls for day of month yields a negative and significant estimate of -0.127
(se =0.026) per degree F, suggesting that spurious correlations between heat
and fatigue are not driving the results. Adding controls for up to three days’
lagged temperatures, I find that the negative impact of contemporaneous
temperature persists, and, if anything, becomes more negative, though this
is likely due to correlation between temperatures across days26.

While the evidence presented here strongly suggests that temperature
has a causal impact on exam performance, one cannot rule out the possi-
bility that atmospheric factors such as ozone, which has been shown to be
positively correlated with temperature and potentially harmful to health and
cognitive function, are driving the relationship uncovered here. Though not
empirically verified in the context studied here, existing epidemiological re-
search suggests that, building canyons in highly urbanized contexts such as
New York City typically have a mitigating effect on ozone, as O3 molecules
are broken up as they descend from atmosphere to street-level (Hogrefe et
al, 2004)27. The strongest documented impacts of air pollution on cognition
and health seem to be from particulate matter such as PM 2.5 (Lavy and
Ebenstein, 2015), which is typically not systematically correlated with tem-
perature but rather wind speed and direction. SO2 emissions typically occur
during winter months, so are likely not a factor during June Regents exams.

3.2.2 Pass Rates

To assess whether temperature affects pass rates, I construct a linear proba-
bility model where the left hand side variable is a dummy indicating whether
or not the student scored above the passing threshold on any given exam,
and run variants of equations 1 and 2 from above (school-fixed effects and

26That is, during the month of June across the years in our sample, temperature on
day t is strongly positively correlated with temperature on day t-1, but weakly negatively
correlated with temperature on day t-2, suggesting normal periodicity in atmospheric
patterns that cause hot or cool spells. Given the relatively short panel length, it is difficult
to credibly estimate lagged versus contemporaneous impacts separately, though it would be
interesting to know whether heat during the night before an exam is more or less damaging
than contemporaneously, and also whether students adapt or suffer greater impacts during
prolonged heat waves.

27This is in contrast to agricultural settings, where flat, open air environments mean
that realized ozone exposure by workers is often much higher and can lead to adverse
impacts on productivity and health (Graff Zivin and Neidell, 2015).
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student fixed effects models):

pijtTs = β0 + β1TempjtTs + β2XjtTs + γs + ηj + θT + ηj × θT + εijtTs (3)

pijtTs = β0 + β1TempjtTs + β2XjtTs + ρi + εijtTs (4)

Here, pijtTs represents the probability that individual i in school j scores
above the passing threshold on the exam administered on date t in subject
s during year T, and is estimated using an indicator variable for whether or
not the score was above the 65 point Regents Diploma cutoff.

Table 4 presents the results from running the main specifications above
using this passing indicator as the dependent variable.

Column (1) shows that, for the median NYC public school student, taking
an exam on a 1 degree F hotter day results in a 0.54 (se = 0.057) percentage
point lower chance of passing that exam, significant at the 1 percent level28.
This suggests that a day with temperatures around 90F results in a 13.7%
lower pass probability (19.3% increase in a chance of failing), compared to
a 75F day, given a mean pass rate of 58.7%. Columns (2) through (6) show
that this effect is robust to a wide range of specifications, again including
models with or without student fixed effects and year fixed effects.

4 Short-Run Performance Impacts: Hetero-

geneity Analysis

In this section, I examine heterogeneity in the treatment effect of test-day
temperature.

The motivation is to examine whether certain students are more sensitive
to the performance impacts of temperature stress, due to behavioral or other
factors which may differ across income lines.

There are several reasons one might expect the impact of heat stress to be
different across students of differing socioeconomic status, including different
levels of executive function and non-cognitive skills as well as home or school
environment.

28This translates to approximately 1/12th of a SD reduction in pass probability per SD
increase in test day temperature.
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4.1 Executive function, Non-Cognitive skills and re-
silience to distraction

Children who grow up in poverty have been shown to exhibit reduced execu-
tive function, which is critical in maintaining focus in presence of distractions
(Fitzpatrick et al, 2014). It is possible that low ability students are more
likely to be thrown off course due to the distractive influence of environmen-
tal factors such as temperature, noise, or pollution. For instance, Lavy et
al (2015) find that the test score impact of elevated particulate pollution is
up to four times higher for low ability and low SES high school students in
Israel. Similarly, students with low non-cognitive skills may be more eas-
ily discouraged by adverse test-taking conditions, suffering more negative
impacts, while students of similar cognitive ability but higher emotional re-
silience may be able to maintain concentration despite the heat.

4.2 Reduced Effort in the context of Uncertain Re-
turns to Schooling

Low-ability or low-SES students may reduce effort due to greater uncertainty
over the returns to human capital investment, which becomes magnified in
the context of adverse test-taking conditions.

Suppose the impact of reduced cognitive function on the translation be-
tween existing human capital and achieved test score is multiplicative. That
is, ones test score is a function of underlying human capital plus some random
noise - noise which becomes magnified under hot conditions. Assume both
low and high SES individuals suffer the same direct disutility of heat stress,
but that low SES individuals face a more uncertain mapping between test
score and future wages, due perhaps to fewer family connections. Then one
may expect lower SES students to reduce effort by more in response to the
same temperature exposure. Similarly, if low ability students have higher un-
derlying score variance, and heat stress affects this variance multiplicatively,
then low ability students might face a more substantially reduced expected
score than high ability students. If expected wage returns are linear in score,
the same heat shock will cause a greater reduction in expected wage returns
for lower ability (higher variance) students, leading to a greater reduction in
optimal effort exerted by low ability types relative to high ability types.
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4.3 Home and School environment

In addition, it is possible that low SES students are more exposed to heat
stress during the night or morning before the exam, given lower rates of
air conditioning penetration in lower income neighborhoods. In New York,
households in the South Bronx or Northern Brooklyn are significantly less
likely to report having air conditioning at home than in more affluent neigh-
borhoods such as Upper Manhattan (NYC Department of Health and Mental
Hygeine, 2005).

Perhaps most directly, the availability and utilization of air conditioning
in the test taking environment seems to be a crucial mediating factor which
may depend on student characteristics such as parental income. I explore
the direct impact of air conditioning availability separately below.

4.4 Effect Heterogeneity: Results

I measure effect heterogeneity along two dimensions: (1) individual ability,
and (2) air conditioning status, which is one of many potentially relevant
measures of school quality.

4.5 Student Ability

Individual pre-test ability is approximated using linked administrative records
from elementary and middle school, which provide standardized math and
English (ELA) exam scores for a large subset of the individuals in my sample
(approximately 63% of students)29. Specifically, I group students into per-
centiles of the elementary-and-middle school ability distribution, averaged
across the entire district over the sample period, using an arithmetic mean
value of scaled scores from standardized English (ELA) and Math assess-
ments which are administered annually between grades 3 through 8. I take
the average z-score across all records that are available for each student, and
rank them according to percentiles of this prior performance distribution.

As shown in Table 5, this measure of prior achievement seems to capture
useful information regarding student ability, indicated by the tight correlation
between prior rank and Regents exam performance. Students in the top 10%

29There is evidence suggesting that non-cognitive ability and cognitive ability are highly
correlated, and would be expected to be correlated with average school performance. I
cannot use Regents scores, however, as they are endogenous to the temperature regressors.
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of the prior achievement distribution receive an average score of 85.5 on their
Regents exams, compared to 44.6 for students in the bottom 10%. Similarly,
students in the top 10% pass virtually all of their core Regents subjects (97%
pass rate), compared to the bottom 10% students, who pass on average only
13% of the time. As shown by the average combined z-score over all students
in the high school dataset, +0.38, students who stay in school long enough
to be eligible to take Regents exams tend to be above average in elementary
and middle school.

Running equation (1) by quantiles of individual achievement yields sub-
stantial differences in effect sizes by level of ability. The impact of a 1 degree
F hotter day is -0.081 (se = 0.021) percentage points for students in the top
decile and -0.439 (se = 0.021) for those in the bottom decile (Figure 7). This
suggests that the raw score impact is approximately 5 times as large for stu-
dents in the lowest decile of the prior ability distribution compared to those
in the top decile.

One might be concerned that this is an artefact of top-truncation of scores
for top-performing students. Even when expressed as proportions of the
percentile-specific standard deviations, however, this discrepancy persists:
an impact of -0.065 SD in test scores per SD in temperature for the top
decile, -0.10 for the middle deciles, and -0.213 for the bottom decile.

Similarly, for students in the top 5% bin, the impact of an additional
degree F outdoor temperature is -0.09 points, significant at the 1% level.
In contrast, bottom 5% students do worse by -0.51 points per degree F,
significant at the 1% level.

4.6 Air Conditioning

To assess the possibility of adaptive responses in the form of air conditioning,
I examine a model that includes an interaction between temperature and AC
status, where AC status is defined as the presence of non-defective central
AC by school and year. Table 6 provides average AC status by Borough, and
Figure 8 presents this information on a cartographically.

Contrary to economic intuition, there appears to be a negative relation-
ship between school-level achievement (measured both in terms of average
scores or average graduation rates) and air conditioning penetration. A sim-
ple OLS regression of score on AC status suggest that schools with non-
defective AC equipment are lower-performing on average (-3.9 points, or
-0.21 standard deviations).
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This negative correlation, combined with the heterogeneity in the effect
of temperature by average student ability and school-level performance noted
above, suggests that it is important to examine the role of air conditioning
in the context of student quality. This is especially true in light of the fact
that we have potentially very noisy data on air conditioning; the data is on
AC installation status as of 2012, as opposed the more ideal AC usage by
date or year.

To assess the impact of air conditioning, controlling for effect hetero-
geneity by student ability, I run equation (1) on the subset of schools with
graduation rates in the top decile, with an interaction term between exam-
time temperature and AC status. Table 7 presents the results for top and
bottom 10% of the student ability distribution, as well as top and bottom
terciles. High-performing (top decile) schools without AC are significantly
more sensitive to temperature stress than high-performing schools with AC:
-0.102 (se = 0.022) versus -0.033 (se = 0.021) points per degree F. Inter-
estingly, low-performing students (bottom decile) in schools without AC are
similarly sensitive to temperature stress compared to low-performing stu-
dents in schools with AC.

These gradients persist across the school performance distribution, and
are robust to alternative characterizations of AC status, including ones that
infer the school-years during which any given school did or did not have AC
by using date of installation information.

5 Long-Run Learning Impacts

5.1 Long-Run Learning Impacts: Empirical Framework

The empirical strategy for measuring cumulative learning impacts is similar
to the approach used for contemporaneous performance impacts. Our main
focus is on comparing educational outcomes in years with more cumulative
heat exposure during class time, controlling for the impact of temperature
during the exam itself. I estimate models of the form:

yijtTs = α0+α1TempjtTs+α2DaysjT +α3XjtTs+α4Y ear+γs+ηj+εijtTs (7)

where yijtTs denotes exam score for student i in school j for a Regents exam
taken on date t of year T in subject s; TempjtTs denotes outdoor temperature
in the vicinity of school j on that date and time; DaysjT is a vector of
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temperature-day variables which denote the number of hot days per school
year, described in greater detail below; and XjtTs denotes a vector of controls
for precipitation and humidity on the day of the exam, annual snowfall,
annual precipitation, and a controls for the number of days in other — cooler
— temperature bins.

As before, the specification includes school and subject fixed effects. How-
ever, because variation in long-run heat exposure is measured at the annual
level, we cannot use year fixed effects while retaining meaningful variation,
and instead explore versions that include global- as well as district-specific
time trends in test scores.

The coefficient of interest, now denoted α2, is the impact of hot days
during the school year on test performance in subject exams taken at the
conclusion of that school year. The incidence of hot days is measured by
tallying the number of days between 80-85F, 85-90F, 90F and above during
each school year in our sample, beginning with fall semester fall dates and
ending the day before the first Regents exam. The control vector, XjtTs,
includes the number of days in all other temperature bins in 5 degree incre-
ments (0-5F, 5-10F. . ., 75-80F), omitting the ’optimal’ bin, which I take to
be 60-65F30.

Because there are only 10 years and five boroughs in our sample statistical
precision is greatly reduced relative to analysis of contemporaneous perfor-
mance impacts. As before, standard errors are clustered at the school-by-year
level.

5.2 Long-Run Learning Impacts: Results

Figure 9 presents a binned scatterplot that motivates the analysis of regres-
sion results that follow. It shows a negative relationship between end-of-year
Regents exam scores and the number of days per school year with daily
maximum temperatures above 80 degrees F, controlling for the variables in
equation 7 (including the number of days in other temperature bins, binned

30This is based on running equation (7) for all possible optimal bins and choosing the
specification for which coefficients on days falling on either side of the threshold exhibit the
most consistent negative pattern. In this sense, we are imposing a parametric assumption
of a single-peaked relationship between temperature days and ’productivity’, based on pre-
vious work exploring the impacts of temperature days on county-level output (Deryugina
and Hsiang, 2015; Park, 2016), mortality (Deschenes et al, 2015), and agricultural yield
(Butler and Huybers, 2013).
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in 10 degree intervals).
Table 8 presents the results from running versions of equation (7) that

include global (columns 1 and 3) and district-specific time trends (column
2), and degree days binned at 10 degree F (1 and 2) and 5 degree F (column
3) intervals. Columns 1 and 2 suggest that students who experience an
additional day above 90F during the school year experiences a -0.21 to -0.23
point decline in Regents scores at the end of that school year, significant at
the 5% level. Column 3, which controls for 12 as opposed to 6 other degree
day bins (binning at the 5F as opposed to 10F level) also suggests that hot
days have a negative impact on student achievement, but estimates are not
statistically significant. All three columns suggest that the contemporaneous
performance impact of temperature during the exam is robust to the inclusion
of degree day controls.

Figure 10 presents the results graphically, plotting the coefficients for
each degree day bin, this time omitting the 60-70F bin. While the estimates
are noisy, the results suggest that years with more days on the hotter end
of the degree day distribution are associated with depressed exam scores,
controlling for school-specific factors and district-level trends.

Assuming that the incidence of hot days is not correlated with other de-
terminants of test scores not captured in the model above, the point estimates
suggest that a year with an additional extreme heat day (above 90F) reduces
scores by approximately 1.2% of a standard deviation.

6 Discussion

The estimates in Tables 3 and 4 suggest that heat exposure during high
stakes exams can reduce exam performance by 0.22 points per degree F, or
approximately 0.10 standard deviations per standard deviation in daily tem-
perature during the month in which exams are administered (June). These
raw score effects are comparable in magnitude to the impacts of reducing
teacher value-added by 1 standard deviation (Chetty, Friedman, Rockoff,
2014), or increasing class size from 25 to 31 students (Angrist and Lavy,
1999). For the average NYC public school student, taking an exam on a
15 degree hotter day can reduce the likelihood of passing a Regents exam
by almost 14%. These performance effects are significantly larger for low-
performing students, suggesting that the welfare burden of heat exposure
may be regressive (Table 6). The estimates in Table 8 suggest that heat
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exposure during the school year may reduce cumulative learning attainment,
perhaps by reducing the amount or effectiveness of pedagogically engaged
hours, though the results are less conclusive on the question of cumulative
human capital impacts.

The estimates presented here may be biased for a number of reasons.
They may be upward biased to the extent that temperature shocks are cor-
related with other adverse atmospheric conditions that are not controlled
for explicitly, including air pollutants. On the other hand, they may be
downward biased to the extent that temperature is measured imprecisely
(attenuation bias due to classical measurement error), or to the extent that
teachers may in some instances manipulate grades on the margin to allow
students who perform poorly to scrape by above the passing threshold, as
has been documented by Dobbie et al (2014).

It is important to bear in mind that the welfare impacts of the short run
performance impact estimates depend crucially on contextual factors, includ-
ing institutions. Random, short-run diminutions to test performance caused
by weather fluctuations, while adding noise to the signal extraction process,
likely do not reduce underlying human capital the way, for instance, having
a good teacher during 6th grade might increase human capital accumulation
in the long run. There are, however, a few ways in which even such transient
impacts of heat stress may have welfare-relevant consequences.

The effect of heat exposure on high stakes exams may lead to inefficient
allocation of skills in the labor market, as suggested by Lavy and Ebenstein
(2015). If high stakes exams are used as the primary method for ranking
students and matching skill types to occupations, and temperature shocks
introduce random noise into this measure of skill, aggregate welfare may be
reduced due to inefficient allocation of labor.

It is also possible that students who receive lower scores than expected on
high stakes exams may become discouraged and choose to invest less in subse-
quent human capital accumulation than would otherwise have been optimal
given true underlying ability. This seems plausible given evidence suggest-
ing that students are often unsure about their ability and are constantly
updating their beliefs based on school performance (Zafar, 2013).

From a distributional equity standpoint, policymakers may worry about
heat-related performance declines insofar as the realized impact falls dispro-
portionately on low-income individuals. This may be due to heterogeneity in
the sensitivity of low- vs high-ability individuals to the same heat shock, as
documented here. It may also, at a societal level, be due to different rates of
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temperature exposure along racial or socioeconomic lines, as has been docu-
mented in the case of many environmental pollutants (Currie, 2007; Currie et
al, 2014; Chay and Greenstone, 2005). It is possible, for instance, that part
of the persistent racial achievement gap in AP or SAT scores between Whites
and Blacks or Whites and Hispanics may be due to differential likelihood of
heat exposure during these exams, given nationally synchronized timing and
the higher proportion of Blacks and Hispanics living in Southern States and
in densely urbanized (and thus heat-island affected) neighborhoods.

Finally, if heat exposure has a cumulative impact on human capital attain-
ment, as suggested by the analysis presented here, there may be important
implications for climate policy. The link between temperature and human
capital accumulation informs two outstanding puzzles in the social cost of
carbon literature: first, whether human capital impacts, so far omitted en-
tirely from integrated assessment models of climate damages, belong in the
climate damage function (Tol, 2009); and second, whether the impacts of
climate change on GDP will take the form of levels effects or growth rate
effects (Dell, Jones, Olken, 2014; Pindyck, 2013).

These findings suggest that there may be growth rate effects from hot
years, due to the negative impact of temperature stress on the rate of hu-
man capital accumulation. If human capital production involves significant
dynamic complementarities (Cunha and Heckman, 2007), then the overall
growth impacts might be magnified over time.

It is unclear how much adaptation can mitigate the impacts in the long
run, especially given the potential for continued technological innovation.
However, in the climate change context, these estimates are likely closer to
the lower end of the spectrum. First, these estimates come from New York
City, which features one of the highest per pupil educational expenditures in
the world. Moreover, even though New Yorkers have lower air conditioning
penetration and utilization rates than some warmer parts of the US, the
average household AC penetration rate, at above 90%, is much higher than
most other countries, including OECD countries. It is worth bearing in mind
that, in many developing countries, school buildings are much more exposed
to the elements, though it is possible that students are better acclimated to
heat stress in tropical climates.
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7 Conclusion

Periodic heat exposure in the classroom is a common phenomenon in many
parts of the world, but the impact of temperature on human capital pro-
duction process remains largely unexplored. The prospect of human-induced
climate change makes understanding the role that temperature plays — and
the possible adaptation strategies that may be adopted — an important pol-
icy priority.

The application of a research design based on 2.6 million high school exit
exams over the period 1998-2008 yields three primary findings. First, on
average, heat exposure exerts a causal and statistically meaningful impact
on test performance, and possibly on cumulative learning attainment. Heat
exposure on the day of the exam reduces performance, controlling for student
ability, and hotter than average years tend to be associated with reduced
learning, controlling for this short run exam-day impact.

Second, this study finds evidence of significant heterogeneity in heat sen-
sitivity across students of higher and lower ability, suggesting that the same
heat shock may cause greater disruption to disadvantaged students, either
because they are less able to cope with distractions, or because they are less
inclined to exert additional effort given greater uncertainty about the returns
to investment in education.

Third, air conditioning seems to have a mild but incomplete mediating
effect in the short run, though the imprecision of the results suggest that local
factors (e.g. building age, equipment quality and utilization) may matter
considerably.

The magnitude of the short run effects are large, comparable in magnitude
to achievement gains associated with a one standard deviation improvement
in teacher quality (teacher value added) or a reduction in class size from 31 to
25. For the average student, the difference between an average 75F day and
a 90F day is approximately -0.20 standard deviations lower achievement, and
a 12.3% higher chance of failing an exam. These impacts are substantially
larger for lower performing students (measured using previous standardized
exam scores), who suffer per degree impacts that are as much as five times
as large as those for high performing students.

These results underscore opportunities for further research along several
dimensions. From the perspective of environmental policy, this study pro-
vides clues regarding the mechanisms by which climate change may exert
growth rate impacts — as some cross country estimates suggest (Dell, Jones,

31



Olken, 2012) — as opposed to impacts on the level of GDP. Measuring these
impacts in developing country contexts and translating them into potential
impacts on GDP, similarly to the existing literature linking health and hu-
man capital to growth rates (Hanushek and Woessman, 2013; Fogel, 2004;
Weil, 2007), may provide meaningful contributions to our understanding of
the true social cost of carbon.

This paper also raises broader questions around the determinants of ed-
ucational attainment. At the national level, this study provides additional
clues regarding the persistence of racial achievement gaps in education (Card
and Rothstein, 2007). Given the well-documented correlation between in-
come, race, and environmental amenities (Currie et al, 2015), Black and
Hispanic students may be subjected to disproportionately high levels of heat
stress during their educational careers, and more likely to suffer heat stress
during timing synchronized high stakes exams such as the AP. It also seems
possible that differential impacts of heat stress are driving part of summer
learning loss, a phenomenon wherein low-income students’ achievements de-
cline over the summer faster than the achievement of high-income children,
at least in some settings (Alexander et al, 2001; Fryer and Levitt, 2004).

It remains to be seen whether heat stress during schooling can have long
run impacts on welfare, as suggested, for instance, by recent work document-
ing persistent wage effects of heat stress in utero (Isen et al, 2015).
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Figures and Tables

Figure 1

Notes: This figure presents average 4-year graduation rates by school
district (2010) in New York City public high schools
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Table 1

Notes: This table presents summary statistics for June Regents exams
taken during the 1998-1999 and 2008-2009 school years, taken from NYC
DOE administrative records. The sample includes all students taking core
Regents subjects at the conclusion of the spring semester. Core subjects
include: Math (Algebra, Geometry, Trigonometry), Science (Physics, Chem-
istry, Living Systems), English, US History & Government, and World His-
tory and Geography. Scores are recorded on a 0 — 100 scale by teach-
ers in each school, with subject-year-specific scaling guidelines provided by
NYSED. Failing thresholds are 65 out of 100 for all subjects included here.
Scores above 75 are deemed ’College proficient’.
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Figure 2

Notes: This figure presents a histogram of daily maximum temperatures
on NYC Regents Exam dates during the primary June exam waves (1998-
2009)
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Figure 3

Source: This figure presents the source of identifying variation for contem-
poraneous performance impacts. Daily maximum temperatures by Borough
of NYC during a typical June (2005).
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Figure 4

Source: This figure presents the source of identifying variation for contem-
poraneous performance impacts. Daily maximum temperatures by Borough
of NYC during a typical June (2005).
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Figure 5

Source: This figure presents the source of identifying variation for contem-
poraneous performance impacts. Daily maximum temperatures by Borough
of NYC during a typical June (2005).
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Figure 6

Notes: This figure presents a binned scatterplot of scaled exam scores (0-
100) and test-day temperature (F). Each observation is a quantile of residual
temperature, approximately 50,000 exam records. Includes student, year,
and subject fixed effects, as well as controls for precipitation, dewpoint, and
time of day of exam.
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Table 2

Notes: June Regents exams only. Subjects include Math A, Math B, Bi-
ology, Physics, Chemistry, English, World History, US History, and US Gov-
ernment. Robust standard errors clustered at school by year level. School-
by-year and student-fixed effects specifications include 11,930 and 730,170
fixed effects respectively.
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Table 3

Notes: June Regents exams only. Subjects include Math A, Math B, Biol-
ogy, Physics, Chemistry, English, World History, US History, and US Govern-
ment. Robust standard errors clustered at school by year level. Student-fixed
effects include 730,170 fixed effects.
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Table 4

Notes: June Regents exams only. Subjects include Math A, Math B, Biol-
ogy, Physics, Chemistry, English, World History, US History, and US Govern-
ment. Robust standard errors clustered at school by year level. Student-fixed
effects include 730,170 fixed effects.
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Table 5

Notes: Students are ranked on the basis of standardized ELA and Math
z-scores during elementary and middle school years (3th — 8th grade). Each
student is assigned a grade-by-year specific z-score for each of their ELA and
Math exams. The ’Average combined z-score’ denotes the average z-score of
a given student, averaged over all available years and grades (median=4).
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Figure 7

Notes: This is a binned scatterplot of Regents scores on test time temper-
ature for top and bottom deciles of the student ability distribution. Fitted
regression lines are drawn from running a model with school, subject, year,
and school-by-year fixed effects. Students are ranked on the basis of stan-
dardized ELA and Math z-scores during elementary and middle school years
(3th — 8th grade). Each student is assigned a grade-by-year specific z-score
for each of their ELA and Math exams. The ’Average combined z-score’ de-
notes the average z-score of a given student, averaged over all available years
and grades (median=4).
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Table 6

Notes: This table presents summary statistics for air conditioning instal-
lation information for NYC public schools. Building condition assessments
are reported by school building, and many NYC public schools share build-
ings with one or more other schools. The 1,133 buildings for which data were
available cover approximately 94% of the school buildings in New York City
as of 2012. Source: NYC School Construction Authority Building Condition
Assessment Reports (BCAS, 2012)
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Figure 8

Notes: Map of NYC Public Schools by air conditioning installation status
as of 2012.

Source: NYC School Construction Authority Building Condition Assess-
ment Reports (2012)
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Table 7
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Figure 9

Notes: Binned scatterplot of residual exam score and number of hot days
(80F and above) per school year. Includes school, subject fixed effects, linear
time trends, controls for all other temperature bins, test day weather, annual
precipitation, snowfall, and time of day, omitting 60-65F bin.
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Table 8
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Figure 10

Notes: Plot of coefficients corresponding to the impact of an additional
day in any given degree day bins (x axis) on subsequent Regents exam scores
(y axis). Plotted coefficients are obtained by running a model that includes
school, subject fixed effects, linear time trends, test day weather, annual
precipitation, snowfall, time of day, and controls for all other temperature
bins, omitting the 60-70F bin. The dashed line indicates 99% confidence
interval; solid line, the 95% confidence interval. Standard errors are clustered
at school-by-year level.
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A Data Linkages

Since we will be measuring the impact of temperature stress on exam perfor-
mance we need to link exam scores to exam dates and ambient temperatures.
To assess the possible mitigating impact of air conditioning, we need to link
students and schools to BCAS reports. The latter step is straightforward, as
the NYC DOE data and BCAS records both include multiple school iden-
tifiers (a district-borough-school number code, as well as school names and
street addresses). The first step, of matching dates to exam records, was
complicated by inconsistent record-keeping across schools and years. Exam
subjects and terms (June, August, January) are not consistently recorded
in all years. Specifically, there is evidence for inconsistency in reporting for
some subjects and schools after 2009, which is when several subjects were
discontinued. As such, I use the most conservative matching mechanism
possible, by assigning test dates and temperature readings only to scores for
which exam subject, exam year, and exam term are internally consistent.
This results in 2.57 million matched June exams. Because all NYC public
school students take any given Regents subject on the same date and time,
it is possible to assign date and time information consistently across schools
in the sample, so long as information on exam subject, year, and term are
accurately provided. For instance, in June 2008, Regents exams in 9 sub-
jects were taken over the course of six days between June 17 and June 25[2],
beginning with ’Integrated Algebra’ at 9:15am and ’Physical Setting: Chem-
istry’ at 1:15pm on June 17 and ending with ’Physical Setting: Physics’ at
9:15am on June 25. So an observation that has a subject code correspond-
ing to Physics, term code corresponding to June, and year of 2008 can be
assigned temperature corresponding to 9am on June 25, 2008. Through this
procedure, I am able to assign daily weather information for 2.57 million
student-exam observations over 95 different test sessions.
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