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ABSTRACT 
 
 

 The California High School Exit Exam (CAHSEE) and natural variation in 
ambient air quality are used to estimate the effect of pollution exposure on exam 
performance. Two regularly monitored air pollutants, particulate matter PM2.5 and PM10 
are used as measures of air pollution. A negative relationship between particulate matter 
(PM2.5 and PM10) exposure and decreased exam performance is found. The results, 
from models using school and year fixed effects, suggest high levels (two standard 
deviation increases from the mean) of PM2.5 and PM10 on exam days cause declines in 
average exam performance of roughly 2-6% of a standard deviation compared to exams 
taken during less polluted days. The estimated magnitude of these findings is slightly 
smaller, but within bounds of similar studies from high school aged students in Israel and 
the United Kingdom. This relationship is found to hold for students from both high and 
low socio-economic status and is not statistically different between students who are 
White, African American, Hispanic or Latino or Asian although results are not robust to 
the inclusion of district-by-year time trends for the math section of the exam. These 
findings highlight that pollution reduction efforts could have positive impacts to students 
and schools that are not traditionally considered in cost/benefit analyses.
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CHAPTER ONE 

 
INTRODUCTION 

 
 In the United States there has been increasing reliance on spot measures of 

cognitive ability from standardized tests in high school and college entrance exams (SAT, 

ACT, GRE). Recent evidence (Ebenstein et al. (2016), Roth (2018)) has shown that 

exams such as these meant to signal true ability can be disturbed by transitory 

environmental changes, such as air quality, to the test taking environment. Negative 

impacts of air pollution on cognitive ability can also be generalized outside the classroom 

as cognition has been shown to be affected in a variety of professional settings as well 

(Chang et al. (2016), Archsmith et al. (2018)). These transitory shocks to students and 

working professionals can create long lasting consequences especially if air quality 

spikes come during a high-stakes testing day or, say, during a work deadline. With this in 

mind, the link between air quality and cognitive ability could have far reaching impacts 

both short and long term that are not traditionally considered when assessing the costs 

and befits of air pollution reduction.  

 This paper seeks to estimate what effect variation in pollution exposure has on 

exam performance. Measures of exam performance in this study come from the 

California High School Exit Exam (further referred to as the CAHSEE), a state mandated 

exam required for graduation from public schools. School level mean exam scores for the 

math and language arts sections of the CAHSEE from yearly examinations throughout 

2006-2014 are then nearest neighbor assigned to daily air pollution (PM2.5 and PM10) 
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and weather monitors located nearby. Concerns of measurement error are limited using 

this strategy as schools in this study are located near outdoor monitors which should well 

approximate the local conditions in terms of particulate matter and weather.  

 For identification I rely on the plausibly random nature of particulate matter levels 

on a given day. While pollution may be historically higher in some areas compared to 

others, spikes in pollution relative to an area’s average levels during a single 

predetermined day can be thought of as a quasi-random event.  This creates shocks to the 

test taking environment within schools that should be uncorrelated with other factors that 

would affect exam performance. Nevertheless, there still could be unobserved within 

school confounding issues that would lead to an incorrect interpretation of results. An 

example of such a confounder could be migration away from high pollution schools by 

the best test takers.  

 With this in mind, I use data on CAHSEE scores reported from over 1,000 unique 

public schools, throughout 30 California counties, over nine years. Use of school and 

year fixed effects isolate how variation in pollution exposure the day of exams, measured 

by Air Quality Index (AQI) levels of particulate matter PM2.5 and PM10, impacts the 

average exam score within a school. I estimate a negative relationship between ambient 

PM2.5 and PM10 exposure and exam performance. The results suggest that, on average, 

when a school holds the CAHSEE during a day in which PM2.5 or PM10 AQI levels are 

above the 95th percentile (AQI > 72 for PM2.5 and AQI > 43 for PM10) in observed 

values, that school will see roughly a 2% to 6% of a standard deviation decrease of within 

school exam performance. This relationship is found to hold for students from both high 



3 
 
and low socio-economic status and between the four ethnic groups considered (White, 

African American, Hispanic or Latino and Asian). Although no robust heterogeneity is 

found, in some sense this should be comforting. If the impacts of transitory shocks are 

truly being isolated, then we would not expect to see differences between race or 

economic status unless there was some sort of biological differences in exposure to air 

pollution between the groups, which is not the case.  

 School district-by-year time trends are also included as a robustness check to 

investigate if trends in possible unobserved confounders could be the cause of the 

estimated decline. The results are not robust to the inclusion of district-by-year time 

trends for the math section of the exam suggesting the estimates could also be picking up 

the effect of within school migration of the best test takers away from high pollution 

areas or other unobserved trends over the nine-year time period. Estimates from the ELA 

section of the exam remain unchanged with the inclusion of district-by-year trends and 

are in some cases larger in magnitude.  

 Although standardized test results are meant to signal accurate measures of 

cognitive ability, this study and other recent evidence shows that high levels of air 

pollution, both short term and in utero, among other random shocks like high temperature 

(Miller and Vela (2013), Bensnes (2016), Ebenstein et al. (2016), Bharadwaj (2017), 

Roth (2018), Goodman et al. (2018)) can create real disturbances to these measures of 

performance. Furthermore the California High School Exit Exam (CAHSEE) was used in 

conjunction with other measures mandated by No Child Left Behind (Bacolod et al. 

(2012)) to designate school performance. Designation as a high or low performing school 
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can have consequences to qualified staff retention (Hanushek et al. (2004) and Boyd et al. 

(2005)) and subsequent human capital development of students.  Once schools are placed 

on the low performing list, they are also subject to increasing penalties for additional 

years of poor performance. If a school receives Title I money and they remain on the list 

for over three years in some cases they “must prepare for “restructuring,” which can 

range from reopening the school as a charter school to replacing its principal and 

teachers, turning it over to private management, or having it taken over by the state” 

(Olson (2004)). The turmoil within schools caused by repeated poor exam performance 

will also have detrimental impacts on students.  

 This paper contributes to the literature by obtaining the first estimates for the 

effect of short-term pollution exposure on exam performance for high schools in the 

United States. Additionally, this paper lends evidence that estimates of short-term 

pollution exposure’s impact on test scores are fairly similar between similar aged students 

in other countries as estimated by Ebenstien et al. (2016) and Roth (2018). This paper is 

also the first to investigate if the effect of pollution exposure on exam performance is 

heterogeneous between groups based on economic status or race although no robust 

heterogeneity is found. The CAHSEE has not been studied directly by economists in any 

capacity, and this paper is, therefore, the first inquiry on the exam apart from independent 

reviews commissioned by the state each year.1 

 These findings show how natural variation in pollution exposure can have real 

economic consequences. Consequences for schools, whose distinction as a high or low 

                                                 
1 https://www.cde.ca.gov/ta/tg/hs/evaluations.asp   
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performing school, and retention of high-quality teachers depend on test score 

performance. And consequences for students, whose future academic career and 

subsequent human capital is also dependent upon performance on standardized tests such 

as the CAHSEE. These results also generalize outside the classroom as high levels of air 

pollution can impact cognitive ability in the professional world as well. The policy 

implications from this analysis would suggest at the very least to place less significance 

on high-stakes exams in which the measure of performance can be disturbed by 

environmental and social circumstances out of students control. These results also point 

to further benefits of pollution reduction efforts. Increased academic performance and 

increases in general cognitive ability from lowered air pollution levels could create 

positive externalities through a wide variety of avenues not usually considered in a 

cost/benefit analysis of pollution reduction.
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CHAPTER TWO 

 
LITERATURE REVIEW 

 
 

Effects of Pollution Exposure, Evidence from Epidemiology 
 
 

 The British Medical Journal defines epidemiology as “the study of how often 

diseases occur in different groups of people and why.” Epidemiological studies of 

pollution’s effect on health range from laboratory studies directly introducing pollutants 

to willing participants and observing the effects, to cross-sectional and panel data 

methods more familiar to economic research. An example of the former is Calderón-

Garcidueñas et al. (2008) who conduct MRI scans on children exposed to varying levels 

of particulate matter in Mexico City and find increased levels of PM2.5 cause 

neuroinflammation even in healthy children resulting in decreased performance on 

cognitive tasks. Raub and Benignus (2002) in a review of several laboratory experiments 

find carbon monoxide exposure even at moderate concentrations can impact “visual 

perception, manual dexterity, learning, driving performance and attention levels.” Case 

studies of cross-sectional samples from the medical literature are also frequent. For 

example, Dominici et al. (2006) use PM2.5 monitor stations and hospital admission 

records to test if short-term exposure to PM2.5 increases admissions for cardiovascular 

and respiratory type diseases. Kweon et al. (2018) analyze exam score data for students in 

Michigan and find schools located near highways (a major source of particulate 

pollution) preform worse on state standardized tests and also that: “a larger percentage of 
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black, Hispanic, or economically disadvantaged children attended schools nearest to 

pollution emissions than white students.”  

 Kweon et al. (2018) who find heterogeneous effects of pollution exposure 

between groups based on economic status or race is not an uncommon finding in 

epidemiological literature. Bell et al. (2009) find a simple addition of an air conditioning 

unit, a feature less expensive nursing homes are unable to provide, can reduce exposure 

to particulate matter and subsequent health effects. Goodman et al. (2018) find learning 

capacity is decreased during hot weather periods if air conditioning cannot be provided 

by compiling the results of over 10 million PSAT test takers. Research from 

epidemiology presented above therefore serves two purposes. One, the laboratory 

control/treatment design can be used as a guideline for identifying natural experiments to 

use in applied economic research. Second, epidemiological research has identified 

significant relationships between air pollution and health and has shown heterogeneous 

effects of pollution between groups based on race and socio-economic status. 

 Epidemiology and associated air science literature is also used in this paper to 

provide scientific guidelines on meaningful measures of pollution to include in analysis. 

Jenkins et al. (1992) in a survey conducted between 1962 and 1987 find: “Californians 

spend, on average, 87% of their time indoors, 7% in enclosed transit and 6% outdoors.” 

Choosing pollutants that have high correlations between indoor and outdoor 

concentrations allows more confidence that the ambient pollution levels measured by 

outdoor pollution monitors will closely reflect the indoor pollution levels experienced 

while students are in school. Studies within epidemiology and air science investigating 
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indoor and outdoor concentrations of PM2.5 and PM10 include: Dockery and Spengler 

(1981), Thatcher and Layton (1995), Morawska et al. (2001), Wichmann et al. (2010) and 

Chaloulakou et al. (2003) who all find that indoor to outdoor ratios of PM2.5 and PM10 

within various schools and residential buildings are consistently above 75% for PM10 

and 90% for PM2.5.   

 
Pollution Exposure, Physical Health and Worker Productivity 

 
 

 In parallel to the research from other academic disciplines on pollution exposure 

and its effects, modern applied economic research has used the natural variation of 

pollutants in many ingenious ways to aid in causally identifying pollution exposures 

impacts. Applied economics has also taken advantage of the increased availability of 

local, real-time data from pollution monitoring networks throughout developed countries. 

In recent decades economic research using high-quality data has allowed for analysis of 

air pollutions impact on large and diverse populations, the types of which are not possible 

in laboratory settings. Early economic literature interested in these links focused mainly 

on the physical effects of pollution exposure. Chay and Greenstone (2003) use varying 

pollution levels between counties induced by the 1981-1982 recession as a natural-

experiment to draw causal inference on the effect of pollution reduction on infant 

mortality. Neidell (2004) uses zip code fixed effects to examine if seasonal variation in 

various pollutants, including PM10 and CO, have an effect on childhood asthma rates and 

also looks at the possibility of heterogeneous effects between socioeconomic groups. 

Currie and Neidell (2005) use zip code fixed effects and individual level data from 
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California to examine the impact that variation in pollution exposure can have on 

physical health outcomes including infant mortality and the probability of a child being 

born underweight. Currie et al. (2009) use administrative data from elementary and 

middle schools in Texas and using fixed effects show school absences, a proxy for child 

health, are increased during periods with high levels of in-air carbon monoxide and 

particulate matter. 

 More recent literature builds off early works and uses natural as well as policy 

induced variation of pollution to aid in identification. Currie and Walker (2011) use a 

natural-experiment in which traditional human operated highway toll booths are replaced 

by E-ZPass booths. This change is used to examine if decreased local traffic congestion 

has an impact on mothers nearby using low birth weight and premature births as their 

dependent variable of interest. Schlenker and Walker (2011) also use the natural variation 

of pollution in which airplane idling times in California, originating from exogenous 

delays on the east coast, create variation in levels of carbon monoxide experienced by 

residents near the airport. The authors use this variation to examine the effect of CO 

exposure on asthma along with respiratory and heart related emergency room visits. 

Knittel et al. (2016) use zip code fixed effects and real-time traffic data to investigate the 

effect of traffic induced CO and PM10 exposure again on infant mortality. All of the 

literature listed above highlights inventive ways natural or policy induced variation of air 

pollutants are used to aid in identifying a causal link between health outcomes and 

exposure levels. The papers listed above all find a negative relationship between 
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pollution exposure and physical health in line with similar research from epidemiology 

and medical journals from the previous section.   

 Early results from Chay and Greenstone (2003) and Neidell (2004) and later 

Currie and Walker (2011) among others find robust relationships between pollution 

exposure and physical health.  It was only natural that applied economic research 

extended to outcomes beyond physical health. The effect of short-term pollution exposure 

on worker productivity is another popular research topic among economists. Zivin and 

Neidell (2012) use daily variation in ozone levels along with individual level data from a 

large farm in California to examine the effects of varying ozone levels on worker 

productivity measured by harvest levels. Chang et al. (2016) use similar individual level 

data from a pear-packing factory also in California to examine the effect of PM2.5 

exposure on worker productivity measured by number of pears packed. Archsmith et al. 

(2018) examine how variation in short-term exposure to PM2.5 and CO impacts the 

ability of baseball umpires to make correct calls. While no one model is perfectly able to 

estimate the true effects of pollution exposure on physical or mental health, applied 

economic research has created a body of economically significant causal estimates that 

point towards a negative relationship between pollution exposure and physical health 

outcomes.   

 
Pollution Exposure and Exam Performance 

 
 

 With the physical and related effects of pollution exposure seemingly well 

estimated by applied economists for a variety of situations and subpopulations, a related 



11 
 
question remains. The effect of pollution exposure on exam performance has yet to have 

been estimated for a variety of populations that could differ widely in response. Like the 

research into the physical and related effects of pollution exposure, applied economic 

research should amass a body of estimates from varying locations and times. If, like the 

research into the physical effects of pollution exposure, there is a general consensus 

between estimates from seemingly unrelated studies this gives more confidence to the 

overall result.  

 Research into pollution exposure and exam performance takes two approaches. 

The first approach investigates the long-term effects that pollution exposure in utero can 

have on exam performance in later years.  Research into the long-term consequences of 

pollution exposure on exam performance links birth records, a commonly used outcome 

variable in the physical health and pollution literature, to test scores or survey results of 

individuals later in life. Almond et al. (2009) link Swedish birth records to math and 

language arts exams taken around the age of 16. The source of variation used to obtain 

causal estimates is variation in prenatal exposure to radiation from the Chernobyl 

disaster. They find a significant effect for prenatal exposure and subsequent exam 

performance. While radiation from a nuclear disaster is an extreme example of air 

pollution, they find impacts are exacerbated for children from less educated parents. 

Sanders (2012) examines how prenatal exposure to total suspended particulates (a 

precursor measure to the more specific measurements of particulate matter PM10 and 

PM2.5) impacts high school tests scores. Using a plausibly random shock to particulate 

matter in the air induced by the 1980s recession the paper attempts to causally identify 
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how variation in these levels of particulates impact exam performance on high school exit 

exams in Texas. Using county fixed effects Sanders (2012) finds “a standard deviation 

decrease in the mean pollution level in a student’s year of birth is associated with 1.87% 

of a standard deviation increase in test scores in high school.” Bharadwaj et al. (2017) 

link birth records to standardized exams taken by students during 4th grade in Chile and 

examines the effect that varying exposure to PM10 and CO in utero can have on exam 

scores later in life. Prenatal exposure to carbon monoxide is found to be a significant 

factor in 4th grade exam scores. The authors find a one standard deviation increase in CO 

resulted in a 3.8% of a standard deviation decrease in exam scores. Almond et al. (2009) 

and Bharadwaj et al. (2017) both use between sibling comparisons to limit the number of 

unobserved factors that could contribute to decreased exam performance later in life 

between students. Studies like these show how in utero exposure to pollution can have 

long term impacts on exam performance and subsequent human capital development. 

Another approach to investigating the effect of pollution exposure on exam performance 

is to only consider how variation in short term pollution levels impact exam scores. This 

second approach also answers different questions than in utero pollution studies.  

Miller and Vela (2013) use school fixed effects and yearly averages of PM10 and 

PM2.5 among other pollutants in Chile to examine how yearly variation in particulate 

matter impacts exam performance for students in the fourth, eighth and tenth grade. 

Results suggest a statistically significant decline of within school exam performance 

during years in which PM10 levels are high. The analysis does not investigate any 

heterogeneity of effects between students of different race or socio-economic status. 
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Bensnes (2016) focuses on airborne pollen, which would be classified in the PM10 

category. He shows that when pollen levels are high, test scores decline. The analysis 

uses test score data for students in Norwegian high schools between 2008-2011. Using 

student fixed effects he finds a “one standard deviation increase in pollen counts from the 

mean decreases the average student’s score by about 2.5% of a standard deviation.” 

These results are in-line with studies (Miller and Vela (2013), Sanders (2012), Ebenstein 

et al. (2016)) that analyze the impact of particulate matter PM10 and PM2.5 on test 

scores using similar identification strategies. Stafford (2015) uses a natural experiment in 

which building renovations, in the form of mold remediation and ventilation 

improvements are used as a proxy for indoor air quality. These building renovations were 

undertaken during different times by each school within a Texas school district over a 

five-year period. The study finds a statically significant increase in exam performance 

after building renovations and estimate renovations increase within student math and 

reading scores by roughly 10% of a standard deviation.  

 To my knowledge only one published paper and one unpublished article has 

obtained causal estimates of day of exam pollution exposure’s effect on exam scores for 

high school or college aged students. Neither of these studies use data from students 

within the United States in their analysis. Ebenstein et al. (2016) use student level data 

from urban Israeli high schools during the years 2000-2002 and find a robust negative 

relationship between high-stakes exam scores and PM2.5. Linear estimates from this 

analysis suggest a one standard deviation increase in PM2.5 AQI results in a drop of 

within student exam performance of roughly 3.8% of a standard deviation. Using non-



14 
 
linear models PM2.5 AQI values above 75 are estimated to cause a drop of roughly 9% 

of a standard deviation in exam performance. The exam used (Bagrut) has seven 

mandatory sections each held on different days and the authors observe the universe of 

tests takers throughout the sample period. The inclusion of student and day-of-test fixed 

effects within their model isolates how within student variation of PM2.5 levels between 

exam days impacts each student’s score compared to their average exam performance. 

Still using student level data the authors use school fixed effects to look at how within 

school variation in pollution impacts student’s exam performance and obtain similar 

estimates as using within student variation. Ebenstein et al. (2016) is an important 

contribution to the literature estimating the effect of pollution exposure on both physical 

and cognitive health. The use of data on the universe of Israeli Bagrut examinees from 

2000-2002 allows for a good standard to guide future models in estimating effects for 

other populations and circumstances. 

 Roth (2018), who is one of the authors of Ebenstein et al. (2016), is the only other 

paper to my knowledge that estimates the short-term effect of pollution exposure on 

exam performance. The methods and regression equation used in Roth (2018) are 

identical to Ebenstein et al. (2016). The difference between the two papers is the measure 

of pollution and the population studied. Roth (2018) uses over 2,000 students’ exam 

scores in an unnamed United Kingdom university and in-classroom monitors of PM10. 

This data is used to estimate how variation in exposure to PM10 impacts exam 

performance. Magnitudes in this study are of a similar magnitude as estimates of PM2.5 

impact on exam performance using outdoor monitors in Ebenstein et al. (2016). Roth 



15 
 
(2018) then goes on to estimate heterogeneous effects of PM10 exposure and exam 

scores between high and low ability students and between college majors, but does not 

look at heterogeneity between race or economic status of the students.   

 Ebenstein et al. (2016) and Roth (2018) provides estimates for how day of test 

PM2.5 and PM10 variation affects within school and within student exam scores for 

urban Israeli high school students and college students in the United Kingdom 

respectively. The California High School Exit Exam and the students represented by the 

school level mean exam scores offers a unique sample that is worth individual 

consideration. As a contribution to the literature presented above, I first compare if 

estimates of short term PM2.5 and PM10 exposure’s effect on exam performance are 

consistent with previous estimates for California public high school students. Second, I 

investigate if groups of students based on economic status or race within California 

schools are heterogeneously affected by exposure to high levels of pollution. 

Heterogeneity between racial groups or economic status was not examined by Ebenstien 

et al. (2016) or Roth (2018) explicitly.
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CHAPTER THREE 

 
BACKGROUND AND DATA 

 
Basic Overview of Air Pollution and its Effects 

 
 

 Several standardized indexes allow citizens and scientists to understand what the 

current air quality is, and if it is harmful to human health. The Air Quality Index (AQI) is 

one standardized measure designed by the United States Environmental Protection 

Agency (EPA) to determine air quality and if it is harmful to individuals. AQI can be a 

composite measure, indicating the overall concentration of all monitored air pollutants, or 

an individual measure, indicating the specific concentration of individual pollutants in the 

air. The Air Quality Index (AQI) is a scale that ranges from 1-500 with higher values 

indicating higher concentrations of pollutants in the air. Modern-day particulate matter is 

monitored based on the size of the particulates and encompasses two major categories. 

PM10 is a broad category for air pollutants that are smaller than 10 microns but larger 

than 2.5 microns, PM2.5 is all air particulates smaller than 2.5 microns. For comparison 

to the size of these air pollutants, a human hair is roughly 50-70 microns in diameter and 

a granule of beach sand is roughly 90 microns in diameter.2 PM10 encompasses air 

pollutants such as dust, pollen and mold, PM2.5 includes pollutants such as combustion 

particles, organic compounds (ash and soot) and metals. The small size of PM10 and 

                                                 
2 https://www.epa.gov/pm-pollution 
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PM2.5 is especially important because these pollutants can enter the lungs or even the 

bloodstream in the case of PM2.5.   

 The average AQI values for PM2.5 and PM10 in the United States and California 

are at (PM10) or under (PM2.5) 50 AQI yearly since the early 2000s3 but spikes in levels 

above 100 AQI especially in large cities or during wildfires are common.  Each specific 

pollutant monitored by the EPA has individual AQI values that are deemed unsafe to 

varying degrees for humans. The EPA reports4 that exposure to PM2.5 or PM10 Air 

Quality Index (AQI) levels above 50 can have health impacts such as aggravation of 

respiratory and cardiovascular functions. The EPA also warns that these impacts can be 

exacerbated for sensitive groups such as children and people of lower socioeconomic 

status. The current federal standard for PM2.5 is AQI levels over 100 for daily averages 

and AQI levels over 50 for yearly measures. The federal standard for daily averages of 

PM10 is also AQI levels over 100. The California standard for PM2.5 and PM10 are the 

same as federal standards for daily averages.5 The recommendations by federal and state 

agencies for AQI values deemed harmful to the public (federal and state standards) come 

from reviewing hundreds of epidemiological studies on monitored pollutants each year.  

 
Background on the California High School Exit Exam (CAHSEE) 

 
 

 To obtain estimates of pollution exposure’s effect on exam performance, data 

from the mandatory California High School Exit Exam for the academic calendar years 

                                                 
3 https://www.epa.gov/air-trends/particulate-matter-pm25-trends 
4 https://airnowtest.epa.gov/sites/default/files/2018-09/aqi-technical-assistance-document-sept-2018_0.pdf 
5 https://www.arb.ca.gov/research/aaqs/caaqs/caaqs.htm 
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2005-2006 through 2013-2014 is used. Passing the CAHSEE was a graduation 

requirement for all California public school students beginning with the graduating class 

of 2006 and was repealed as a mandatory graduation requirement after the 2014-2015 

school year (https://www.cde.ca.gov/ta/tg/hs/). The CAHSEE was also used in the 

calculation of the Academic Performance Index (API), a measure that was used to 

determine a school’s year to year progress. The CAHSEE is comprised of language arts 

and math sections designed to test proficiency as defined by the California State Board of 

Education. For the language arts portion of the exam, students are required to be 

proficient on material learned up to grade 10. For the math portion, students are required 

to be proficient on material learned up to grade 7 including algebra 1. The language arts 

section of the exam includes 79 multiple choice questions (seven of which are 

exploratory questions that are not scored) and one essay. The 79 multiple choice 

questions on this section of the exam cover topics including but not limited to: 

vocabulary, comprehensions, writing strategies and conventions of the English language. 

The math section of the exam includes 92 multiple choice questions (12 of which are 

exploratory questions that are not scored). The 92 multiple choice questions on this 

section of the exam cover topics including but not limited to: statistics, probability, 

number sense, geometry and algebra. (https://www.cde.ca.gov/ta/tg/hs/cefcahsee.asp) 

 Guidelines governing administration of the CAHSEE require all schools to hold 

exams on dates determined by the State Superintendent of Public Instruction. 

(https://www.cde.ca.gov/ta/tg/hs/documents/cahsee1415explained.pdf). Students are first 

administered the CAHSEE on one of these predetermined dates during grade 10 and if 

https://www.cde.ca.gov/ta/tg/hs/
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unsuccessful can repeat the exam twice during grade 11, and up to five times during 

grade twelve. Beginning with the class of 2006 until the repeal of the CAHSEE after the 

2014-2015 academic year, failure to pass both sections of the CAHSEE by the end of 

twelfth grade meant that unsuccessful students would not be granted a high school 

diploma. Upon repeal, Senate Bill 172 deemed that any student who completed all other 

graduation requirements except for the CAHSEE for the class of 2006 onward would be 

retroactively granted a high school diploma.  

 
Public School Data 

 
 

 School level data on the mean test scores for all individual CAHSEEs taken from 

academic year 2005-2006 through academic year 2013-2014 are obtained from the 

California Department of Education website.6 The data reports the school level mean 

exam scores of each test for various subgroups within each school based on economic 

status and race along with a composite mean for the entire school. Groups considered in 

this analysis are defined: “All Students (N=7,634)”, “Economically Disadvantaged 

(N=6,814)”, “Non Economically Disadvantaged (N=5,158)”, “White (N=4,653)”, 

“African American (N=2,990)”, “Hispanic or Latino (N=6,708)”, and “Asian (N=2,794)” 

in which all racial groups are defined by the California Department of Education7 and N 

represents the number of unique school/year observations. The “All Students” group is 

the composite mean for all groups within a school. For a school to report the exam score 

                                                 
6 https://cahsee.cde.ca.gov/datafiles.asp 
7 https://www.cde.ca.gov/ds/dc/es/refaq.asp 
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of a student as economically disadvantaged they must be: “eligible to participate in free 

or reduced-price lunch, or the parent education level was coded as, not high school 

graduate.”8 A student’s exam score is added to the calculation of the school’s non-

economically disadvantaged mean score if they do not meet that criteria. The number of 

observations for each subsample of the “All Students” report differ not because of sample 

selection issues, but because no reports are available for subsamples within a school that 

do not have any students in a certain group to report. Once compiled, the seven individual 

datasets list exact dates of each test administration as well as latitude and longitude 

coordinates of all schools which allows linking to georeferenced weather and pollution 

readings. Figure 1 visually depicts the location of all unique schools (N=1,112) in the 

main “All Students” sample. 

 Because the majority of schools first administer the exam to tenth graders in 

March, and subsequent testing dates for the year are primarily used for students who 

failed an exam prior, all other testing dates were dropped from the sample to limit the 

number of repeat examinees included in the study. Supplementary files available from the 

California Department of Education9 and NCES Common Core of Data (CCD)10 are then 

merged by year and school or district code to the CAHSEE exam dataset. Variables 

merged from the California Department of Education include yearly school level 

measures of total student population, racial composition and percent of students eligible 

                                                 
8 http://media.scpr.org/documents/2011/08/24/cahsee11eusumres.pdf (page 21) 
9 https://www.cde.ca.gov/ds/dd/ 
10 https://nces.ed.gov/ccd/elsi/ 

http://media.scpr.org/documents/2011/08/24/cahsee11eusumres.pdf
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for free and reduced meals as defined by the USDA’s national school lunch program.11 

Any school-year combination from the CAHSEE exam dataset with missing values for 

any of the supplementary school level variables available from the California Department 

of Education listed above were dropped from the sample.  District level variables merged 

from the NCES CCD to the CAHSEE exam dataset include pupil to teacher ratio and 

total expenditures per student.  

 The CAHSEE mean exam score for each school range from a minimum possible 

score of 275 to a maximum possible score of 450. The passing score for this scale is 350.  

To allow for easy interpretation and comparison between studies, the CAHSEE mean 

scale score is placed on a 1-100 scale while keeping the distribution of exam scores 

relative to the CAHSEE 275-450 scoring system intact. Table 1 presents mean exam 

scores for each group considered in the analysis on the 1-100 scale. Using this scale a 

passing grade on the math exam for is equal to 43.75 and a passing grade on the ELA 

section of the exam is equal to 32. Table 2 reports traditional summary statistics for all 

variables outside of the CAHSEE scores including school demographic characteristics, 

district level characteristics, pollution measures, temperature and precipitation used in 

this analysis. Table 2 reports statistics for the main “All Students” sample, summary 

statistics for all other groups are reported in Tables 41-46 in Appendix C. 

 
 
 
 
 
 

                                                 
11 https://www.fns.usda.gov/school-meals/income-eligibility-guidelines 
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Air Pollution Data 
 
 
 Air pollution readings of particulate matter PM2.5 and PM10 for the sample 

period are obtained from the California Air Resources Board Air Quality and 

Meteorological Information System AQMIS2 server.12 PM2.5 (ug/m3) and PM10 

(ug/m3) readings included in this study are daily 24 hour averages from each station 

monitor. These raw readings are then transformed to the EPA’s Air Quality Index 

(AQI).13 Because there is not exact measurements of pollution at each school/year 

combination within our sample, values are interpolated by finding the nearest (based on 

Euclidean distance of longitude/latitudes) pollution monitor neighbor. Once the closest 

monitor to each school for that year is found, PM2.5 and PM10 24 hour averages on the 

date of each test are assigned to all schools whose nearest neighbor is that pollution 

monitor.14 All schools located within counties that do not have both PM2.5 and PM10 

monitors consistently throughout the period (2006-2014) are dropped from the sample to 

limit measurement error. Figure 2 shows the exact locations of unique PM2.5 and PM10 

monitors used in the nearest neighbor assignments. Figures 4 and 5 show county level 

means and station level maximum values throughout the sample period for PM2.5 and 

PM10 respectively. Figure 6 plots histograms of PM2.5 and PM10 values throughout the 

sample period, it also depicts residuals from a regression of school fixed effects on these 

                                                 
12 https://www.arb.ca.gov/aqmis2/aqmis2.php 
13 Information on the exact conversion formula from raw pollution readings to AQI can be found at: 
https://www3.epa.gov/airnow/aqi-technical-assistance-document-may2016.pdf (pg.14) 
14 As a robustness check, seven day averages for the week leading up to the test are also nearest neighbor 
assigned and used to investigate how pre-exam week levels of particulate matter affect exam performance. 
These estimates can be found in Tables 25 and 26 (PM2.5) and Tables 37 and 38 (PM10).  

https://www3.epa.gov/airnow/aqi-technical-assistance-document-may2016.pdf
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PM2.5 and PM10 AQI values. At a glance the residuals appear to be normally distributed 

with a good amount of variation for both pollutants.  

 
Weather Data 

 
 
 Daily weather observations come from the National Oceanic and Atmospheric 

Administration’s (NOAA) global surface summary of the day15 which contain daily 24 

hour averages of temperature (Fahrenheit) and precipitation (inches). The same method 

for assigning pollution values to each school is applied to temperature and precipitation 

observations from monitors throughout the state. Figure 3 shows the exact locations of all 

NOAA weather monitors used in nearest neighbor assignments.  

 
 

                                                 
15https://data.noaa.gov/dataset/dataset/global-surface-summary-of-the-day-gsod 
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CHAPTER FOUR 

 
METHEDOLOGY 

 
Empirical Strategy: Linear Effects of Pollution Exposure  

 
 

 To identify the effect variation in pollution exposure has on exam performance 

the following regression equation is used:  

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛽𝛽1𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 + Ϝ(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖𝑖𝑖,𝑃𝑃𝑃𝑃𝑇𝑇𝑃𝑃𝑃𝑃𝑇𝑇𝑖𝑖𝑖𝑖) + 𝑋𝑋𝑖𝑖𝑖𝑖 + 𝑍𝑍𝑖𝑖𝑖𝑖 + 𝑌𝑌𝑇𝑇𝑌𝑌𝑃𝑃𝑖𝑖 +

 𝐶𝐶𝑃𝑃ℎ𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖  + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖     

 

(1) 

where the indices i, d, and t represent the school, district and year respectively for each 

observation. 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖 represents school i’s mean exam score (Math or ELA) for all 

students within a group who took the March CAHSEE within school i during year t. 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 denotes, depending on the specification, either the nearest neighbor assigned 

PM2.5 or PM10 AQI value assigned to school i  during year t.16 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖𝑖𝑖 and 𝑃𝑃𝑃𝑃𝑇𝑇𝑃𝑃𝑃𝑃𝑇𝑇𝑖𝑖𝑖𝑖 are 

measures of exam day temperature and precipitation nearest neighbor assigned to school i 

during year t. Ϝ(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖𝑖𝑖,𝑃𝑃𝑃𝑃𝑇𝑇𝑃𝑃𝑃𝑃𝑇𝑇𝑖𝑖𝑖𝑖) is a quadratic function of temperature and 

precipitation that includes individual linear and quadratic terms as well as linear and 

quadratic interaction terms of the two variables.17 This function is similar to those used 

by Ebenstien et al. (2016) and Chang et al. (2016). 𝑋𝑋𝑖𝑖𝑖𝑖 denotes a vector of time-variant 

school level controls that are possibly correlated with both exam performance and 

                                                 
16 To stay consistent with Ebenstien et al. (2016) PM2.5 and PM10 are not included simultaneously in the 
model. 
17 An explicit depiction of the quadratic weather function included in preferred specifications can be found 
in footnote 1 of Table 3. Further, Tables 17, 18, 29 and 30 demonstrate robustness of PM2.5 and PM10 
estimates to choice of functional form for weather variables. 
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pollution. School level controls included in 𝑋𝑋𝑖𝑖𝑖𝑖 are total student enrollment, percent 

African American, percent Hispanic or Latino, percent Asian and percent of students 

eligible for free and reduced price meals. 𝑍𝑍𝑖𝑖𝑖𝑖 denotes a vector of time-variant district 

level controls that also could be correlated with both exam performance and pollution. 

District level controls included are pupil to teacher ratio and total expenditures per 

student. 𝑌𝑌𝑇𝑇𝑌𝑌𝑃𝑃𝑖𝑖 + 𝐶𝐶𝑃𝑃ℎ𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖 are year and school specific fixed effects and 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖 is the 

individual error term.  

 
Identification Strategy 

 
 

 An ideal experiment to obtain causal estimates of pollution exposures effect on 

exam performance would take the form of a repeated randomized control trial.18 Identical 

schools (identical in all observed and unobserved characteristics) would take an exam 

where schools are randomly assigned varying levels of ambient pollution exposure 

(measured in PM2.5 and PM10) on the day of the test and exam performance between 

each school would be assessed. This design ensures the only mechanism causing 

variation in exam performance is pollution exposure. Estimates using cross sectional OLS 

from this ideal design would be unbiased and identify a causal effect of pollution 

exposure on exam performance.  

 The panel of public California high schools observed in this study are not 

homogenous over time and space. A naive pooled OLS regression in this context would 

violate traditional OLS assumptions including zero conditional mean and 

                                                 
18 https://www.ncbi.nlm.nih.gov/pubmedhealth/PMHT0025811/ 
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homoscedasticity because schools are not identical and the use of a panel causes errors to 

be correlated within schools. This causes a pooled OLS estimator of 𝛽𝛽1 to be biased from 

the violation of the zero conditional mean and causes the estimator of variance for 𝛽𝛽1 to 

be biased because of heteroscedasticity. Also pooled OLS uses a different kind of 

variation, it uses both within and between school variation to estimate how pollution 

exposure impacts exam performance. The between variation used in pooled OLS has an 

inherent bias due to unobserved time-invariant differences between schools. The 

inclusion of school and year fixed effects in equation (1) is key to removing unobserved 

differences between schools and over time that is a large source of bias in a pooled OLS 

estimate of  𝛽𝛽1. The use of fixed effects does not fix the problem of heteroscedasticity, as 

the error term could still be correlated with the explanatory variables. Also fixed effects 

do not take into account that errors within schools will be correlated with one another 

over time. Robust standard errors clustered at the school level are used in all 

specifications as they relax the assumption that errors within clusters need be independent 

of one another. Additionally, confidence intervals from this estimator of variance are 

unbiased even when heteroscedasticity of unknown form is present (Wooldridge (2015)).  

 The inclusion of fixed effects and robust standard errors is a significant 

improvement from pooled OLS to see the causal effect of PM2.5 and PM10 exposure on 

exam performance within schools. With time-invariant differences between schools 

accounted for, the quadratic weather function and vectors of school and district level 

controls attempts to further control for any time-variant within school characteristics that 

could also be correlated with both pollution and exam performance that could serve as an 
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additional source of bias. A weakness left in equation (1) is that school or year specific 

fixed effects do not in themselves account for unobserved trends within schools such as 

migration away from traditionally high pollution schools by the best test takers. Failure to 

account for such confounders could overstate the true effect of spikes in particulate 

matter exposure on test scores as the trend would in part be the cause of decreased 

performance within schools. To control for possible confounders, linear district-by-year 

time trends are added to equations (1)-(3) in Appendices A and B. Another concern to 

precise estimates would be measurement error in local conditions of pollution and 

weather assigned to schools. Concerns of measurement error are limited using nearest 

neighbor assignment as schools in this study are located near one of the monitors within 

the extensive outdoor monitor network in California. Schools in counties where pollution 

monitors were spread far apart were dropped from the sample for this reason. Also this 

measurement error would induce attenuation bias and these estimates would therefore 

represent a lower bound of pollutions effects were serious measurement error present. 

 
Non-Linear Effects of Pollution Exposure 

 
 

There is no a priori reason to suspect all deviations away from mean air quality 

before an exam would affect student performance proportionally. The continuous 

measure of pollution used in equation (1) imposes this assumption upon the model and 

upon the interpretation of coefficient estimates of 𝛽𝛽1. It is also possible that exposure to 

PM2.5 and PM10 may only affect cognitive performance during weeks in which AQI 

values deviate arbitrarily far away from the mean. If this is true then imposing a linear 
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relationship between pollution exposure and exam performance could misrepresent the 

true effect. To investigate if non-linear estimates are more appropriate two additional 

regression specifications are included:  

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖 = ∑ 𝛽𝛽𝑖𝑖5
𝑖𝑖=1 𝐹𝐹𝑃𝑃𝐹𝐹𝑇𝑇𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 + Ϝ(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖𝑖𝑖,𝑃𝑃𝑃𝑃𝑇𝑇𝑃𝑃𝑃𝑃𝑇𝑇𝑖𝑖𝑖𝑖) + 𝑋𝑋𝑖𝑖𝑖𝑖 + 𝑍𝑍𝑖𝑖𝑖𝑖 +

𝑌𝑌𝑇𝑇𝑌𝑌𝑃𝑃𝑖𝑖 +  𝐶𝐶𝑃𝑃ℎ𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖  + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖    

 

(2) 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖 = ∑ 𝛽𝛽𝑖𝑖2
𝑖𝑖=1 𝑇𝑇𝑇𝑇𝑃𝑃𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 + Ϝ(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖𝑖𝑖,𝑃𝑃𝑃𝑃𝑇𝑇𝑃𝑃𝑃𝑃𝑇𝑇𝑖𝑖𝑖𝑖) + 𝑋𝑋𝑖𝑖𝑖𝑖 + 𝑍𝑍𝑖𝑖𝑖𝑖 +

𝑌𝑌𝑇𝑇𝑌𝑌𝑃𝑃𝑖𝑖 +  𝐶𝐶𝑃𝑃ℎ𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖  + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖    

 

(3) 

where 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 in equation (1) is replaced in equations (2) and (3) with two unique 

vectors of dummy variables that do not impose a linear relationship between pollution 

exposure and exam performance. All other variables included in equations (2) and (3) 

have the same interpretation as equation (1). The explicit creation of the vectors 

𝐹𝐹𝑃𝑃𝐹𝐹𝑇𝑇𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 and 𝑇𝑇𝑇𝑇𝑃𝑃𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 are as follows: 

𝐹𝐹𝑃𝑃𝐹𝐹𝑇𝑇𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖

= 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 (50 − 60𝑇𝑇𝑃𝑃𝑃𝑃) + 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖[60 − 70𝑇𝑇𝑃𝑃𝑃𝑃)

+  𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖[70 − 80𝑇𝑇𝑃𝑃𝑃𝑃) + 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖[80 − 90𝑇𝑇𝑃𝑃𝑃𝑃)

+  𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖[90 − 100𝑇𝑇𝑃𝑃𝑃𝑃] 

 

(2.1) 

𝑇𝑇𝑇𝑇𝑃𝑃𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 = 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖(85 − 95𝑇𝑇𝑃𝑃𝑃𝑃) + 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖(95𝑇𝑇𝑃𝑃𝑃𝑃 𝑇𝑇𝑃𝑃𝑃𝑃𝑝𝑝]  (3.1) 

where each individual term is a dummy variable that is equal to 1 if the corresponding 

value of 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 for school i in county c in year t is within the specified range of the 

distribution and 0 when not. For example 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 (50 − 60𝑇𝑇𝑃𝑃𝑃𝑃) is equal to 1 when 

the corresponding value of 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 is within the 50-60th percentile of the sample 
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distribution of 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖. Each indicated upper bound is exclusive of the upper value, 

except for bins including the 100th percentile.  

 The comparison group for dummy variable estimates from the five bin vector 

(2.1) is all exams taken during weeks in which 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 was at or below the median. 

The comparison group for dummy variable estimates from the two bin vector (3.1) is all 

exams taken during weeks in which 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 was below the 85th percentile. To get a 

sense of how often schools switch in and out of bins, or at least in an out of the omitted 

parts of the distributions, Figure 19 in Appendix C depicts the densities of schools 

exposed to various maximum and minimum PM2.5 and PM10 values. These graphs show 

what percentage of schools experience maximum and minimum values above and below 

the cutoff points used in regression equations (2) and (3). From this figure we can see that 

most schools are exposed to PM2.5 and PM10 values both above and below both the 50th 

and 85th percentiles of observed values. This makes sure that there are more than just a 

couple of schools that are being hit by higher levels of particulate matter exposure. 

Therefore if the effect is truly null or linear, then presumably it should be seen throughout 

all three equation estimates. If pollution exposure only has an effect on exam 

performance after some point in the distribution then the dummy variables will pick up 

this effect, whereas estimates from equation (1) would provide no such information.  
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CHAPTER FIVE 

 
RESULTS 

 
Particulate Matter (PM2.5) 

 
 

 Table 3 reports the estimated linear effects of PM2.5 exposure on exam 

performance for the math section of the exam. While the table only shows estimates for 

PM2.5, all regressions include controls for weather, school and district level observables 

and have standard errors clustered at the school level as indicated in regression equation 

(1).  Panel A shows estimates from the “naive” pooled OLS regression of PM2.5 

exposure on exam performance and imply a statistically significant negative correlation 

for several of the groups. The magnitudes suggest, for the main “All Students” sample, 

that for each unitary increase of exam day PM2.5 AQI exposure the mean exam score for 

a school will fall by 0.023 points. Or, alternatively, each standard deviation increase in 

PM2.5 exposure (𝜎𝜎𝑃𝑃𝑃𝑃2.5 = AQI value of 20.49) would cause subsequent decreases of 0.47 

points (3.4% of a standard deviation, 𝜎𝜎𝑚𝑚𝑚𝑚𝑖𝑖ℎ = 13.7 points) to a school’s mean exam 

score. Comparing Panel A, the pooled OLS regression and Panel B, where school and 

year fixed effect are included, we can see that the pooled OLS regression is biased 

downward in most cases. The inclusion of school and year fixed effects in panel B 

explicitly takes into account any time-invariant differences between schools within the 

sample. Pooled OLS and fixed effects models use different sources of variation. Panel A 

uses both between and within school sources of variation, while Panel B only uses within 

school variation and nets out time-invariant differences between schools.  
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 Panel B coefficient estimates decrease, on average, by more than half in 

magnitude because of the reduced bias and different source of variation. Estimate 

magnitudes from Panel B now imply a unitary increase of exam day PM2.5 AQI 

exposure causes the mean exam score for the average school within the All Students 

sample to fall by 0.007 points. Alternatively, each standard deviation increase in PM2.5 

exposure during an exam results in a drop of 0.14 points (1% of a standard deviation) 

from the mean. For the Economically Disadvantaged (ED) and Not Economically 

Disadvantaged (NED) groups the estimated decline of within school exam performance 

from a standard deviation increase in PM2.5 levels is 0.06% and 1.3% of a standard 

deviation from their means respectfully. The White, Hispanic and Asian groups are 

predicted similarly with the only outlier being the African American group, which is 

predicted to be unaffected by PM2.5 levels using this linear estimation (this heterogeneity 

does not hold up in all specifications). Figure 7 reports estimates from Table 3 Panel B 

graphically.  

 Table 4 uses the two and five bin models from regression equations (2) and (3) to 

estimate if non-linear effects are present in the math section of the exam. Panel A reports 

the estimated effect for the overall average school in each sample using the five bin 

model and Panel B reports estimates from the two bin model. Figures 8 (Panel A) and 9 

(Panel B) present results from both panels in Table 4 graphically. Estimates using dummy 

variables are interpreted different than the linear estimates from Table 3. Each coefficient 

estimate now represents within school exam performance relative to years in which 

PM2.5 levels were at or below the 50th percentile in the sample for the five bin model and 
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relative to years in which PM2.5 levels were at or below the 85th percentile for the two 

bin model.  

Both Panel A and Panel B in Table 4 present consistent estimates for the effect of 

PM2.5 on exam performance when exams are taken when AQI levels are in the top 10% 

or 5% of the distribution for most groups. The All Students sample is found to experience 

a within school decline of 3.3% and 3.1% of a standard deviation for the average school 

when PM2.5 levels are in the top 10% (AQI > 62) and 5% (AQI > 72) of the distribution 

respectively when compared to their respective omitted parts of the distribution (bottom 

50% and bottom 85%). The ED group is found to experience declines in exam 

performance of 3.5% and 2.5% of a standard deviation when exams are taken in the top 

10% and 5% of the distribution (Five and Two Bin) respectively. The NED group is 

found to experience declines in exam performance of 5.6% and 6.2% of a standard 

deviation respectively (Five and Two Bin). There are also statistically significant effects 

of slightly smaller magnitude mostly concentrated in the range between the 50-70th 

percentiles for many of groups. This may present evidence that PM2.5 AQI levels even 

below 50 (AQI 50 is located within the 80-90th percentile bin) can also cause decreased 

exam performance. 

 Estimates for the White, Hispanic and Asian groups are fairly consistent across 

non-linear models with the largest effect being for the Hispanic group estimated in 

between the ED and NED groups. Table 6 reports p-values from t-tests of statistical 

difference in coefficient estimates for all three models (regression equations (1)-(3)). No 

statistical difference in estimates are found in any model between groups except for the 
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African American group using the linear and five bin models. Interestingly the African 

American group flips estimated signs depending on which non-linear model (Five or Two 

Bin) is used. This could be due to the statistically significant positive effect of PM2.5 

exposure for African American students in the 70-80th percentile of the distribution in 

Panel A, this statistical outlier could also be the cause of the estimated positive linear 

relationship for the African American group that contrasts all other groups. Further, this 

outlier could also possibly be the cause of the difference in estimated magnitude between 

ED and NED groups. That being said these estimates of a differential effect for the 

African American group does not hold up between models or robustness checks. 

Although no robust heterogeneity is found, in some sense this could be 

comforting. If the impacts of transitory shocks are truly being isolated, then we would not 

expect to see differences between race or economic status unless there was some sort of 

biological differences in exposure of air pollution between the groups, which is not the 

case. 

  Table 5 compares the estimates obtained from linear and two bin models (Table 3 

Panel B and Table 4 Panel B) to those obtained by Ebenstein et al. (2016). Column (1) in 

Table 5B reports estimates obtained by Ebenstein et al. (2016) using student level data 

and school fixed effects, column (2) reports estimates using student level data with 

student fixed effects. It is important to note that both the CAHSEE and the Bagrut exam 

used by Ebenstien et al. (2016) are on the same 1-100 scale when comparing these 

estimates. The linear estimate for the All Student sample in this study suggests a one 

standard deviation increase in PM2.5 AQI (𝜎𝜎 = 20.49, Mean = 39.4) leads to a 1% 
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decrease in exam performance for the average school in the sample. For the ED group it 

is a 0.06% of a standard deviation and for the NED group it is 1.3%. The linear estimate 

obtained by Ebenstein et al. (2016) using school fixed effects (Table 5B Panel A, column 

(1)) suggest a one standard deviation increase in PM2.5 AQI (𝜎𝜎 = 22.81, Mean = 59.74) 

results in a 5.4% of a standard deviation decrease of within school exam performance. 

Ebenstein et al. (2016) results in Table 5B Panel A, column (2) using student fixed 

effects suggest a 3.8% of a standard deviation decline of within student performance from 

a one standard deviation increase in PM2.5 AQI.  

 Estimates from Table 5 Panel B, column (1) suggests taking the exam when 

PM2.5 AQI levels are in the top 5% (AQI > 72) of the distribution results in a 3.1% of a 

standard deviation decrease in exam performance. For the ED groups it is 2.5% of a 

standard deviation and for the NED group it is 6.2%. Estimates from Table 5B Panel B 

by Ebenstien et al. (2016) using school fixed effects (Column (1)) suggest taking an exam 

when PM2.5 AQI levels are above 75 results in 12.6% of a standard deviation decrease in 

exam scores, using student fixed effects the estimated effect is a 9.5% of a standard 

deviation for the same PM2.5 AQI levels.  

Both the linear and two bin estimates for the math section of the exam in this 

analysis is found to be smaller in magnitude than the estimated effect in Ebenstien et al. 

(2016) for the math section, although both point to a negative effect of PM2.5 exposure 

on exam performance. An important caveat is that the mean PM2.5 AQI level in this 

analysis is roughly twenty points less than the mean in the study by Ebenstien et al. 

(2016) due to frequent sandstorms in Israel, also the maximum values observed by 
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Ebenstien et al. (2016) are roughly 30 AQI points higher. These differences could 

plausibly cause the difference in estimated magnitude in both the linear and dummy 

variable (AQI above 75) estimates. Estimates from this study are also fairly consistent in 

magnitude with other studies (Miller and Vela (2013), Sanders (2012), Bensnes (2016)) 

discussed in the literature review studying the effects of both yearly and in utero exposure 

to particulate matter on cognitive ability.    

  The same complete analysis is performed for the ELA section of the exam, 

Tables 7-10 and Figures 10-12 present the same information in the same order presented 

above for the effect of PM2.5 exposure on exam performance for the ELA section of the 

exam. Estimate magnitudes are similar and frequently larger in most specifications. 

Again no group is found to be differentially affected by PM2.5 exposure across all three 

models (regression equations (1)-(3)) but African American students are again estimated 

to perform better than other groups when exposed to similar levels of PM2.5 AQI using 

the linear and five bin models. This heterogeneity does not carry through in the 

robustness checks or with the two bin model. Figures 10-12 present estimates obtained 

for the ELA section of the exam graphically.  

 Linear estimates using school and year fixed effects in Table 7 Panel B column 

(1) implies a one standard deviation increase in PM2.5 AQI results in a 2.2% of a 

standard deviation (𝜎𝜎𝐸𝐸𝐸𝐸𝐸𝐸 = 17 points) decrease of within school exam performance for the 

average school in the ELA section of the exam. For the ED group it is 1.4% and for the 

NED group it is 1.2%. Five bin estimates from Table 8 Panel A column (1) estimate 

exposure to PM2.5 AQI values in the top 10% of the distribution (AQI > 65) results in a 
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5.1% of a standard deviation decrease in mean ELA exam performance compared to 

exams taken during the bottom 50% of polluted days, for the ED group it is 3.8% for the 

NED group it is 5.3%. Two bin estimates from Table 8 Panel B are the most consistent 

estimates between groups. For the All Students sample (column (1)) Table 8 Panel B 

estimates exposure to PM2.5 AQI values in the top 5% (AQI > 72) causes a 5.9% of a 

standard deviation decrease of within school exam performance for the ELA section. 

Two bin estimates for all other groups when taking exams in the top 5% of the 

distribution are similar to the magnitude estimated for the All Students sample. Again no 

significant heterogeneity is found throughout models (Table 10) and robustness checks 

for the ELA section of the exam. 

 Table 9 compares ELA estimates from this analysis to the estimates obtained by 

Ebenstien et al. (2016). As compared to the estimates from the math section of the exam 

for PM2.5, the estimates from the ELA section of the exam are slightly closer within 

bounds of Ebenstien et al. (2016) who estimates 12.6% of a standard deviation decrease 

in exam performance using school fixed effects and 9.5% of a standard deviation 

decrease using student fixed effects for AQI levels above 75 for their math and ELA 

composite exam measure. Estimates from the ELA section of the CAHSEE exam for all 

groups are roughly 6% of a standard deviation decrease in exam performance when 

exposed to similar AQI levels of PM2.5. While the math section of the exam was slightly 

less consistent, findings for PM2.5 from the ELA section of the exam lends evidence that 

the estimates obtained by Ebenstien et al. (2016) are externally valid to the population of 
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California high school students being studied in this analysis for high levels (AQI > 75) 

of PM2.5.   

 
Particulate Matter (PM10) 

  

 A complete analysis of both the math and ELA sections of the exam for PM10 

exposure was also performed. Using PM10 and PM2.5 serves as an additional robustness 

check of particulate matter’s effects of sorts as they are not perfectly correlated (R=0.61). 

In addition both PM10 and PM2.5 have been found to be harmful at similar levels (AQI > 

50).  Tables 11-16 and Figures 13-18 present the same regression estimates presented 

above in the same order but for PM10. For PM10 no statistical differences are found in 

any of the three models for either math or ELA between any groups. Linear estimates 

using school and year fixed effects in Table 11 Panel B for the All Students sample 

implies a one standard deviation in PM10 AQI (𝜎𝜎𝑃𝑃𝑃𝑃10 = AQI of 10.7) results in a 1% 

decrease in exam performance (𝜎𝜎𝑚𝑚𝑚𝑚𝑖𝑖ℎ = 13.7 points) for the average school in the math 

section of the exam. Estimates for the ED group are also 1% and for the NED group it is 

1.8%. Five bin estimates from Table 12 Panel A for the All Students sample estimate 

exposure to PM10 AQI values in the top 10% of the distribution (AQI > 36) results in a 

1% of a standard deviation decrease in mean math exam performance compared to exams 

taken during the bottom 50% of polluted days. Estimates for all other groups are roughly 

similar with the largest estimate for the White group at roughly 3.5% of a standard 

deviation decrease of within school exam performance when AQI levels are in the top 

10% compared to the bottom 50%.  For the All Students sample Table 12 Panel B 
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column (1) estimates exposure to PM10 AQI values in the top 5% (43 < AQI <= 107) 

causes a 3.4% of a standard deviation decrease of within school exam performance for 

the math section of the exam. Results are similar if not larger for other groups and no 

statistical differences are found.  

 Table 14 Panel B reports linear estimates for PM10 effect on exam performance 

for the ELA section of the exam. Because of the imperfect correlation between PM2.5 

and PM10 the anomalous positive effect of PM2.5 and PM10 on exam scores that was 

present in the African American sample is no longer present in the top 50% of the 

distribution (see Table 15 Panel A). Removal of this outlier of a positive effect now 

brings the African American sample in line with all other groups, both linearly and using 

non-parametric models. Linear estimates from Table 14 Panel B for all groups (columns 

(1)-(7)) suggest between a 1-3% of a standard deviation (𝜎𝜎𝐸𝐸𝐸𝐸𝐸𝐸 = 17 points) decrease of 

within school ELA performance from an increase of one standard deviation in PM10 AQI 

levels. For the All Students sample estimates for the Five and Two Bin models (Table 15 

Panel A and B column (1)) estimates exposure to PM10 AQI values in the top 10% and 

5% causes a 1.8% and 5.8% of a standard deviation decrease of within school exam 

performance for the ELA section of the exam compared to their respective omitted bins. 

Results are similar if not larger for other groups and no statistical differences are found in 

the ELA section of the exam, similar to results from the math section for PM10.  
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General Comments for Overall Results of Both PM2.5 and PM10 
 
 
 While many of the estimates are statistically significant, the question remains if 

the estimated decrease in exam performance is economically significant. High (two 

standard deviations above the mean) levels of PM2.5 and PM10 exposure, on average, is 

estimated to cause between 2% and 6% of a standard deviation decrease of within school 

exam performance relative to exams taken on less polluted days. For PM2.5 and PM10 

these percentiles, where effects are strongest, correspond fairly well to daily and yearly 

AQI standards deemed by the EPA not to be exceeded without consequences to human 

health (AQI values greater than 50 (daily average) and 100 (yearly averages)). Assuming 

for simplicity that the distribution of exam scores within a school is uniformly decreased, 

the marginal student, the one who would have passed the exam right at the cutoff, is now 

under the passing score necessary only because they took the exam during a more 

polluted day.  

 For comparison, Angrist and Lavy (1999) find the per-pupil effect size (effect for 

reduction of one pupil to class size) decreases reading scores of Israeli fifth graders by 

3.6% of a standard deviation. Rockoff (2004) finds a decrease of teacher quality by one 

standard deviation decreases exam scores by roughly 10% of a standard deviation on 

nationally standardized reading and math scores. This puts the estimated effect of taking 

an exam during days in which particulate matter levels are high at similar significance as 

more traditional measures used to impact student performance. This lends to the 

suggestion that pollution reduction efforts can have significant effects on student 
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achievement and subsequent human capital attainment and adds to the long list of 

benefits from pollution (especially particulate matter) reduction.   

 No estimates of long term consequences of failing the CAHSEE are presented in 

this analysis but the general sentiment is that natural variation, such as PM2.5 and PM10 

exposure, out of students control can have real impacts on high-stakes exams. This 

finding has wide generalizability and should be kept in mind for educators and policy 

makers choosing the level of significance to place on these high-stakes exams. These 

results should at least give further pause to future decisions regarding the weight to place 

on standardized exam scores.  

 
Robustness Checks for PM2.5 and PM10 Estimates 

 
 

 While the use of three separate models in themselves serve as robustness checks it 

is important to see if inclusion or exclusion of specific control variables drastically alter 

the economically and statistically significant estimates for PM2.5 and PM10. Tables 17-

20 (PM2.5) and Tables 29-32 (PM10) show estimate magnitude or significance for 

PM2.5 and PM10 effect on exam performance is not dependent on choice of functional 

form for the weather variables or exclusion or inclusion of school and district level 

controls for both the math and ELA sections of the exam.  

 Tables 21 and 22 (PM2.5) and Tables 33 and 34 (PM10) report estimates from 

regression equations (1)-(3) for math and ELA using a subset of schools that report for 

both economic statuses (N=837) and a subset of schools that report for all four race 

groups (N=350). Using this subset allows comparison across the same schools 
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experiencing the same shocks to air quality. Using this subset of schools, results are fairly 

unchanged for the All Students, ED, NED, Hispanic and Asian groups. White and 

African American groups using the subset of schools that report for all four race groups 

show somewhat different results than the main analysis. This possibly suggests that 

schools in the main analysis with a large proportion of students of a single race group 

may be systematically different and may represent the “average” school in the fixed 

effects analysis for these two groups. Ability to interact other variables with race would 

be preferable and would clarify further if any subgroups are truly driving this declined 

performance, but due to the nature of the data this is not possible. Regardless, the main 

results for the larger sampled All Students, ED and NED groups are relatively 

unchanged.    

 As stated in the methodology section, a potential source of bias from regression 

equations (1)-(3) is that possible within school confounders are not controlled for by 

fixed effects or school level control variables, such as correlated movement away from 

high pollution areas by the best test takers over the sample period. Tables 23 and 24 

(PM2.5) and Tables 35 and 36 (PM10) include linear district-by-year time trends along 

with school and year fixed effects in an attempt to control for these unobserved 

confounders. The majority, while not all, of the consistent 2% to 6% of a standard 

deviation decline in exam performance found in the top percentile bins and linearly in the 

main analysis is wiped out for the math section of the exam when district time trends are 

added. This suggests that at least part of the significant effect of exam performance 

caused by PM2.5 and PM10 exposure could be due to within school confounders such as 
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the best test taking students moving away from high pollution areas or other unobserved 

trends. Estimates from the ELA section of the exam remain unchanged and in many cases 

are larger in magnitude when district trend are included. This finding for the math section 

could change the interpretation of the estimates, but still shows that high levels of 

pollution can impact the average exam performance within schools, regardless of the 

mechanism. 

 As an alternative specification, day of the exam pollution levels are replaced with 

week averages leading up to the exam.19 This specification estimates a slightly different 

effect, how pollution exposure the week leading up (when students are presumably 

studying) to exam day affects exam performance. Tables 25 and 26 (PM2.5) and Tables 

37 and 38 (PM10) report estimates using nearest neighbor assignment of the average 

pollution levels the week leading up to exam day. Results from this robustness check are 

largely consistent with results presented in the main analysis for PM2.5, while PM10 

effects are diminished for the top percentiles of the distribution, but linear estimates 

remain fairly unchanged. 

 A weighted least squares (WLS) model was also considered as an alternative to 

equations (1)-(3). A common justification for using WLS is when the variance of, in this 

case, school level mean scores is dependent on the number of students used to calculate 

the mean. The number of students used in calculating school level mean exam scores 

range between under 11 to over 1,000 students within the sample so this raises the 

question if WLS is appropriate in this context. Solon et al. (2015) pages 6-13 and sources 

                                                 
19 These weekly averages are also nearest neighbor assigned to schools in the same way day of test 
pollution readings were in the main analysis. 
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mentioned therein20 suggest that when error terms are clustered, as is the case in this 

analysis, and within group variance is low21, then WLS will only serve to increase the 

standard errors of the estimates of interest. Solon et al. (2015) also state that using total 

student enrollment as weights in WLS will identify a weighted average that puts more 

emphasis on the impact for larger schools. Tables 27 and 28 (PM2.5) and Tables 39 and 40 

(PM10) report comparisons of OLS and WLS estimates and it can be seen that the standard 

errors on estimates using WLS are consistently larger, when the explicit purpose of WLS 

should be to make estimates more precise. Also coefficient estimates are consistently larger 

in absolute value when WLS is used, although no statistical difference in estimate 

magnitudes are consistently found between OLS and WLS. The slight loss of precision in 

standard errors and no statistical difference in coefficient estimates lead to OLS being 

preferred over WLS as suggested by Solon et al. (2015).  

   

 

                                                 
20 Dickens (1990) and Deaton (1997) pg. 72 
21 In this case that would be the within school variance of mean exam score based on number of students 
used to calculate the mean. 
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CHAPTER SIX 

 
CONCLUSION 

 
 The effect of pollution exposure on exam performance is examined using the 

California High School Exit Exam (CAHSEE) and natural variation in ambient air 

quality. Two regularly monitored air pollutants, particulate matter PM2.5 and PM10 are 

used as measures of air pollution. A negative relationship between particulate matter 

(PM2.5 and PM10) exposure and exam performance is found. The results, from models 

using school and year fixed effects, suggest high levels (two standard deviations above 

the mean or AQI Values (PM2.5 > 72, PM10  > 42)) of PM2.5 and PM10 on exam day 

cause declines in average exam performance of roughly 2% to 6% of a standard deviation 

in exam scores compared to exams taken during less polluted days. These estimates 

contribute to the literature by finding the estimated magnitude in this study is slightly 

smaller, but within the bounds of similar studies of particulate matter exposure and exam 

scores for high school aged students in Israel and the United Kingdom. As a further 

contribution, the relationship is found to hold for students from both high and low socio-

economic status and is not statistically different between students who are White, African 

American, Hispanic or Latino or Asian although results are not robust to the inclusion of 

district-by-year time trends for the math section of the exam.  

The estimated drop in exam performance for the average school when PM2.5 and 

PM10 levels are high can have real impacts for marginal students within these schools. 

Assuming the distribution is impacted uniformly, marginal students who would have 
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passed the exam right at the cutoff are estimated to perform below their average only 

because they took the exam during a more polluted day. These findings can also be 

generalized to cognitive ability in a variety of settings.  No predictions of long-term 

consequences of failing the CAHSEE are presented in this analysis but the general 

sentiment is natural variation, such as pollution exposure, out of individuals control can 

have real impacts on high-stakes exams or in the professional world. This finding has 

wide generalizability and should be kept in mind for educators and policy makers 

choosing the level of significance to place on these high-stakes exams or other spot 

measures of cognitive ability. At the school level, distinction as a high or low performing 

school, and retention of high-quality teachers depend on test score performance. At the 

student level, professional and collegiate decisions are also based on standardized test 

scores. In the professional world promotions or job retainment rely on cognitive ability.  

These results should at least give further pause to future decisions regarding the weight to 

place on spot measures of cognitive ability. Also, these estimates highlight that pollution 

reduction efforts could have positive impacts to students, schools and professionals that 

are not traditionally considered in cost/benefit analyses of pollution reduction efforts.
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