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SUMMARY

This dissertation consists of three chapters connected by a common theme: examining

how environmental and transportation externalities in�uence public safety and human be-

havior. Using applied microeconomic methods, each chapter explores a distinct but related

outcome—the impact of infrastructure failure (e.g., bridge collapse) on cognitive health,

the effect of railway quiet zones on highway-rail crossing fatalities, and the impact of

ridesharing services (Uber and Lyft) on crime. Each chapter poses a causal question and

investigates the mechanisms through which these effects operate.

In the �rst chapter, I investigate the impact of an infrastructure failure on statewide

comprehensive exam test scores. The 2007 collapse of the I-35W Mississippi River Bridge

in Minneapolis, Minnesota, led to a substantial disruption of the learning environment for

students in affected communities. The collapse resulted in numerous fatalities and injuries;

notably, a school bus carrying 63 students was on the bridge during the collapse, and traf-

�c patterns were disrupted for a year. Leveraging the collapse as a natural experiment, I

use two-way �xed effects (TWFE) and synthetic difference-in-differences methods to show

that the disaster negatively affected student test scores in nearby schools. The results sug-

gest that the trauma and traf�c disruption associated with the collapse had lasting negative

impacts on student achievement. My analysis also considers potential mechanisms, includ-

ing changes in air quality, but �nds that psychological stress appears to play a dominant

role in explaining the observed decline in test scores.

In the second chapter, I examine the trade-off between safety and noise mitigation by

using a quasi-experimental research design to estimate the impact of quiet zone establish-

ment on railway accidents and property values. Railway quiet zones substitute train horns

for alternative safety measures at railway crossings to mitigate noise pollution. I �nd that

quiet zones are associated with a 1.27 times higher annual accident rate at railway cross-

ings, which signi�cantly increase fatalities and injuries. To compare the costs of increased
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fatalities and injuries associated with quiet zones against their noise reduction bene�ts, I

conduct a cost-bene�t analysis using residential property sales data from Cook County,

Illinois. Using a hedonic pricing model, I �nd that quiet zones raise the value of nearby

homes by 11.07%, or or approximately $25,483 per property. This translates to aggre-

gate bene�ts ranging from $1.27–$5.90 million per crossing and about $51.78 million at

the neighborhood level. In contrast, estimated costs—including engineering, maintenance,

and the value of additional fatalities and injuries—total roughly $1.8 million per crossing

and $20 million at the neighborhood level. A welfare analysis suggests that the housing

price capitalization of reduced noise pollution exceeds the safety costs. Comparing these

�gures, I conclude that in high-density areas like Cook County, quiet zones yield bene�ts

that clearly outweigh their costs, but in lower-density settings with limited housing appre-

ciation, they are unlikely to pass a cost-bene�t test.

The third chapter examines the impact of the introduction of ridesharing services like

Uber and Lyft on crime rates across U.S. cities, leveraging a natural experiment created by

their staggered rollout. Using a TWFE model, I �nd that the introduction of ridesharing

services leads to a 4.7% reduction in violent crimes, a 5.5% decrease in property crimes,

and a 10.4% drop in burglary rates. No signi�cant effects are observed for larceny, mo-

tor vehicle theft, or arson. I also investigate the mechanisms through which Uber and

Lyft reduce crime and �nd that their entry improves local labor market conditions—raising

employment and reducing unemployment—particularly in cities with high baseline unem-

ployment and for crimes driven by �nancial motives. This “gig economy effect” emerges

as the primary channel behind the observed crime reductions. Secondary factors, such as

demographic changes, shifts in alcohol consumption, alterations in transportation mode

share, and broader quality-of-life improvements, appear to play more limited, complemen-

tary roles.
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CHAPTER 1

IMPACT OF AN INFRASTRUCTURE FAILURE ON COGNITIVE

PERFORMANCE

1.1 Introduction

Approximately 42% of bridges in the United States are at least 50 years old, with 7.5%

designated as structurally de�cient, supporting 178 million trips every day [1]. Over the

last 20 years, several highly publicized bridge collapses have occurred, including the Min-

neapolis I-35W bridge collapse in 2007, the I-5 Skagit River bridge collapse in Washington

in 2013, the Interstate 85 bridge collapse in Atlanta in 2017, the Florida International Uni-

versity pedestrian bridge collapse in 2018, and the Francis Scott Key bridge collapse in

Baltimore in 2024, among others. This paper utilizes the collapse of the I-35W Mississippi

River Bridge in Minneapolis, Minnesota, as a natural experiment, which led to a year-long

traf�c disruption for nearby schools, to estimate the effects of this catastrophic failure on

cognitive performance. While there is abundant evidence on the contemporaneous, prena-

tal, and long-term causal effects of natural disasters on the labor market [2, 3], health [4,

5, 6, 7], and cognition [8, 9, 10], very few papers focus on `human-instigated disasters'

or infrastructure failures such as bridge collapses. Moreover, relatively few causal studies

have examined the effects of human-instigated disasters on cognition, focusing instead on

environmental hazards like bush�res [11], explosion �res [12], forest �res [13, 9, 14], oil

spills [15], or the effects of in-utero and early life exposures on later life outcomes [16,

17]. Consequently, less is known about the contemporaneous and medium-term effects of

catastrophic failures on cognitive performance. There is a critical need to study the effects

of infrastructure or catastrophic failures on educational outcomes within a well-identi�ed

causal inference framework.
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This study leverages a natural experiment resulting in a year-long traf�c disruption and

potential psychological trauma to examine the effects of an infrastructure failure—speci�cally,

a bridge collapse—on cognition. The Interstate 35W Mississippi River Bridge collapsed

on August 1, 2007, resulting in 13 fatalities and 145 injuries, with 117 vehicles damaged,

including a school bus [18]. The dramatic effect of the event was highlighted by the media

coverage, especially the repeated broadcast of a school bus, carrying 63 children, teetering

on the edge of the collapsed bridge's guardrail, on television news [19]. This catastro-

phe led to the diversion of traf�c from I-35W, signi�cantly reducing traf�c volume and

altering traf�c patterns. Consequently, school-going children in the vicinity of the bridge

collapse site were exposed to psychological trauma and increased school commuting times.

To analyze the effect of the bridge collapse on cognition, I utilize standardized test

scores from the Minnesota Comprehensive Assessment (MCA) exam published by the

Minnesota Department of Education. My empirical strategy compares schools near road-

ways affected by the collapse with schools near unaffected roadways. Using a two-way

�xed effects (TWFE) model, I �nd statistically signi�cant negative effects on test scores

for schools located near the bridge, with decreases ranging from 0.118 to 0.812 standard de-

viations. These results are robust to alternative estimation methods, allowing for spillover

effects, the use of different treatment and control de�nitions achieved by adjusting group

boundaries, and the application of different control samples. I also �nd no evidence of

student attrition that would suggest the estimates are driven by compositional effects by

students changing schools following the disaster.

The collapse of the bridge also resulted in an exogenous change in air pollution levels

near the site. Given the contemporaneous [20, 21] and long-term [22, 23] effects of air

pollution on cognition, I investigate air pollution changes as a potential factor in�uencing
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test score variations. Air pollution affects respiratory health, the central nervous system,

and cognitive development, which may in turn affect student performance on standardized

tests. Using Environmental Protection Agency (EPA) air quality monitor data, I estimate

that the bridge collapse resulted in 5.94 points reduction in AQI levels at monitors within

2.5 miles from the bridge, a 15.13% improvement in the AQI, primarily driven by 16.40%

reduction in%" 2•5 levels. The absence of a signi�cant positive impact on test scores, de-

spite improvements in air quality within this context suggests that the psychological trauma

and direct inconvenience cost mechanisms outweigh any bene�ts from improved air qual-

ity. Using a back-of-the-envelope approach based on estimates from Carneiroet al. [24],

Lavy et al. [20], Gilraine and Zheng [25], and Persico and Venator [26], I �nd that psycho-

logical trauma and increased commuting costs alone might reduce test scores by between

� 0•12and� 0•86standard deviations.

Disasters, whether natural or human-made, may signi�cantly affect students' cognitive

performance through various mechanisms, including stress, trauma, and other psycholog-

ical factors, effects on child brain development, and disruptions to school transportation.

Children, due to their critical stages of mental, social, and physical development, are partic-

ularly susceptible to the adverse effects of disasters [7, 27, 28]. Even children as young as

�ve are capable of understanding the consequences of disasters, which can lead to a spec-

trum of short-term psychological responses such as aggressiveness, inattentiveness, and

irritability [7, 27]. Disasters have been shown to have a more signi�cant impact on chil-

dren compared to adults, with signs of Post-Traumatic Stress Disorder (PTSD) persisting

even two years post-disaster [7, 29, 30].

Disruptions in school transportation due to disasters can affect academic performance

by increasing commute times and distances, as well as altering modes of transportation.

Kobuset al. [31] estimated that a standard deviation increase in commute time results in
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a reduction of average grades by approximately one-third of a standard deviation, which

they attributed to factors such as travel fatigue and the exhaustive nature of long univer-

sity days. Similarly, Falchet al. [32] showed that longer travel times to school decrease the

likelihood of graduating on time, while proximity to diverse study options positively affects

graduation rates. Yeung and Nguyen-Hoang [33] noted that students commuting by private

vehicle or on foot outperform those traveling by bus, suggesting that the �tness bene�ts

of active transport and shorter commute times contribute to higher academic achievement.

These �ndings highlight the signi�cant role of commute characteristics in educational out-

comes.

This paper differs from previous studies in several ways. First, while most papers ex-

ploring the relationship between disasters and cognitive performance focus on the exposure

to natural disasters such as hurricanes [34, 10], �oods [9], storms [35], and earthquakes

[36, 37, 8], this study is among the few that examine the effects of anthropogenic haz-

ards—referred to as `human-instigated disasters,' `man-made disasters', or `infrastructure

failures'—on cognitive performance. Shidiqiet al.[36] and Tianet al.[37] both found that

earthquakes in Indonesia and Tangshan signi�cantly reduced educational outcomes, includ-

ing years of schooling and completion rates, with maternal psychological stress suggested

as a possible mechanism for the observed impacts for the Tangshan earthquake. School

shootings, one type of human-instigated disaster, have received signi�cant attention in the

literature. Typical estimates suggest a substantial negative impact on student achievement,

with psychological trauma often cited as the primary mechanism [38, 39, 40, 41].

Second, the existing literature on the relationship between human-instigated disasters

and cognitive ability generally focuses on later-life academic performance, attributed either

to fetal exposure (the `fetal hypothesis') or to early life exposure to catastrophic failure. My

paper positions itself uniquely between these two extremes, as the effects estimated herein
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are neither due to early life exposure nor a test of the fetal hypothesis. Instead, this study

explores the short- to medium-term effects of an infrastructure failure on test scores. Al-

mondet al. [17] utilized the cesium fallout in Sweden during the 1986 Chernobyl accident

as a natural experiment to estimate the effects of prenatal radiation exposure on cognitive

ability. They found that cohorts born in 1986, who were at the gestational age of 8-25 weeks

at the time of the accident, performed worse in the �nal year of compulsory school, espe-

cially in mathematics. J̈urges [16] discovered that the birth cohort born right after World

War II, during the food crisis in Germany, received lower educational attainment and occu-

pational success, offering undernutrition as an explanation for the negative impact of this

post-war famine. Third, to the best of my knowledge, this is the �rst paper to examine

the impact of a transportation hazard—speci�cally, a bridge collapse and the consequent

traf�c disruption—on educational outcomes. Finally, while most papers focus on the dele-

terious effects of disasters on human health or capital, this paper uniquely explores the

improved air quality—a positive externality arising from a disaster—as a potential mecha-

nism. Whereas most research in this �eld examines the effects of relocation, peer effects,

school closures, and psychological trauma from disasters as potential mechanisms for their

negative impact on test scores, this study additionally investigates the exogenous changes

in air pollution as a mechanism.

The remainder of this paper is organized as follows. section 1.2 provides background

information about the I-35W Bridge collapse, a natural experiment explored in this study.

section 1.3 outlines the data and its summary statistics, while section 1.4 delves into the re-

search design. section 1.5 details model speci�cations. section 1.6 provides and interprets

analysis results, and in section 1.7, robustness checks are performed. Further discussion on

the mechanism is found in section 1.8, with conclusions, limitations, and research sugges-

tions in section 1.9.
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1.2 Background

1.2.1 BridgeCollapseandTimelineof Events

The Interstate 35W Mississippi River Bridge was the third busiest bridge in the Minneapolis

city as well as in the state of Minnesota, carrying 140,000 cars daily with 4,760 commer-

cial vehicles [42]. Before the collapse of the bridge, though it was rated as “structurally

de�cient” by the national bridge inspection standards, it was declared safe for cars, truck

loading, and even overweight trucks. Given an average life span of 50 years, it was sched-

uled for reconstruction in 2020-25 [43].

The bridge collapsed at 6:05 p.m. on August 1, 2007, during the peak of rush hour,

killing 13 people and injuring 145 others. A length of 1000 feet out of the 1907-foot

long bridge fell into the river where 111 cars were involved [44]. National Transporta-

tion Safety Board [43] attributed the collapse to factors like design errors, increased bridge

weight from past modi�cations, construction load placement, inadequate federal review,

de�cient design �rm procedures, and overlooked inspection issues. The bridge collapse

was unforeseen, and the swift replacement construction within a year at the same site of-

fered scant justi�cation for local residents, businesses, and of�ces to permanently relocate;

adjusting travel patterns seemed more reasonable. Similarly, parents lacked motivation to

switch their children's school districts. This is evident from enrollment data before and

after the bridge incident (see more in section 1.8). The construction of the replacement

bridge at the same location began on November 1, 2007, �nished in less than 14 months,

and opened on September 18, 2008 [45]. The MCA test of 2008 was held between the

collapse and re-opening of the bridge—an important information for the research design.
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1.2.2 Changesin Traf�c Dueto BridgeCollapseandReopening

The bridge collapse not only caused fatalities and injuries but also signi�cantly disrupted

the traf�c network, reshaping travel patterns in the Minneapolis metro area. Minnesota's

Department of Transportation promptly turned Mn 280 into a freeway after the collapse,

along with designating I-94 as an alternate route. Mn 280's daily traf�c increased from

25,000 to 64,000 in three months, and I-94's Mississippi River bridge saw a 26.36% rise in

traf�c [45]. Drivers also exhibited an “avoidance phenomenon” to evade the affected area,

driven by higher perceived travel costs due to unexpected network disruption [46].

Investigating the impact of the I-35W bridge collapse on traf�c patterns, Shanjiang Zhu

and David Levinson [47] proposed a network topological design with �ve cordons based

on freeway availability and alternative routes (refer to Figure 1.1). The cordons range from

the smallest, Cordon 1, encompassing about a half-mile radius around the bridge, to the

largest, Cordon 5, with an approximately 15-mile radius. Cordons 2, 3, and 4 have radii

of roughly 2.5, 5.5, and 8.5 miles, respectively. Traf�c counts remained stable during peak

hours before August 1, but exhibited signi�cant changes post-collapse. Notably, Cordon

1 experienced a 67% decrease in traf�c demand within a week after the collapse, while

Cordon 2 and Cordon 3 experienced shocks of 25% and 6.5%, respectively. Cordons 4

and 5 saw minimal changes in traf�c demand. Although Cordon 1's traf�c demand didn't

recover to pre-collapse levels for months, Cordon 2 and Cordon 3 regained their levels by

September 28 and August 24, respectively.

Zhu et al. [45] analyzed 2006 and 2007 on-ramp traf�c counts and concluded that the

bridge collapse did not signi�cantly alter overall traf�c demand. This was attributed to

available detour routes and the majority of trips occurring beyond the affected area. They

also studied transportation mode preference by examining Metro Transit's monthly bus rid-

7



Figure 1.1: Adapted with permission (Licence Number: 5501610078697) from [46]. Five
cordon circles around the Twin Cities for the I-35W Bridge, where the closed bridge is
marked with an `x'. Cordon 1 is the innermost cordon line, increasing to Cordon 5 as the
outermost cordon line.

ership, Minneapolis' primary public transport provider. The collapse prompted a 6.6% rise

in monthly ridership.

Beyond traf�c demand on various roads and highways, the I-35W bridge collapse

heightened congestion on all other bridges over the Mississippi River, as highlighted by

[42]. Notably, nearby bridges such as Plymouth St, Hennepin Ave, 3rd Ave, Washington St,

Franklin Ave, Ford Bridge, I-694, and I-94 recorded percentage increases of 23.30, 36.88,

25.94, 54.21, 33.28, 5.84, 5.12, and 26.36, respectively [45]. After the I-35W Bridge's

reopening, Mn 280 continued as a freeway for a few months, restoring the pre-collapse

traf�c network. Expectedly, speci�c cordons exhibited signi�cant traf�c demand changes

post-reopening. According to Shanjiang Zhu and David Levinson [47]- “However, imme-

diately after opening, the demand at some cordons experiences a sudden, drastic change.

At Cordon 1, it doubles in value. At Cordon 2 and Cordon 3, it increases by 12% and 2%,

respectively. At Cordon 4 and Cordon 5, there is no notable change.”
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1.3 Data

For this paper, my sample consists of yearly average test scores data for the each K-12

educational institutions located at Minneapolis Twin City from 2000 to 2010. The main

education data source of this paper is the Minnesota Department of Education which pro-

vides a summary of student performance in the Minnesota Comprehensive Assessments

(MCA) —an annual statewide test that assesses student academic performance relative

to Minnesota Academic Standards. MCA measures students' knowledge of mathematics,

reading and science where all students studying in grade 3 to 8 in public schools must take

reading and mathematics tests. Science tests are required only for students in grade 5 and 8.

Key variables include average test scores, the number of enrolled students, the number of

students who appeared on the exams, and the number of absent students on the exam day.

As the assessment scales are different across the grades and years, I calculate the Z-scores

by each grade-subject-year combinations so that they become comparable during analysis.

Information like race of the students, number of eligible students for free or reduced foods

are available, however, not for every years. Table 1.1 provides the summary statistics for

the sample I use in my main speci�cations. I provide the summary statistics of average

scores by subject and grade in Table A.1. I also include a summary statistics table of the

full data set (meaning data of all the schools and air quality monitors of Minnesota) in Ta-

ble A.2.

The Environmental Protection Agency (EPA) has collected outdoor air quality monitor

data for pollutants such as%" 2•5, %" 10, CO, Ozone, and($ 2 over the past two decades.

Figure 1.3 illustrates the distribution of these air quality monitors situated around the I-35W

bridge. Additionally, the EPA provides the Air Quality Index (AQI), ranging from 0 to 500.

The higher the AQI value, the greater the level of air pollution and the greater the health

concern. For example, an AQI value of 50 or below represents good air quality, while an
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Table 1.1: Summary Statistics: This table presents summary statistics based on the sample
used in the main speci�cations, comprising all the schools in the Minneapolis metro area
from 2000 to 2010 and air quality monitors from 2006 to 2009. The �rst column of the
table reports descriptions of the variables used in the analysis. Columns two, three, and
four present the number of observations, mean, and standard deviation of each variable,
respectively. Additionally, columns �ve and six display the minimum and maximum values
for each variable used in the estimation. The average score encompasses all grades and
subjects to provide a comprehensive assessment of academic performance.

Variable Description Observations Mean Standard Deviation Minimum Maximum
Grade Enrollment 18,249 101.10 106.91 1.00 871.00
Test Takers 18,374 95.52 101.75 10.00 819.00
Average Scores 18,374 902.49 455.74 318.70 1912.00
Absent Students
on Exam Day

14,725 0.49 1.74 0.00 77.00

Distance of Schools
to I-35W Bridge (meters)

18,374 17267.97 12193.21 598.50 59438.02

Distance of Schools
to Highways (meters)

18,374 459.45 252.90 0.02 1126.66

Daily PM2.5 concentrations(`6 •< 3) 12,221 10.19 6.72 0.00 59.50
Daily Air Quality Index 12,221 39.02 20.23 0.00 153.00
Distance of Monitors
to I-35W Bridge (meters)

12,221 14881.51 8873.65 3002.32 37538.41

AQI value over 300 represents hazardous air quality. These daily pollutant concentration

data for all the available monitor sites in Minnesota are extracted from EPA's publicly ava-

iable “Outdoor Air Quality Data” website for the year 2006 to 2009. Key variables in these

data sets include daily measurements of pollutants and location of monitors.

The surface%" 2•5 data utilized in this study were obtained from the Atmospheric Com-

position Analysis Group of Washington University in St. Louis. This dataset encompasses

annual and monthly ground-level �ne particulate matter (%" 2•5) readings spanning the

years 1998 to 2021. The data compilation process involved merging Aerosol Optical Depth

(AOD) retrievals from NASA MODIS, MISR, and SeaWIFS instruments with the GEOS-

Chem chemical transport model. Subsequently, a Geographically Weighted Regression

(GWR) was applied to calibrate the data to global ground-based observations [48]. For

this research, I focused solely on the monthly%" 2•5 data ranging from January 2006 to

December 2008 over North America. Further details regarding the data cleaning process
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are elaborated in the appendix section.

The weather data utilized in this study are sourced from the freely accessible Na-

tional Climatic Data Center's (NCDC) archive of global historical weather and climate

data. These datasets consist of quality-controlled daily, monthly, seasonal, and yearly mea-

surements, including temperature, precipitation, and wind speed and direction. Given the

limited availability of wind speed and wind direction data within my study period, I focus

on utilizing daily precipitation, mean temperature, minimum temperature, and maximum

temperature data from Minnesota, spanning from January 2006 to December 2008.

1.4 Research Design

This paper exploits the natural experiment of the I-35W bridge collapse where traf�c pat-

terns and volume vary exogenously. The bridge collapse reduced the number of daily ve-

hicle crossings from 140,000 to 0 for 14 months, diverting traf�c from I-35W to alternate

routes through Minneapolis. The unexpected collapse exogenously reduced traf�c volume

within 2.5 miles of the bridge, allowing me to estimate the causal relationship between the

bridge collapse and academic performance. Based on the changes in traf�c networks dis-

cussed in the background section 1.2 after the collapse of the bridge, I de�ne two treatment

groups to estimate the impact of bridge collapse on student test scores. Treatment I in-

cludes all the schools located within a 2.5-mile radius and Treatment II consists of schools

located from 2.5 to 8.5 miles radius of the bridge. Here, I include this second treatment

group to prevent the violation of Stable Unit Treatment Value (SUTVA) assumption which

implies that the potential test scores of one school was not affected by the treatment status

of other schools-meaning no unmodeled spillover [49]. The common control group is de-

�ned as the schools located within 900 meters of the highway in Minneapolis. Figure 1.2

shows the schools in Treatment I, Treatment II and Control groups. Only schools located in

the Minneapolis metro area are shown in this �gure (refer to Figure A.1 for a detailed view).
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Figure 1.2: Research Design: Treated and Control Schools Around the Bridge

The identi�cation assumption of this research design is that the academic performances

of schools near the bridge (treatment group) and those located more than 8.5 miles from the

collapse site yet within 900 meters of a highway in Minneapolis (control group) will evolve

according to parallel trends. Based on the existing literature, I hypothesize that test scores

for schools within 2.5 miles of the bridge collapse (Treatment 1) declined signi�cantly fol-

lowing the event, potentially due to traf�c disruption, inconvenience, and psychological

trauma. Secondly, I anticipate no or a less signi�cant adverse effect on the test scores for

schools located 2.5 to 8.5 miles from the bridge collapse (Treatment 2), due to their greater

distance from and thus lesser direct experience of the disaster's effects.
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1.5 Empirical strategy

1.5.1 Difference-in-DifferencesTWFE model

To estimate the impact of the bridge collapse on student test scores, I use the following

TWFE model:

)4BC8–C= U8¸ V1- 8–Ç \ � )A40C438–Ç _C¸ n8–C (1.1)

Here)4BC8–Cis the standardized test scores (as Z-scores) of school8and yearC. I estimate

the model separately for reading and mathematics tests for each grade.U8 controls for

school �xed effects and_C stands for year �xed effects. This model is estimated using

hetreoskedasticity-robust standard errors clustered at the school district level.)A40C438–Cis

the dummy variable equals to 1 if the schools are within the treatment group after the bridge

collapse and 0 otherwise. And- 8–Cis a vector of school characteristics which includes

number of enrolled students, number of test takers and number of absent students on the

exam day.1 2

1.5.2 SyntheticDifference-in-DifferencesModel

A critical assumption of the TWFE estimation strategy is the parallel trends assumption.

To graphically demonstrate that the identi�cation assumption holds, and to address poten-

tial violations of the parallel trends assumption, I implement the Synthetic Difference-in-

Differences (SDID) method proposed by Arkhangelskyet al. [51]. This method estimates

1While absences might be viewed as an outcome variable and thus bad control, I control for them in
this regression to block backdoor effects and focus on the direct channel [50]. Additionally, replication of
the main results without any control variables shows minimal differences compared to the primary �ndings.
Detailed results from these speci�cations are available upon request.

2I also incorporate lagged test scores as an additional control variable in Equation 1.1 to increase precision.
This adjustment accounts for the potential confounding effects of previous test scores on subsequent results
and acknowledges the cumulative nature of cognitive development. Despite these modi�cations, the main
results remained unchanged. Detailed results from these speci�cations are available upon request.
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the average causal effect (denoted byg) by solving the following TWFE regression:

¹ĝB383–^̀–Û–V̂º = 0A6<8=g–`–U–V

(
#Õ

8=1

)Õ

8=1

¹)4BC8C� ` � U8 � VC� � 8Cgº2 ^l 8_̂C

)

(1.2)

Here)4BC8–Cis the standardized test score of school `i' in year `t'.̂_B383
C are the time weights

to compare test scores of the treatment year with similar time periods.^l B383
8 stands for unit

weights which makes control schools more comparable with treatment schools.)A40C438–C

is a dummy variable which equals to 1 for schools in treatment group post 2007 and 0

otherwise.U8 and VCare the time and school �xed effects, respectively. Using these two

weights, the SDID estimator provides more weights to the control schools that had similar

academic performances on average as the treated schools before the bridge collapse and put

more weights to the years that are similar to treated periods. After estimating the weights,

SDID estimates a TWFE model on the weighted data. SDID differs from traditional DiD

by assigning unit weights to better align treated and control groups on pre-treatment trends,

and time weights to balance average outcomes before and after treatment.

After weighting, it can be visually seen that parallel trend is achieved as depicted in

Figure A.2 where I plot the standardized math and reading scores of grade 3 and 5 against

the years for Treatment I and the weighted control group. A similar pattern is evident in

Figure A.3 for Treatment II, which also displays improved pre-treatment trend alignment.

Moreover, the trend for treatment schools shows little change after 2007, supporting my

second hypothesis of minimal or no signi�cant impact on test scores for schools 2.5 to 8.5

miles from the bridge collapse (Treatment 2), attributed to their reduced exposure to the

disaster.
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1.5.3 EventStudy

To estimate the dynamic treatment effect of bridge collapse on the MCA test scores near

the collapse cite, I use the following event study model:

)4BC8–C= U¸ -
0

8–CV¸
2005Õ

l =2000

1¹C= l º � � 8�g%A4
l ¸

2010Õ

l =2007

1¹C= l º � � 8�g%>BC
l ¸ q8¸ _Ç n8–C(1.3)

where)A40C438 is a binary variable equal to one for schools located within 2.5 miles of the

bridge and zero otherwise.q and_ are school and year �xed effects.And-
0

8–Cis a vector of

school characteristics. Estimation is performed with standard errors clustered at the school

district level.

1.6 Results

Table 1.2 displays coef�cient estimates for the impact of being “treated” on standardized

reading and math scores (grades 3 to 8), as de�ned in Equation 1.1. Being “treated” refers

to schools within 2.5 miles of the bridge post-2007. Most estimates are statistically signif-

icant, except for grade 4 math and reading, and grade 6 reading. Notably, all 12 coef�cient

estimates are consistent with the �rst hypothesis, indicating a negative effect of being in the

“treated” group of schools. The magnitude varies from 0.088 (grade 6 reading) to 0.812

(grade 7 math). This implies, for instance, that being labeled a “Treated” school reduces

the standardized math score of grade 5 by 0.520 standard deviations. Detailed exploration

of the mechanisms behind this consistency with hypothesis 1 is provided in the mechanism

section. These coef�cient estimates for the `Treated' variable, as per Equation 1.1, are vi-

sualized in Figure A.14, with `Treated' on the y-axis and z-scores for math and reading on

the x-axis. Besides “Treated”, enrollment signi�cantly impacts grade 5 reading and grade

4 math scores, with negative coef�cients indicating that higher enrollment corresponds to

lower test scores. Absenteeism mostly lacks signi�cance except for grade 5 and grade 7

reading scores, where it has mixed effects. The number of students taking the test signi�-
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cantly in�uences grade 5 reading and grade 4 math scores, with mostly positive coef�cients

suggesting that more test-takers can boost scores.

Table 1.3 reports the estimated impact for schools in Treatment II—that is, those located

between 2.5 and 8.5 miles from the bridge in years after 2007—on standardized reading

and math scores from grade 3 to grade 8, based on Equation 1.1. Statistically signi�cant

coef�cient estimates are found only for grade 3, 5, and 7 reading and math scores. For

grade 4, 6, and 8, `Treated' remains statistically insigni�cant. These results align with

hypothesis 2, which posits that schools within 2.5 to 8.5 miles of the bridge collapse site

experience no signi�cant or less signi�cant adverse effects on test scores. Among these

coef�cient estimates, `Treated' exhibits negative effects for grades 3, 5, and 7, with mag-

nitudes ranging from 0.204 for grade 7 reading to 0.421 for grade 5 reading. For example,

being a `Treated' school reduces the standardized reading score of grade 5 by 0.421. Com-

pared to Table 1.2, most estimates in Table 1.3 have smaller magnitudes. Enrollment is

mostly statistically insigni�cant, except for grade 4 and 6 math scores, where they have a

smaller positive impact. Out of the 12 coef�cients, the number of absent students signi�-

cantly impacts only grade 4 math scores, with a negative effect, indicating that more absent

students lead to lower scores. The total number of examinees is signi�cant for grade 4,

6, and 8 math scores, showing a negative relationship between the number of test-takers

and MCA test Z-scores. To visually present the results of estimating Equation 1.1 with

different dependent variables based on grades and subjects, I plot the coef�cient estimates

for Treatment II in Figure A.15.

While Table 1.2 and Table 1.3 report estimates separately by grade and subject, it is

worth noting that the estimated treatment effects are consistently negative across nearly

all speci�cations. Although some coef�cients are more precisely estimated than others, the

overall direction of the effect is robust, suggesting a general decline in test scores following
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the bridge collapse. Rather than re�ecting true heterogeneity in the impact across grades

or subjects, the variation in statistical signi�cance is likely driven by differences in sample

size and precision. Pooling test scores could increase statistical power but would also ob-

scure important pedagogical and developmental differences between grades and subjects.

Presenting disaggregated results allows for a more transparent assessment of the robustness

of the �ndings across multiple outcomes, while still supporting the broader conclusion that

the infrastructure failure adversely affected academic performance across the board.

Table 1.4 presents SDID results by estimating Equation 1.2 for reading and math Z-

scores of grade 3 and 5. Additional �ndings for Treatment Group II are available in Ap-

pendix Table A.3. It's crucial to note that SDID analysis requires balanced panel data.

However, due to numerous missing values, I had to drop several observations, resulting in

a model estimated with just one independent variable, `Treated.' Despite these limitations,

similar to the TWFE approach, most coef�cient estimates are statistically signi�cant. Sim-

ilarly, all of them exhibit negative signs, indicating that the bridge collapse lowered the test

scores below the mean.

Figure A.4 depicts the event-study estimates of the effect of bridge collapse on test

scores for grade 3 with con�dence intervals on the y-axis and months across the x-axis.

The effects are estimated using Equation 1.3. While not all pre-event estimates are zero,

the deviations are relatively small and occur only in one pre-event period. I �nd negative but

barely signi�cant effects in test scores relative to the 2006 comparison period, after treat-

ment went into effect in 2007. However, I �nd signi�cant negative effects in Figure A.5 for

grade 5. So, I �nd that test scores were lower for schools located within 2.5 miles radius of

the bridge for the year 2008 and 2009.

While both the TWFE and SDID estimators yield qualitatively similar results, I retain
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Table 1.4: SDID: Impact of the bridge collapse (Treatment I:
all the schools located within a 2.5-mile radius of the bridge)
on standardized reading and math test scores for Grades 3
and 5

(1) (2) (3) (4)
Grade 3
Reading

Grade 3
Math

Grade 5
Reading

Grade 5
Math

Treated -0.576*** -0.520** -0.653*** -0.818***
(0.119) (0.199) (0.126) (0.158)

N 6490 6468 5841 5841

Cluster-robust standard errors, indicated in parentheses,
are calculated at the school district level for SDID.

* pŸ0.05, ** pŸ0.01, *** pŸ0.001

Note: The unit of analysis is the school year, during which all
schools in the state of Minnesota are considered (`Full Sample').
The estimates are from Equation 1.2. Column (1) to column (4)
shows\ coef�cients estimated from Equation 1.2 for different
grade-subjects dependent variables with year and school �xed ef-
fects. The key independent variable is the treatment indicator,
de�ned as a dummy equal to 1 if the schools are located within
2.5 miles of I-35W bridge after 2007 and 0 otherwise. Robust
standard errors clustered at the school districts level.
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TWFE as the preferred speci�cation for several reasons. First, the TWFE approach allows

for estimation across a broader range of outcomes—covering grades 3 through 8 in both

reading and math—whereas the SDID estimator requires a balanced panel, limiting its im-

plementation to only grades 3 and 5. This constraint leads to a substantial reduction in

sample size. For instance, the TWFE model for Grade 3 Reading includes 1,284 observa-

tions, compared to only 649 under SDID. Second, the estimated effects are highly consis-

tent across both methods in terms of sign and magnitude, with SDID estimates typically

somewhat larger but well within the same range. This consistency strengthens con�dence

in the core �ndings, while the greater statistical power and broader coverage of TWFE

make it a more informative speci�cation for assessing the full impact of the bridge collapse

on student achievement. As such, I rely on the TWFE estimates as the primary speci�ca-

tion and present SDID results as a robustness check.

1.7 Robustness Checks

In the core analysis, I employ two distinct treatment groups: Treatment I comprises schools

within a 2.5-mile radius of the bridge, while Treatment II encompasses schools located be-

tween 2.5 and 8.5 miles from the bridge. In the primary TWFE model, both treatment

groups are compared to a common control group consisting of schools within 900 meters

of the highways in the Minneapolis metro area. The results show that standardized test

scores for schools in Treatment I are signi�cantly lower than the levels observed before the

bridge collapse. This aligns with my �rst hypothesis, which anticipated a substantial de-

cline in test scores for schools within 2.5 miles of the collapse (Treatment 1) due to traf�c

disruption, inconvenience, and psychological trauma. Similarly, the �ndings for schools in

Treatment II support the second hypothesis, which posited a negligible or less signi�cant

adverse effect on test scores for schools located 2.5 to 8.5 miles from the bridge collapse

(Treatment 2). This effect is attributed to their greater distance from the disaster site, result-
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ing in a lesser direct experience of the disaster's impact on cognitive performance. In this

section, I assess the robustness of these �ndings to check whether they represent genuine

effects or are merely spurious correlations.

To address potential SUTVA violations, I utilize two treatment groups. I start by inves-

tigating whether concentrating solely on Treatment I yields consistent outcomes. Table A.6

displays coef�cient estimates from TWFE models involving a single treatment group, with

Treatment II (schools within 2.5 to 8.5 miles) included in the control group. Similar to

Table 1.2, estimating Equation 1.1 yields statistically signi�cant negative coef�cient esti-

mates. Next, I need to assess the robustness of the results obtained in Equation 1.1 when

using the 2.5-mile and 8.5-mile treatment boundaries. To do this, I modify Treatment I to

extend to 5.5 miles from the bridge, covering cordons 1, 2, and 3 [47]. Similarly, Treatment

II is adjusted to range from 5.5 to 8.5 miles from the bridge, focusing solely on cordon 4

instead of both 3 and 4. The control group remains unchanged. Table A.7 presents\

coef�cients estimated from Equation 1.1 for various grade-subject dependent variables, ac-

counting for year and school �xed effects. The results align with the main analysis, with

statistically signi�cant negative estimates observed for `Treated.' Additionally, enrollment,

the number of test takers, and absenteeism variables exhibit similar signs and signi�cance

as in the primary results. Comparable outcomes are found in Table A.8, employing this

newly de�ned Treatment II as the key predicting variable.

All prior analyses rely on the `Restricted Sample', where both treatment and control

schools are situated within the Minneapolis metro area. This selection is based on the

premise that metro area schools differ from those in other parts of Minnesota, rendering

them incomparable. To reinforce the main results from Equation 1.1, I employ the `full

sample', eliminating restrictions. While the treatment groups—Treatment I and Treatment

II—remain unchanged, the control group expands to include any school within 900m of
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Minnesota highways. This inclusion alters sample sizes, shifting them from 1343 to 4544

across models. With the exception of grade 4, `Treated' remains statistically signi�cant

and consistently negative across all grades and subjects in Table A.9 (see Table A.10 for

Treatment II), mirroring the main results. Thus, the �nding persists that test scores at

schools in close proximity to the bridge collapse experienced a substantial decline. En-

rollment, examinee count, and absent students on exam day also exhibit consistent signs

and signi�cance. The analysis using Treatment II as the treatment group, encompassing

more schools, substantially increases the sample size, yet the outcomes, including signs,

signi�cance, and coef�cient estimates, remain robust. Next, I employ Treatment II schools

as a control group for Treatment I schools. Given the proximity of schools in Treatment II

and their lower test scores, they serve as a potentially suitable control. The outcomes are

detailed in Table A.11; however, the results persist unchanged, showing adverse effects in

test scores.

Considering the dynamic nature of treatment effects, it is possible that MCA test tak-

ers in 2008 experienced a brief yet highly intense shock due to the disaster. In contrast,

those in 2009 might have encountered months of adjusted normal traf�c �ow, lower media

exposure, and possibly a reduced intensity of psychological trauma and stress leading up

to their April 2009 exam. Consequently, I estimate Equation 1.1 using a sample where the

outcomes of interest are the test scores for 2008 and 2009. The results for Treatment I are

provided in Table A.12 and Table A.13 for 2008 and 2009, respectively. Among the 12 co-

ef�cient estimates, none exhibit statistical signi�cance in a positive direction. Table A.18

and Table A.19 display the results for Treatment II in 2008 and 2009, mirroring the core

analysis by revealing no statistically signi�cant positive estimates. This suggests that the

“treated” status predominantly resulted in lower test scores for the schools in question,

even 20 months following the bridge collapse. In order to account for potential spillover

effects and address any violations of SUTVA, I conduct a comprehensive joint treatment
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TWFE speci�cation for the test scores. The detailed results of this analysis are presented in

Table A.5. The results reaf�rm the detrimental effects of the bridge collapse on test scores

within both Treatment I and Treatment II groups. For visual clarity, the coef�cient plots

corresponding to these results are provided in Figure A.16.

In addition to using cordons around the bridge to de�ne treatment groups, I also em-

ploy continuous distances to the bridge as another method to de�ne treatment. The results,

presented in Table A.15, show that I interact the distance to the bridge (in miles) with the

post-bridge collapse period. Most of the coef�cients are positive, indicating that schools

farther from the bridge collapse site tend to have better test scores, which aligns with the

main �nding that test scores of schools located nearer to the bridge are negatively impacted.

Speci�cally, the positive coef�cients range from 0.038 to 0.145. This suggests that schools

near the bridge experience a decrease in test scores by 0.095 to 0.363 standard deviations

compared to those more than 2.5 miles (Treatment I) away. When compared to schools 8.5

miles (Treatment II) away, the decrease ranges from 0.323 to 1.233 standard deviations.

Due to its designation as the alternative route with Mn 280 by the Minnesota Depart-

ment of Transportation, I-94 bridge demands a separate experiment. Furthermore, fol-

lowing the collapse of the I-35W bridge, the I-94 bridge experienced a notable 26.36%

increase in traf�c volume [45]. Leveraging this exogenous shift in average daily traf�c

around the I-94 bridge, I examine the potential impact on test scores of schools located in

close proximity to the I-94, compared to those situated farther away. Only schools located

in the Minneapolis metro area are considered for this analysis. Similar to the I-35W bridge

experiment, I exclude schools within a 2.5-mile radius of the I-35W bridge to uphold the

SUTVA assumption. The effect I estimate here primarily concerns increased traf�c and

potentially higher pollution levels, rather than a psychological effect of the disaster. Using

the same model as Equation 1.1, I present estimation results in Table A.14. Most coef-
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�cient estimates are statistically insigni�cant, except for math scores in grades 4 and 5.

Figure A.11 plots the coef�cient estimates from Equation 1.1 against z-scores for math and

reading.

Threatsto Identi�cation

One possible threat to identi�cation can be the changed student body of the schools lo-

cated near the bridge collapse who either did not appear on the exam on April 14, 2008

or appeared on the exam, but from a different school (a part of control schools or not a

part of either of the three groups: Treatment I, Treatment II, Control). To test this possibil-

ity, I check the enrollment number of each year for both treated and control as enrollment

is counted in the October of each year which is more than two months after the bridge

collapse. I plot the annual average number of enrolled student by their treatment status

(Treatment I) against years on the x-axis in Figure A.18. It can be seen that the enrollment

number didn't change from 2007 to 2008 for both groups. In a similar manner, I plot by

the Treatment II status and found the same trend.

Now, though there was no signi�cance change in the average number of enrolled stu-

dents by the treatment status between 2007 and 2008, however, it is very much possible that

the number if students who appeared on the exams in 2008 were different from previous

years. To check this possibility, I plot the annual average number of test takers on the y-axis

and years on the x-axis in Figure A.19. It can be seen that there was a lot of volatility in

the number of examinee since 2000 to 2006, however, the numbers are mostly stable over

2007, 2008 and 2009 for both Treatment I and control groups. Similar pattern can be seen

when I plot by Treatment II status.

From the above-mentioned discussions, it is clear that the number of enrolled students

and the number of test takers were stable before and after the bridge collapse for both
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treatment and control groups. One last possibility can be whether there were more absent

students for treatment schools in 2008. To test this, I plot the average number of absent

students against years by the treatment status. Usually, the average number of absent stu-

dents is quite low which is also exhibited in Figure A.20. Neither of the treatment (both

treatment I and Treatment II) or control groups show that the number of absent students

raised from 2007 to 2008 and subsequent years.

1.8 Mechanisms

I �nd, using TWFE and SDID estimation, that the bridge collapse negatively affected MCA

test scores. Moreover, these �ndings are robust across a variety of speci�cations and def-

initions of treatment and control groups. Now, I seek to uncover the mechanisms behind

this reduction in test scores.

1.8.1 Long termair quality improvements

As discussed in the background section 1.2, demand for traf�c was dropped substantially

for areas within 2.5 miles radius of the collapse bridge, creating a possible exogenous

change in air quality. To �nd out or rule out the possibility of air quality changes as a

mechanism driving the low test scores, �rst, I estimate the impact of bridge collapse on the

level of pollution within 2.5 miles of the bridge where the treatment group is de�ned as

all the air quality monitors located within 2.5 miles radius of the bridge. A second treat-

ment group is de�ned as the monitors located in Cordon 3 and 4 (2.5 to 8.5 miles) of the

bridge to prevent the violation of SUTVA assumption. To compare with each of these treat-

ment groups, I de�ne a common control group of monitors located in Minneapolis. Here,

I use EPA monthly monitor level data for the year 2006-2009 because the bridge collapsed

on August 2007 and reopened on October 2008. Figure 1.3 shows the locations of EPA air

quality monitors and the bridge in addition to which monitors are in Treatment I, Treatment
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Figure 1.3: Air quality Monitors Around I-35W Bridge by the Treatment Status

II and Control. The key identifying assumption here is that trends of air quality within 2.5

miles (or from 2.5 to 8.5 miles) radius of the bridge would be the same for all of Minneapo-

lis in the absence of a bridge collapse.

In order to �nd whether there was any change in pollution level due to the bridge col-

lapse, I use the following TWFE model where standard error is clustered at the county level:

%>;;DC8>=8–C= U8¸ _C¸ \ � � 8–Ç n8–C (1.4)

In this equation,%>;;DC8>=8–Cis the monthly AQI (and%" 2•5) value for monitor `i'

at month `t', � 8–Cis a dummy variable equal to 1 if monitors located either within 0 to

2.5 miles or monitors within 2.5 to 8.5 miles post August 1, 2007,U8 is a monitor �xed-

effect,_Cis a time �xed effect, andn8–Cis an error term. Table 1.5 provides the coef�cient

estimates of Equation 1.4 where AQI is the dependent variable and the only independent
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variable is the treatment. Here Treatment I reduces the AQI value and%" 2•5 by 5.938 and

1.665, respectively meaning air quality improves by these amount as lower the AQI and

%" 2•5 better the quality. Similarly, Treatment II also reduces the AQI score and%" 2•5,

however, it is not statistically signi�cant. So, it can be concluded that only Treatment I

shows improvement in the air quality.

To estimate the dynamic treatment effect of bridge collapse on the pollution level near the

Table 1.5: The impact of Treatment Status (monitors located within 2.5 miles for Treatment I or
2.5 to 8.5 miles for Treatment II) on Air Pollution

(1) (2) (3) (4)
Monthly AQI Monthly PM2.5 Monthly AQI Monthly PM2.5

Treatment I -5.938*** -1.665***
(0.177) (0.054)

Treatment II -0.381 -0.114
(0.213) (0.053)

Constant 39.236*** 10.121*** 39.083*** 10.095***
(0.010) (0.003) (0.041) (0.010)

N 2962 2962 3464 3464
R-sq 0.917 0.936 0.928 0.942
Cluster-robust standard errors, indicated in parentheses, are calculated at the county level using TWFE.
* pŸ0.05, ** pŸ0.01, *** pŸ0.001

Note: The unit of analysis is monitor-month where monitors only in the metro area are considered (`Re-
stricted Sample'). The estimates are from Equation 1.4. Column (1) to column (4) shows\ coef�cients
estimated from Equation 1.4 for two different pollutants as dependent variables with time and monitor
�xed effects. The key independent variable is the treatment indicator, de�ned as a dummy equal to 1 if the
monitors are located within 2.5 miles (or 2.5 to 8.5 miles for Treatment II) of I-35W bridge after 2007 and
0 otherwise. Robust standard errors clustered at the county level.

collapse site, I use the following event study:

Pollution8–C= U¸
Jun 2007Õ

l =Jan 2006

� 8� 1¹C= l º � gPre
l ¸

Dec 2009Õ

l =Aug 2007

� 8� 1¹C= l º � gPost
l ¸ q8¸ _C¸ n8–C

(1.5)

where � 8 is a binary variable equal to one for monitors located within 2.5 miles of

the bridge and zero otherwise.q and_ are county and month �xed effects. Estimation

is performed with standard errors clustered at the county level. Figure A.6 depicts the

28



event-study estimates of the effect of bridge collapse on monthly AQI. The �gure shows

air quality for each month from 2006 to 2009 relative to July 2007, one month prior to the

bridge collapse. There was no signi�cant air quality improvement immediately after the

collapse. However, since April 2008, the area within 2.5 miles radius of the bridge had

better air quality relative to July 2007 for the rest of Minneapolis and it continued to have

much better air quality till January 2009. On the other hand, the statewide exam, MCA, was

held in April for both 2008 and 2009. Importantly, there was no measurable improvement

in AQI immediately after the bridge collapse. In fact, the event-study plot shows that the

earliest signs of improvement only began to appear in April 2008—roughly nine months

after the disruption. Given that statewide testing also occurs in April, most students in

2008 would have had minimal or no exposure to improved air quality prior to testing. This

delayed timing makes it unlikely that this air quality changes played a meaningful role in

shaping the observed decline in test scores. Figure A.7 replicates the event study for Treat-

ment II from Equation 1.5 where no signi�cant changes in air quality are noticed relative

to July 2007. I also estimate the same event study for%" 2•5 as a dependent variable (see

Figure A.8 and Figure A.9).

Up to this point, to assess the impact of the bridge collapse on pollution levels, I employ

EPA monthly monitor level data in Equation 1.4. Additionally, as a robustness check, I con-

duct an analysis using monthly global%" 2•5 data from surface and satellite-based sources

for the years 2006-2008. Similar to the main analysis, Treatment I comprises census tract

area within a 2.5-mile radius of the bridge, Treatment II includes census tract area between

2.5 and 8.5 miles from the bridge, and Control encompasses other census tracts within the

state of Minnesota. Figure A.12 visually presents the census tracts with a background of

global%" 2•5 raster data, along with the two buffers around the bridge, designated as Treat-

ment I and Treatment II. For a more detailed view of this graph, refer to Figure A.13.
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To demonstrate the surface-level or Global%" 2•5 improvement in Cordon 1 and 2, I

re-estimate Equation 1.4 with cluster-robust standard errors at the census tract level. Ta-

ble A.20 presents the coef�cient estimates, with Global%" 2•5 as the dependent variable

and the treatment as the only independent variable. To explore the impact on the dependent

variable, I have estimated this equation separately for Treatment I and II, using mean, min-

imum, and maximum values of Global%" 2•5 in three different columns. For Treatment I,

the results indicate a reduction in the mean, maximum, and minimum Global%" 2•5 values

by 0.427, 0.415, and 0.435, respectively. This reduction signi�es an improvement in air

quality, as lower Global%" 2•5 values indicate better air quality. Notably, when comparing

these results to the main analysis (Equation 1.4), the magnitude of the reduction is lower

than 1.665. Similarly, Treatment II also exhibits a reduction in Global%" 2•5 scores, and

this time, it is statistically signi�cant, unlike the main analysis. Consequently, it can be

inferred that both Treatment I and II contribute to improvements in air quality. These �nd-

ings underscore the positive impact of the treatments on air quality, supporting the notion

that the bridge collapse led to better overall air quality conditions.

To ensure the robustness of the analysis, I conducted a joint treatment TWFE speci-

�cation for the air quality monitors, explicitly addressing spillover effects and addressing

any potential violations of SUTVA. The results of this analysis are presented in Table A.4.

Regarding pollution, the main analysis's conclusion remains consistent: Treatment I leads

to a statistically signi�cant reduction in air pollution, decreasing the monthly AQI value

by 5.96 and%" 2•5 by 1.67. Conversely, Treatment II does not have a signi�cant effect

on air pollution, aligning with the �ndings of the main analysis. Additionally, I have in-

cluded the results of Equation 1.4 with clustering at the air quality monitors instead of the

county level, yet the outcomes remain unchanged as shown in Table A.4. To account for

heteroskedasticity, cross-sectional, and temporal correlation, I also estimate Equation 1.4
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with Driscoll-Kraay standard errors [52].3 The results are given in Table A.22, which is

similar to the core results. This further con�rms the robustness of the �ndings and under-

scores the validity of the research design.

To account for potential confounding factors and ensure the robustness of the analy-

sis, I introduce three weather variables—namely, precipitation, minimum temperature, and

maximum temperature—into Equation 1.4. These variables are crucial in controlling for

time-varying factors that could in�uence the monitor readings and lead to spurious results.

The treatment and control variables are de�ned in the same manner as presented in Equa-

tion 1.4. In Table A.21, I present the coef�cient estimates, where the dependent variable is

AQI (and%" 2•5), and the independent variables include treatment, along with the weather

controls. In this analysis, both Treatment I and Treatment II are found to be statistically

insigni�cant. Moreover, the magnitude of their effects is lower compared to the results of

Equation 1.1 in the main analysis.The substantial number of missing weather values could

potentially impact the results.

The absence of a negative impact from air pollution can be attributed to several factors.

These include the possibility of psychological shocks mitigating the effects due to exces-

sive media coverage of the bridge collapse, the longer commute times students faced when

using alternative routes, the relatively smaller magnitude of air quality improvement, and

the potential absence of `exam day effects'. The estimated improvement in AQI is approx-

imately 6 points. It is important to note that the AQI can span the full range from 0 to

500, with an average AQI score of over 38 near the bridge site. Since a lower AQI signi-

�es better air quality, a negative relationship between treated status and AQI suggests that

the bridge collapse led to a decrease in AQI of approximately 6. However, this relatively

modest improvement in air quality near the bridge may not have been substantial enough

3The lag length, up to which the residuals may be autocorrelated and denoted as m(T), is calculated based
on the �rst step of Newey and West [53]'s plug-in procedure as follows:< ¹) º = 5 ;>>A»4¹) •100º2•9¼[52]
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to signi�cantly impact the test scores of students eight months later during the April 2008

MCA exams. While traf�c in cordon 1 and 2, which are within a 2.5-mile radius around

the bridge, didn't fully rebound to pre-collapse levels, this didn't result in signi�cantly im-

proved air quality that would noticeably affect nearby schools' cognitive performance. One

plausible explanation is the pollution generated by bridge reconstruction efforts, potentially

offsetting the positive effects of reduced traf�c volumes.

1.8.2 Exam-dayair quality

It is necessary to check whether the pollution level on the exam days were different from

other usual days before the exams meaning whether there was any `exam day effect' or

contemporaneous effects of air pollution. As mentioned in the introduction section 1.1 that

many papers show short-term effects of pollution and some paper show long-term effects.

There is no consensus yet on which effect has the most impact on cognitive outcomes. It

could be possible that the level air pollution on the exam day was actually worse on the

exam day than before the disaster, even though the average air quality improved. Analyz-

ing EPA's AQI and particulate matters measurements, I �nd that the mean AQI near bridge

(within 2.5 miles) on exam month was 43.50 comparing to mean AQI score of 41.99 in

Minneapolis which is higher than the annual air quality index. Similarly, the mean%" 2•5

near the bridge was 11.04 whereas the%" 2•5 concentration was 10.64 in the Minneapolis

metro area. In Figure A.17, I plot the pollution measurement on days of exam month in

2008. It can be seen that these pollution measurement were volatile and on April 14, the

AQI and%" 2•5 concentration was not lower than the average of the month. However, there

not enough evidences to say that lack of improvements in the exam scores can be explained

by these lack of short-term improvement in air quality.

Overall, given the absence of any substantial change in AQI immediately following the
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bridge collapse—and the lack of a detectable effect from day-of-test air quality—it is un-

likely that pollution played a meaningful short-run role in driving the observed decline in

student test performance. Although I �nd some evidence of modest AQI improvement sev-

eral months after the event, the magnitude of this change (approximately 6 AQI points) is

relatively minor in the context of typical urban variation. Moreover, any cognitive bene�ts

associated with such environmental improvements would likely emerge only over longer

time horizons. Taken together, these �ndings suggest that while air quality remains an

important factor for long-run academic outcomes, it does not appear to be a primary mech-

anism in the immediate aftermath of this infrastructure failure.

1.8.3 Psychologicaltraumaandcommutingcosts

Among the potential reasons for the support of hypothesis 1, the psychological impacts

of the bridge collapse stand out as signi�cant, albeit challenging to quantify. The bridge

collapse garnered extensive media coverage, notably including a school bus �lled with

students falling with the bridge, an image with the potential to induce `secondary trauma-

tization' [54, 19]. Furthermore, Ahernet al. [55] reported the possibility of post-traumatic

stress disorder symptoms. In a study on the psychological impacts of the I-35W bridge,

Lachlanet al. [56] explored how residents sought mediated information and how gender

in�uenced emotional responses and information-seeking behaviors. They surveyed 166

residents living within a block of the bridge, measuring emotional reactions on Likert

scales. Their �ndings indicated that higher media consumption was associated with in-

creased levels of sorrow and sadness, as well as reduced calmness.

While trauma does not dissipate abruptly beyond a �xed radius, its intensity and na-

ture likely vary with proximity to the site of disruption. Students and teachers in schools

located within 2.5 miles of the bridge collapse were more likely to experience direct psy-
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chological shock—through visual exposure, disruptions to daily routines, or the presence of

emergency response activity. In contrast, those farther away may have been affected more

indirectly via media coverage, community-level anxiety, or social ties to those impacted,

giving rise to the secondary trauma. To capture these spatial gradients, I supplement the

binary treatment de�nition with a continuous distance-based speci�cation. As reported in

Table A.15, the estimated effect on test scores declines with increasing distance from the

collapse site, consistent with a distance-decay pattern in trauma exposure. This result does

not suggest that trauma is absent beyond the 2.5-mile threshold, but rather that its form and

severity evolve with spatial proximity to the disaster.

In background section 1.2, I referenced Zhuet al. [45] to highlight the longer travel

times as an indication of an `avoidance phenomenon'. These extended commutes to reach

schools not only disrupted daily routines but potentially imposed signi�cant inconvenience

costs on students, affecting their overall well-being and possibly their academic perfor-

mance. Despite potential improvements in the immediate environment around the collapsed

bridge and nearby schools, the indirect consequences of altered travel routes—increased

commuting times and the associated stress and inconvenience—may have negated any pos-

itive effects. However, it is essential to note that I lack data on individual students' home

locations, the speci�c alternative routes school buses or family cars took after the bridge

collapse, and the traf�c volumes on these alternative routes before and after school hours.

Consequently, testing this possibility is challenging.

To partially overcome this data limitation and better capture the disruption to com-

muting patterns, I implement a revised research design that focuses on schools located

within the Minneapolis Public School District, which spans both sides of the collapsed

I-35W bridge. By comparing these schools—most directly exposed to cross-river travel

disruption—to a control group of nearby metro-area schools located within 900 meters
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of major roads but outside the affected district, the new analysis isolates the commuting

mechanism more directly. The results, presented in Table A.16, show consistently negative

and statistically signi�cant effects across nearly all grade-subject combinations, reinforc-

ing the interpretation that impeded school access due to bridge-dependent travel routes

played a meaningful role in the observed decline in academic performance. This design

provides a more credible test of the commuting disruption hypothesis, even in the absence

of individual-level travel data. Figure A.10 illustrate the geographic boundaries of the

Minneapolis Public School District in relation to the I-35W bridge and the control school

locations. As an additional validity check, I conduct a falsi�cation test using schools in

nearby school districts that border the Minneapolis Public School District but do not in-

clude the Mississippi River. These districts are unlikely to have experienced commuting

disruptions caused by the I-35W bridge collapse, making them a credible placebo group.

The results, presented in Table A.17, show considerably smaller and mostly insigni�cant

effects, further reinforcing that the observed impacts are unlikely to be driven by general

proximity alone. Instead, these �ndings lend support to the interpretation that disruption to

cross-river commuting—rather than simple geographic closeness—played a more central

role in the test score declines.

Another plausible channel through which the bridge collapse may have affected stu-

dent achievement is a decline in teacher effectiveness. The closure resulted in substantial

traf�c congestion, likely lengthening commutes not only for students but also for teachers.

Prior research links longer commutes to lower productivity, increased absenteeism, and

reduced job satisfaction [57, 58]. In the education context, recent evidence indicates that

teachers with longer commutes are more likely to be absent, receive lower performance

evaluations, and exit their schools or districts [59]. A companion policy brief from the

Brookings Institution emphasizes how commute burdens can make teaching less sustain-

able, particularly in urban districts with limited public transit options [60]. Related work
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by Engelet al. [61] shows that commute distance in�uences teacher job preferences, while

Ronfeldtet al. [62] �nd that high teacher turnover can disrupt student learning, especially

in low-performing schools. Although my data do not permit direct measurement of teacher

absences or classroom quality, commuting-related disruptions provide a credible mecha-

nism for the observed declines in student performance.

Based on �ndings by Carneiroet al.[24], Lavyet al.[20], Gilraine and Zheng [25], and

Persico and Venator [26], a1 `6 •< 3 increase in particulate pollution reduces test scores by

between0•0045and0•08 standard deviations. In contrast, my �ndings indicate an overall

disaster impact of between� 0•118 and� 0•821 standard deviations on test scores, which

accounts for both the positive effects of pollution reduction and other negative effects,

including psychological trauma, stress, increased commuting times, and other inconve-

niences. This suggests that the back-of-the-envelope impact of psychological trauma and

increased commuting costs alone might reduce test scores by between� 0•123and� 0•859

standard deviations.

1.9 Conclusion

This paper examines the impact of an infrastructure failure—the collapse of the I-35W

Mississippi River Bridge in Minneapolis, Minnesota—on statewide comprehensive exam

test scores, using it as a natural experiment. Employing a TWFE model, I observe statisti-

cally signi�cant declines in test scores for schools near the bridge, with decreases ranging

from 0.118 standard deviations in 8th grade math scores to 0.821 standard deviations in 7th

grade math scores. Additionally, employing a synthetic difference-in-differences model

reveals reductions of 0.576 and 0.520 standard deviations in 3rd grade reading and math

scores, respectively, and 0.653 and 0.818 standard deviations in 5th grade reading and math

scores. These �ndings are robust across various estimation methods, assumptions adjust-
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ments, treatment and control group re-de�nitions, and sample variations.

I examine the role of air quality, commuting, student composition/attrition, psychologi-

cal trauma, and teacher effectiveness as potential mechanisms explaining the decline in test

scores. First, despite moderate improvements in air quality within 2.5 miles of the bridge

following the collapse, the evidence does not support a pollution-based explanation: there

is no corresponding improvement in academic performance, and the lack of exposure vari-

ation during test week limits the plausibility of an `exam day effect'. Second, disruptions

to commuting routes likely imposed additional burdens on students—such as longer travel

times, earlier departures, and increased fatigue—which could negatively impact concentra-

tion and test performance. Third, the psychological impacts of the disaster—both direct

and indirect—may have triggered acute stress responses. Students near the collapse may

have experienced trauma �rsthand, while others likely endured secondary trauma through

repeated media exposure, particularly to the widely circulated image of the school bus atop

the fallen bridge. Using a back-of-the-envelope approach, I conclude that psychological

trauma and increased commuting costs may alone account for a reduction in test scores

ranging from� 0•123 to � 0•859 standard deviations. Fourth, the disaster may have also

impaired teacher effectiveness through logistical disruptions, such as longer commutes,

that contributed to increased absenteeism, lower job satisfaction, and reduced instructional

quality during the recovery period. Finally, I examine potential threats to the identi�cation

strategy, such as compositional effects from student attrition, but �nd no evidence of these

impacting the results. Evidence includes stable enrollment numbers, test participation, and

absenteeism before and after the collapse across treatment and control groups.

While this study provides evidence on the academic consequences of infrastructure

failure, several important questions remain. Future work could leverage student-level mi-

crodata, including individual test scores, demographic characteristics, and prior academic
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history, to examine heterogeneity in treatment effects across age, socioeconomic status, or

baseline performance. Linking these records with student and teacher residential locations

and transportation modes would also allow for a more direct assessment of commuting-

related mechanisms—particularly how travel time disruptions translate into educational

outcomes. To explore trauma-related channels, researchers could incorporate data on school

counseling referrals, attendance patterns, or validated measures of psychological stress.

Media exposure may represent an additional mechanism; understanding students' media

consumption in the aftermath of such events would help distinguish direct trauma from

secondary effects. Collectively, these extensions offer promising directions for future re-

search aimed at identifying the mechanisms through which disasters impact academic per-

formance and informing targeted interventions.
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CHAPTER 2

SILENCING THE RAILS: A STUDY OF THE NOISE-SAFETY TRADE-OFF IN

RAILWAY QUIET ZONES

2.1 Introduction

The US Environmental Protection Agency and the World Health Organization consider

noises above 70 decibels to be noise pollution [63]. In comparison, train horns are required

to operate within a set volume range of 96 to 110 decibels, signi�cantly exceeding the noise

pollution threshold. This environmental concern extends beyond mere inconvenience, as

studies indicate that excessive noise can elevate stress, blood pressure [64], and contribute

to hearing impairment [65]. Notably, exposure to noise from sources such as airports [66]

and trains [67] has been linked to learning dif�culties in children [68]. Furthermore, the

health impact of railway noise is particularly pronounced in sleep quality [69], with rail-

way noise exhibiting a stronger in�uence on physiological parameters during sleep com-

pared to road traf�c noise [70, 71, 72]. Due to health concerns—particularly sleep distur-

bances—some states allowed local communities to implement whistle bans restricting horn

use at crossings. However, a rise in nighttime train-vehicle collision prompted Congress

to pass legislation in 1994 directing the Federal Railroad Administration (FRA) to regulate

train horn use. This led to the 2005 Train Horn Rule, which introduced quiet zones as an

alternative to mandatory train horn sounding at public crossings.

From 1994 to 2005, train horns were required at all public railway crossings in the US,

but the change in train horn rules in 2005 introduced quiet zones, creating a natural ex-

periment that allows me to study the impact of train horns on traf�c safety. A quiet zone

refers to a stretch of railway line that is at least half a mile long, encompassing one or
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more consecutive public highway-rail crossings where locomotive horns are not routinely

sounded. While quiet zones reduce noise pollution for nearby neighborhoods, they may

also pose safety risks by eliminating an important auditory warning for vehicles and pedes-

trians. This concern is particularly acute for users who are unaware that they are entering a

quiet zone and may still expect to hear a train horn. As such, quiet zones present a trade-off

between improved residential quality of life and increased risk of accidents.

Using highway-rail grade crossing accident data from the Federal Railroad Administra-

tion's Of�ce of Railroad Safety (1995–2019), I implement a TWFE model as the baseline

speci�cation. To account for heterogeneous treatment effects, my preferred difference-in-

difference model is Wooldridge [73]'s extended two-way Mundlak (ETWM) regression,

chosen for its adaptability to count outcome variables. Ensuring robustness and sensitiv-

ity checks, I also incorporate estimation methods proposed by Borusyaket al. [74] and

Callaway and Sant'Anna [75] to assess average treatment effects in settings with stag-

gered treatment timing and potentially heterogenous treatment effects. The research design

compares accident rates before and after the establishment of quiet zones at treated cross-

ings with those at crossings that had not yet been designated as quiet zones or were never

designated as such. Employing the conventional two-way �xed effects (TWFE) difference-

in-differences model with Poisson Pseudo Maximum Likelihood estimation method, I �nd

that establishment of quiet zone leads to 1.27 times higher yearly accident rate for railway

crossings within quiet zones. Additionally, the results from the alternative staggered DiD

models yield qualitatively similar conclusions. In essence, the establishment of quiet zones

is associated with an increase in accidents, with alternative estimates con�rming the direc-

tion of the effect, though with smaller magnitudes than the baseline results.

To extend the investigation beyond accident frequency, I include additional outcome

measures, speci�cally the expenses related to damaged vehicles, the number of crossing
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users killed, and the number of crossing users injured. While the study reveals no notable

impact on the cost of damaged vehicles, it does indicate a rise in the occurrences of user

fatalities and injuries linked to the establishment of quiet zones. Moreover, the compre-

hensive dataset on collisions at railway grade crossings, covering details such as weather

conditions, visibility, time of accidents, reasons for accidents primarily attributed to user

actions (predominantly motorists), and whether the accident occurred at a public or pri-

vate crossing, enables a detailed investigation into the heterogeneity of treatment effects. I

observe that the `quiet zone' status increases the number of accidents at public grade cross-

ings compared to private ones. However, I do not �nd any signi�cant differences in actions

of users between quiet zone and non-quiet zone crossings. There is a signi�cant increase

in accidents at crossings designated as `quiet zone' from 6 am to midnight, while the quiet

zone does not contribute to increased accidents from midnight till morning. Interestingly,

I identify a higher frequency of accidents during clear and rainy weather, but not in cloudy

weather. Additionally, quiet zones lead to a higher frequency of collisions both during dark

and daytime.

To assess the bene�ts of noise reduction from quiet zones, I estimate their effect on

nearby property values using a hedonic pricing model within a difference-in-differences

(DID) framework. Leveraging the staggered roll-out of quiet zones across neighborhoods

in Cook County, Illinois, I examine how median residential property sales prices respond

to the establishment of quiet zones. The TWFE OLS estimates indicate that quiet zones

increase housing prices by 11.07%. To address concerns about bias in TWFE with stag-

gered treatment timing, I also implement alternative estimators proposed by Callaway and

Sant'Anna [75], Borusyaket al. [76], and Wooldridge [73]. These methods yield similar

positive effects, with statistically signi�cant estimates ranging from 9.64% to 21.65%. Ap-

plying this 11.07% capitalization effect to the median home price in the sample ($230,200.80),

the average property value gain associated with quiet zones is approximately $25,483.23,
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relative to comparable neighborhoods without them.

To evaluate whether the bene�ts of noise reduction in quiet zones outweigh their asso-

ciated safety costs, I conduct a cost-bene�t analysis at both the crossing and neighborhood

levels. At the crossing level, bene�ts range from $1.27 million to $5.90 million depend-

ing on the density of properties near a quiet zone, while neighborhood-level bene�ts total

approximately $51.78 million. However, once substantial safety costs—including higher

accident rates, fatalities, and injuries—are accounted for, the �ndings suggest that these

costs may outweigh the aggregate bene�ts in low-density areas with limited real estate ap-

preciation. By contrast, in high-density areas, aggregate property value gains may exceed

safety costs, highlighting distributional concerns—homeowners bene�t, while increased

risks are largely borne by commuters and pedestrians.

This study makes several important contributions to the existing literature. First, this

study contributes to the extensive literature on the capitalization effects of externalities, par-

ticularly in the context of environmental factors and public goods. Numerous studies have

documented how externalities such as air pollution, water pollution, wild�re risks, and ed-

ucation quality are re�ected in housing prices. Using housing market data from the Boston

metropolitan area, Harrison and Rubinfeld [77] estimate the willingness to pay for air qual-

ity improvements, �nding that each additional unit of NOx pollution reduces median home

values by $1,613. Chay and Greenstone [78] provide further evidence of air pollution's

impact on housing markets, showing that reductions in total suspended particulates (TSPs)

under the Clean Air Act signi�cantly increased property values, with a $45 billion aggre-

gate gain from 1970 to 1980. Similarly, Leggett and Bockstael [79] analyze the impact of

water quality on residential property values, showing that higher levels of fecal coliform

bacteria in water bodies depress home prices. Greenstone and Gallagher [80] evaluate the

impact of hazardous waste cleanups under the Superfund program, �nding little to no ef-
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fect on housing prices, suggesting that traditional hedonic models may overestimate the

economic bene�ts of environmental remediation. In the context of wild�re risks, Huang

and Skidmore [81] demonstrate that wild�res not only directly reduce housing values but

also have an indirect effect through degraded air quality. Similarly, Davis [82] �nds that

power plant openings lead to a 3–7% decline in nearby housing values, primarily due to

pollution, noise, and visual disamenities. Gibbonset al.[83] further highlight the economic

value of environmental amenities, showing that proximity to green spaces, rivers, and na-

tional parks signi�cantly increases housing prices in England, emphasizing the broader

role of natural amenities in property valuation. Beyond environmental factors, capitaliza-

tion effects extend to public services such as education and crime. Black [84] �nds that

better school quality is associated with higher housing prices, as parents are willing to pay

a premium for access to superior educational institutions. Similarly, Lin [85] examine the

impact of crime risk, �nding that housing values decline signi�cantly when a registered sex

offender moves into a neighborhood. Additionally, Lochner [86] highlights the substantial

non-market bene�ts of education—such as reductions in crime, better health outcomes,

and increased civic participation—underscoring that public investments often yield returns

beyond direct economic gains. Building on this literature, my study examines the capi-

talization effects of quiet zones, allowing for a direct comparison between property value

gains from noise reduction and the economic costs associated with increased accident risks.

Second, this study adds to the literature on noise pollution in economics. Prior research

has consistently demonstrated the capitalization effects of noise pollution on property val-

ues. Mieszkowski and Saper [87] �nd that homes in high-noise zones near Toronto Inter-

national Airport experience property value discounts of up to 15%, highlighting the signi�-

cant negative externalities of airport noise. Similarly, O'Byrneet al. [88] show that aircraft

noise near Atlanta International Airport leads to property value reductions of approximately

0.67% per decibel increase. McMillen [89] further documents how noise contours around
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Chicago O'Hare Airport depress housing prices, although technological advancements in

aircraft design have mitigated some of these effects over time. Beyond airports, Morawetz

et al. [90] analyze traf�c noise in Vienna and �nd that noise exposure in public walking

areas lowers property values, emphasizing the broader implications of urban noise pollu-

tion. Additionally, Bowes and Ihlanfeldt [91] investigate the mixed effects of transit station

proximity on home values, where accessibility bene�ts are counterbalanced by noise and

crime externalities. Similarly, Winke [92] employs a difference-in-differences framework

to assess aircraft noise impacts on Frankfurt's housing market, identifying signi�cant price

discounts only after noise exposure becomes apparent to buyers. Studies on road traf�c

noise, such as Graevenitz [93], con�rm that households have heterogeneous preferences

for quiet, with high-income and family-oriented buyers placing a premium on noise reduc-

tion. The policy implications of noise pollution are evident in Lindgren [94], who �nds that

noise mitigation efforts in Sweden, including sound barriers and insulation, lead to signi�-

cant property value gains, exceeding the costs of intervention. Finally, Pope [95] examines

the role of information asymmetry in noise valuation, showing that mandatory noise dis-

closure laws lead to additional property price declines as buyers become more aware of

the disamenity. Despite extensive research on noise pollution, the bene�ts of quiet zones

remain largely unmeasured. Government Accountability Of�ce (GAO) [96] note that while

local governments, residents, and urban planners frequently cite noise reduction and poten-

tial economic development as bene�ts of quiet zones, there is limited empirical evidence to

support these claims. Hough [97] �nds that train horn noise depresses property values but

does not directly link quiet zones to increased home prices. Cushing-Daniels and Murray

[68] use a 2SLS model to show that whistle bans raise property values, likely due to re-

duced noise, but also highlight that the �nancial bene�ts from lower fatalities do not offset

property depreciation—consistent with my �ndings when considering the statistical value

of life (3{9 million). This study provides one of the �rst empirical analyses of the capital-

ization effects of quiet zones which evaluates whether the property value gains justify the
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associated safety costs.

Third, this paper expands the body of research on factors in�uencing accidents at

railway-highway crossings by identifying quiet zones as a previously unexamined factor.

Prior research has explored various contributors to accident severity, including traf�c vol-

ume, highway separation, and warning devices, but has not considered quiet zones. Hu

et al. [98] �nd that accident severity is in�uenced by train frequency, truck traf�c, and

crossing markings, while Ohet al. [99] report that high traf�c volumes and commercial

proximity increase accident risks, whereas speed humps reduce them. Mok and Savage

[100] highlight the role of safety measures such as gates, �ashing lights, and public edu-

cation programs like Operation Lifesaver in reducing accidents, with Savage [101] further

emphasizing their effectiveness when combined with engineering solutions. In a broader

context, Watsonet al. [102] show that GDP and population density signi�cantly impact

crossing safety in 24 European countries, as wealthier regions allocate more resources to

safety infrastructure.

Fourth, this study is among the few to examine the impact of quiet zones on accident

frequency at railway crossings, moving beyond internal Federal Railroad Administration

(FRA) reports. Prior research offers mixed �ndings: Cottle [103] �nds no signi�cant dif-

ference in accident rates between quiet zone and non-quiet zone crossings, while Metaxatos

et al.[104] report increased accidents at gated crossings after whistle bans, emphasizing the

role of train whistles in safety. Ngamdung and daSilva [105] identify a 20.9% rise in tres-

pass casualties near quiet zones, particularly at grade crossings. Unlike the before-and-after

descriptive analysis or two-sample t-test commonly employed in FRA decision-making

reports, this study utilizes newly developed difference-in-differences estimation methods.

These methods, designed to accommodate heterogeneous treatment effects across crossings

and over time, contribute to a reduction in bias and enhance the statistical rigor of the �nd-
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ings. Previous studies have also examined the effects of whistle bans or community horn

bans on accident rates. For instance, Spack [106] and Singhet al.[107] �nd higher accident

risks at quiet zone crossings, especially in high-traf�c areas with limited safety measures.

Zador [108] estimates that gated crossings with horn bans experience a 24.9%–43.4% in-

crease in accidents, aligning with my �ndings. This effect is most pronounced outside

Chicago and Florida, highlighting the risks associated with noise reduction policies in cer-

tain regions.

The structure of the rest of this paper is as follows: section 2.2 provides an overview of

the background and history of train horns and quiet zones in the U.S. The section 2.3 covers

the data source, summary statistics, and descriptive analysis. The section 2.4 outlines the

empirical strategy. Moving forward, the section 2.5 presents the empirical results, while the

section 2.6 examines the heterogeneous treatment effects of quiet zones. The section 2.7

presents a series of robustness checks to validate these �ndings. I present the hedonic es-

timates of quiet zone capitalization in section 2.8, and the section 2.9 provides an in-depth

welfare analysis to contextualize the cost-bene�t dynamics of quiet zones. Following this,

the section 2.10 explores the policy implications arising from the �ndings of this paper.

The concluding remarks are presented in the �nal section 2.11.

2.2 Background

2.2.1 TrainHornRule: HistoryandTimeline

Since the 1970s, the utilization of whistles or locomotive horns has been established in

the united states as a safety precaution, employed when approaching railway crossings or

in emergency scenarios. The guidelines outlined in the Federal Railroad Administration's

Train Horn Rule (49 CFR 222) detail speci�c instructions regarding when, where, and for

how long the train horn should be sounded. These instructions cover various situations,
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such as sounding the horn while traversing a tunnel, emitting it a maximum of one-fourth

of a mile from a crossing when the train speed exceeds 60 miles per hour, and maintaining a

sound level between 96 to 110 decibels—equivalent to the noise produced by a lawnmower

[109]. According to federal regulations, the locomotive train horn must last a minimum of

15 seconds and a maximum of 20 seconds, and it must be sounded when approaching any

public grade crossing.1 In practice, train horns typically follow a standardized pattern: two

long horns followed by one short and another long one, continuing for the duration that the

train occupies the grade crossing [110].

Over the last century, while many U.S. states regulated train whistles, some local com-

munities implemented “whistle bans,” allowing trains to operate without sounding horns

during designated hours. An exempli�cation of this occurred in the late 1980s when the

Federal Railroad Administration (FRA) observed a notable surge in nighttime vehicle-train

collisions at railway crossings along the Florida East Coast Railway (FEC). During this pe-

riod, a nighttime whistle ban from 10 p.m. to 6 a.m. was implemented, accompanied by the

installation of �ashing lights and gates [111]. The Florida Whistle Ban Study, conducted

to assess the impact of this measure, revealed a substantial 195% increase in vehicle-train

collisions during the designated ban hours [112]. While acknowledging the limitations

of the analysis, which focused solely on Florida crossings and may not meet contem-

porary standards for similar studies, the FRA identi�ed the whistle ban as the primary

factor contributing to the increased collisions. Consequently, Emergency Order 15 was is-

sued in 1991, overturning the whistle ban. Zador [108], a consequential nationwide study

demonstrated a 66.8% rise in the risk of vehicle-train collisions at railway grade crossings

equipped solely with �ashing lights and gates but without the sounding of a whistle. In

response to these �ndings, Congress mandated the FRA to establish federal regulations ne-

1Exceptions to this rule include instances where the train speed exceeds 45 miles per hour and is not
within one-quarter mile of the crossing, when the train stops in close proximity to the crossing and resumes
movement after the stop, or when locomotive engineers are unable to accurately estimate the train's arrival
time.
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Figure 2.1: Train Horn Rule Timeline

cessitating trains to sound whistles when approaching any public highway crossings. This

directive also granted the FRA the authority to determine exceptions to this rule, allowing

local communities to establish quiet zones without compromising safety measures.

The “Final Rule on the Use of Locomotive Horns at Highway-Rail Grade Crossings,” ef-

fective June 24, 2005, established federal regulations specifying when and how train horns

must be sounded at public highway-rail crossings. Notably, the rule replaced distance-

based horn requirements with time-based criteria and introduced limits on train horn vol-

ume. Furthermore, the ruling established a structured process through which public agen-

cies could designate and implement quiet zones [111, 113]. Figure 2.1 presents a timeline

of the train horn rule, spanning from Florida's whistle ban in the 1980s to the establishment

of quiet zones in 2005.

2.2.2 QuietZone

Quiet zones exempt crossings from the FRA whistle mandate and require adoption of ad-

ditional safety precautions. For a quiet zone to be established, it must span a minimum

distance of half a mile, encompass at least one public highway-rail grade crossing, and is

exclusively authorized by local governments or public agencies. Furthermore, each grade
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crossing within a quiet zone is mandated to feature warning devices and safety measures,

such as �ashing lights, gates, continuous warning train detection systems, and power-

outage indicators. Additional safety measures, known as Supplemental Safety Measures

(SSMs), may also be required in certain quiet zones, including four-quadrant gates, road-

way channelization, median barriers, one-way roadways with gate(s), and potentially the

permanent closure of nearby public crossings. Locomotive engineers are not legally obli-

gated to sound the whistle in quiet zones, except in emergency situations.2 Additionally, it

is important to highlight that the implementation of quiet zone regulations does not elimi-

nate locomotive bells, leading to the more accurate characterization of quiet zones as “re-

duced train horn areas” [109, 113, 110].

Establishing a quiet zone begins with local or regional outreach to the FRA Crossing

Manager. While residents may express interest, the formal initiation and approval process

must be undertaken by a local public agency. This agency is responsible for identifying

the crossings to include, con�rming access at private crossings, and coordinating with the

FRA and railroad operators—such as CSX—for a diagnostic review. The diagnostic team

typically includes representatives from the public authority, the railroad, the state crossing

safety agency, and FRA grade crossing managers. The public agency then evaluates each

crossing's risk using the Quiet Zone Risk Index (QZRI). A quiet zone can be approved if the

QZRI is less than or equal to either the Risk Index with Horns (RIWH)—the average risk

of comparable crossings with routine horn use—or the National Signi�cant Risk Thresh-

old (NSRT), which re�ects the national average risk level for gated crossings with horns.

Once eligibility is con�rmed, the agency issues a Notice of Intent (NOI) to relevant stake-

holders, including the state Department of Transportation (DOT), and enters a Preliminary

Engineering Agreement with the railroad. It then oversees the installation of Supplemental

Safety Measures (SSMs) and ensures proper signage is installed. The process concludes

2Emergency Situations includes the detection of vehicles, maintenance workers, contractors, or any indi-
viduals on the railway tracks.
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with the submission of a Notice of Establishment, which formally establishes the quiet

zone [109, 113].

Due to the perception of quiet zones primarily as a quality-of-life concern rather than

a safety enhancement, federal funding for these initiatives is constrained. Consequently,

public authorities aiming to implement quiet zones typically bear the �nancial responsibil-

ity for installing Supplemental Safety Measures (SSMs) and Additional Safety Measures

(ASMs). Funding sources for public authorities encompass a range of options, including

but not limited to federal allocations, state or railroad funds, grade crossing incentive funds,

and �nancial support from private investors [114].

Certain local communities have a historical practice of implementing a “whistle ban,”

either formalized through agreements with local or state authorities or informally recog-

nized by the railroad. At these “grandfathered” crossings where whistle bans were in effect

prior to 1994, no speci�c safety measures were implemented to address the absence of

whistle warnings. Post-2005, these communities have the option to transition their whistle

bans into “pre-rule quiet zones” through documentation, granting them a grace period of 5

to 8 years to adhere to quiet zone requirements. Pre-Rule Quiet Zones, established in ac-

cordance with this regulation, may exclusively include crossings previously under Whistle

Bans in effect from October 9, 1996, to December 18, 2003 [110].

As an alternative to quiet zones, communities may adopt wayside horns—�xed warn-

ing devices installed at railroad crossings to alert motorists of approaching trains. Unlike

train-mounted horns, wayside horns emit a directional sound aimed toward road users, sig-

ni�cantly reducing ambient noise exposure. Their volume is set by the local jurisdiction

rather than the railroad, and automated timing controls prevent excessive horn use. Com-

pared to quiet zones, wayside horns are quicker to implement, less costly, and involve fewer
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administrative steps. While they substantially reduce noise pollution, they do not eliminate

it entirely [115].

2.3 Data

This study uses three primary datasets: highway-rail crossing fatal accident data, inter-

censal demographic data, and residential property sales data. The accident dataset consists

of multiple components: quiet zone data, which includes a quiet zone indicator and estab-

lishment dates; railroad crossing data, detailing geographical coordinates for each crossing;

and railroad crossing accident data, which provides speci�cs on accident dates and loca-

tions. The sample covers all recorded railway crossing-level accidents from 1994 to 2023.

While the original accident data is recorded daily, it is aggregated to the yearly level to fa-

cilitate analysis, with the primary outcome of interest being the annual count of accidents.

For a detailed overview of the data cleaning steps undertaken, please refer to the Appendix

section B.2.

Highway-rail grade crossing accident data are extracted from the Of�ce of Railroad

Safety of the Federal Railroad Administration. Important variables from the accident data

include estimated vehicle speed, highway user position, temperature, weather condition,

train speed, user age, user gender, highway user sction (stopped on crossing, did not stop,

went through the gate, etc.), crossing users killed, crossing users injured. Figure 2.2a il-

lustrates accident trends from 1990 onward, showing a downward trend until 2005, when

quiet zones were established, followed by a surge in accidents that then levels off. For a

broader view, accident trends since 1975 are displayed in Figure B.4. Figure B.8 presents

descriptive trends in rail-related accidents across geographic units with varying levels of

quiet zone implementation. Panel (a) shows annual accident counts from 1990 to 2019 for

the ten largest U.S. cities, including Chicago, New York City, and Los Angeles. Panel (b)
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shifts focus to the county level, where counties with at least one quiet zone are grouped

into quartiles based on their quiet zone intensity. Annual accident totals are then aggre-

gated within each quartile group. The �gure reveals a clear gradient: the group of counties

with the highest quiet zone intensity (i.e., the top quartile) shows a steeper decline in acci-

dent counts through the 2000s compared to other groups, which may re�ect the early and

more widespread implementation of quiet zones in those counties. However, after 2010,

this group also shows a notable increase in accident counts, even exceeding the levels ob-

served in lower-intensity groups. Together, these panels offer an exploratory overview of

how accident trends evolve across places with different levels of quiet zone coverage.

The dataset related to quiet zones is sourced from the Federal Railroad Administration

(FRA) subsequent to the submission of a Freedom of Information Act (FOIA) request.3

This dataset includes detailed information on each railroad crossing, such as unique iden-

ti�ers, quiet zone designations, whistle ban establishment dates, geographic coordinates

(latitude and longitude), operational status (open or closed), and other relevant attributes.

Figure 2.3 displays the geographic distribution of quiet zone establishments at U.S. railway

crossings from 2005 to 2019. Additionally, Figure B.1 presents side-by-side maps showing

county-level concentrations of total railway crossing accidents and quiet zones, offering

a visual comparison of their spatial distribution. The trend in quiet zone establishment is

shown in Figure 2.4, highlighting a peak in 2005, followed by a signi�cant decline in sub-

sequent years. Throughout this paper, I refer to those established in 2005 as “grandfathered

quiet zones” and those established later as “non-grandfathered” quiet zones. See Figure B.5

for quiet zone establishment trends only after 2005. Figure B.6 and Figure B.7 display ker-

nel density plots of accidents at quiet zone and non-quiet zone crossings on a monthly and

yearly basis, respectively, providing a comparative view of accident distributions across

treatment and control groups.

3FOIA-23-00084
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(a) Monthly Fatalities at Railway Crossings From 1990 to 2019

(b) Annual Fatalities at Railway Crossings (1990–2019), Indexed to 2005

Figure 2.2: Panel (a) presents monthly fatalities at railway crossings from 1990 to 2019,
smoothed using the Holt–Winters seasonal adjustment method to account for seasonality
in fatal accident trends. Panel (b) displays the total number of annual railway crossing fa-
talities, indexed to the year 2005—the year the federal Quiet Zone Rule was implemented.
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