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Abstract: This paper evaluates the implicit cost of train derailments involving 

hazardous materials using property values as a metric. We estimate the effect of 33 

derailments on property values in New York State between 2004 and 2013. 

Employing a difference-in-differences (DiD) strategy, we find that, on average, a 

derailment depreciates housing values by 5% to 7% for properties within one mile 

of derailment sites. The prices of affected properties return to pre-accident levels 

after 480 days. In addition, we find that the impacts of derailments on property 

values are limited to the local area. These results provide empirical evidence for 

evaluating transportation alternatives and policy options in the current era of U.S. 

energy transformation resulting in substantial increases in the rail shipment of fuels.  
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From a transportation safety policy perspective, there has long been an interest in 

investigating the economic costs of accidents associated with the transportation of 

hazardous materials. These accidents can result in severe consequences 

characterized by human health risks, property loss, evacuation, environmental 

degradation, and traffic disruption (Erkut, Tjandra, and Verter 2007). Rail, water, 

pipelines, and highways are the four major modes of transportation of hazardous 

materials (i.e., “hazmat”) in the United States; the first three modes combined 

account for about half of the total national hazmat shipment volume.2 In contrast to 

water transportation and pipelines, rail has received relatively little attention from 

previous economic cost studies, partly because it historically accounts for only a 

small portion of hazmat transportation. However, attention is shifting to this 

important transportation mode due to the unprecedented development of domestic 

energy production in recent years (NASE&M 2017). This paper contributes to the 

emergent literature on the external costs of rail transportation and provides the first 

(to our knowledge) evaluation of the implicit cost of railroad accidents involving 

hazardous materials on local community using property values as a metric. 

Starting in 2005, the United States began experiencing an energy 

transformation with substantial increases in the domestic production of crude oil, 

fuel ethanol, and natural gas liquids. Take crude oil as an example—the limited 

takeaway capacity of traditional pipeline channels to transport the newly found 

production, mainly from the interior of the country to coastal areas, has forced 

producers to turn to rail (NASE&M 2017).3 From 2010 until the end of 2014, crude 

 
2 Data comes from 2012 U.S. Commodity Flow Survey, Hazardous Materials, table 1c, Hazardous Material Shipment 
Characteristics by Mode of Transportation for the United States: Percentage of Total for 2012 and 2007. Truck accounts for 
the rest of total hazmat transportation in the country. 
3 In the United States, about two-thirds of approximately 350,000 tank cars are for hazardous materials transportation 
(NASE&M 2017). As for liquid fuels, rail accounts for more than 65% of the country’s ethanol transportation; it also shipped 
about 30% of biodiesel within the country between 2011 and 2015. During 2010 and 2014, it moved up to 10% of total 
domestic crude oil production from the Midwest to the East Coast when domestic crude oil production exceeded pipeline 
takeaway capacity.  
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oil shipment by railroad in the United States grew from essentially nothing to more 

than 750,000 barrels per day (bpd). At its peak, rail movement of crude oil reached 

more than 10% of total U.S. domestic production (Covert and Kellogg 2017).4 This 

recent increase in fuel shipments, often through rail routes and communities with 

little previous experience with hazardous materials traffic, has galvanized concerns 

about safety issues and raised attention to the associated costs of rail accidents.  

The most tragic realization of the potential safety risk due to recent 

increases in the rail shipment of oil and gas occurred in Canada at Lac-Megantic, 

Quebec, on July 6, 2013. An oil train derailed, resulting in fire and explosions that 

killed 47 people and destroyed 30 buildings (Austen 2013). In our New York State 

study area and associated dataset, there have been a number of notable derailment 

accidents. For example, on March 12, 2007, a train consisting of three locomotives 

and 78 cars derailed and caused an explosion and fire near Oneida, New York. 

Among the 29 cars derailed, six tank cars breached, including four carrying 

liquefied petroleum gas, one carrying toluene, and one carrying ferric chloride. Two 

elementary schools were closed, and residents within one mile were evacuated. The 

National Transportation Safety Board (NTSB) estimated the total damages and 

cleanup costs to be about $6.73 million (NTSB 2008). Even relatively less 

disastrous accidents can be costly to both the rail freight industry and communities 

where they occur, as accidents may trigger an emergency response such as an 

evacuation, or serve to convey an overall signal of a safety risk in the community 

(NASE&M 2017). For instance, on November 11, 2011, two railroad cars, one 

carrying 18,000 gallons of fuel, derailed near Syracuse, New York, which caused 

at least 60 families to be evacuated (John Mariani 2011).  

 
4 The total volume of crude-by-rail from the Midwest to East Coast declined after 2014 once the price spread between 
domestic and imported crude oil narrowed. However, crude oil carried by rail from the Midwest to the East Coast (176,000 
bpd in total) accounted for 45% of the total crude oil moved by rail within the United States in May 2016 (U.S. EIA 2016). 
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During the past few years, policymakers have been investigating more 

stringent and effective regulations,5 as well as alternative transportation modes, to 

improve the safe rail transportation of hazardous materials. In order to weigh these 

alternatives, a comprehensive understanding of the costs of railroad accidents 

involving hazardous materials is essential. Mason (2018) offers strong evidence for 

the positive correlation between the usage of rail for crude oil and rail accidents. 

He suggests an expected marginal impact of about $2,000 per 1,000 rail cars 

carrying oil across states. However, this cost estimation mostly only includes direct 

costs, such as capital damage and direct damage to nearby property owners, and 

leaves out the implicit costs of rail transportation. Our paper contributes to the 

literature by evaluating the implicit cost of railroad accidents from depreciating the 

values of affected residential properties, and provides insights into the welfare 

estimation of local communities for policy analysis. Specifically, our study focuses 

on derailments since they cause widespread impacts and can trigger emergency 

responses such as evacuations.6  

The derailment shock on property values comes from two sources—

derailment may cause changes in amenity near the property and reduce the 

functionality of a property and information about a derailment, even if it does not 

cause material damage, would intensify the concerns of safety risks and depress 

homebuyers’ willingness-to-pay.7 We attempt to capture this exogenous impact at 

 
5 After the Lac-Megantic derailment, the Federal Rail Administration (FRA) and Pipeline and Hazardous Materials Safety 
Administration (PHMSA) along with Transport Canada (TC) initiated a comprehensive review of safety requirements for 
energy related hazmat transportation by rail (Frittelli et al. 2014). The two derailments in New York State mentioned earlier 
prompted U.S. Senator Charles E. Schumer to urge the Federal Department of Transportation (DOT) to carry out a 
corresponding increase in safety measures for New York freight rail. In 2015, the House of Representatives passed the Fixing 
America’s Surface Transportation (FAST) Act, which directs DOT to issue several regulations to ensure the safe 
transportation of flammable liquids by rail. One of the regulations is to phase out the more accident-prone DOT-111 tank 
cars and deploy a new and safer DOT-117 cars by 2029. 
6 See Clay et al. (2017) for another type of external cost from the release of greenhouse gases by freight locomotives. 
7 Previous research has shown that information shock can depress property values. See airport noise disclosure (Pope 2008a), 
sex offender disclosure (Pope 2008c; Linden and Rockoff 2008), flood zone changes (Pope 2008b; Gallagher 2014), 
information of hurricane (Hallstrom and Smith 2005), and nuclear accident (Tanaka and Zabel 2018) as examples. 
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local and regional levels. First, as to the local impact, property value can be 

influenced by changes of amenity and housing functionality and increased 

awareness of safety risks. While property owners near the accident site may have 

been aware of the potential risk of rail accidents, a recent accident may cause them 

to update their previous belief. This is especially relevant given the recent crude-

by-rail phenomenon. Second, a high-profile accident has the potential to cause 

economic agents in a broader geographical area to reevaluate the risk associated 

with living close to railroads, resulting in a regional impact.  

We use rail accident data from the National Response Center (NRC) Spills 

and Accidents Database. The database contains all reported accidents involving 

releases of hazardous substances in the nation. We identify 33 derailment events 

that occurred between 2004 and 2013 in New York State (excluding the New York 

City and Long Island regions), and use about 373,000 property transactions within 

five miles on both sides of railroad in the state to separately quantify the derailment 

shock on property values at local and regional scales, respectively. 

We first use a local polynomial regression to gauge the spatial and temporal 

extents of local derailment shock to property values. Results suggest that, in 

general, a derailment negatively affects the average values of nearby properties up 

to one mile of the derailment site. Moreover, the derailment causes an immediate 

but temporary shock to nearby property values—housing price rebounds to the pre-

derailment level after approximately 480 days. There are at least two possible 

explanations for the housing price fluctuation after the occurrence of a derailment. 

First, the recovery of property values may indicate that people regain confidence in 

the management of safety issues afterward and show satisfaction with the clean-up 

effort. Second, the effect of a recent derailment on the expectations of a future 

derailment in the same location vanishes after 480 days as economic agents begin 

to ignore the event in their decision-making. The later explanation is consistent with 
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economic agents’ learning behaviors regarding flood risk and nuclear risk 

(Gallagher 2014; Tanaka and Zabel 2018).  

We then employ a difference-in-differences (DiD) model to formally 

estimate the derailment shock on property values on the local scale. Informed by 

the results of local polynomial regressions, the DiD model uses transactions within 

one mile of a derailment site as a treatment while using transactions further away 

from the derailment site but still close to railroads as a control. This design 

maximizes the comparability of treatment and control groups. Compared to a 

simple hedonic model, the DiD model effectively dampens omitted variable bias, 

such as the impact of local shipping volumes. We control for other kinds of rail 

accidents and location-specific temporal trends. Our results indicate that, in 

general, derailments cause property values within one mile to decrease by roughly 

5%–7%, holding other factors constant. We also perform several robustness and 

falsification checks to validate our findings. 

As to the regional impact of derailment shocks, we use a similar framework 

for measuring local impact. Specifically, we first identify five derailments 

involving fatalities, injuries, evacuations, or property damage as high impact 

accidents based on attributes in the NRC dataset.8 We perform the same local 

polynomial regression analysis on those five high-impact accidents using 

transactions within five miles of railroads in the entire study area. In the DiD 

analysis, we define all transacted properties within one mile of both sides of the 

railroad as treatment group while those within one to two miles of both sides of 

railroads as the control group. We run the DiD model on each high-impact 

derailment individually at various geographical levels (e.g., county, metropolitan 

statistical area (MSA), and state level). We do not find any significant regional 

impacts of high-profile derailments on near-railroad properties. Therefore, our 

 
8 The previously mentioned two derailment events occurred at Oneida and Syracuse in 2007 and 2011 are included. 
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results imply that impacts of derailments on property values are limited to the local 

area.  

The remainder of the paper proceeds as follows. Section I describes our 

dataset and study area. Section II introduces our analysis and results on determining 

the spatial and temporal extent of the local effect. Section III gives a detailed 

description of the DiD identification strategies and discussion of the analysis of 

local effects. Section IV is a discussion on the analysis of regional impact. Finally, 

section V provides our discussion on this study and concludes.  

I. Data 

A. Rail Accident Data 

We collect railroad accident data involving spills of hazardous materials from the 

National Response Center (NRC)’s spill and accidents database.9 The NRC is a part 

of the federally established National Response System and is the sole national point 

of contact for reporting all oil, chemical, radiological, and biological discharges 

into the environment, anywhere in the United States and its territories. The NRC 

spill and accident data have been used in previous research to analyze accidental 

releases of hazardous substances (Chakraborty et al. 2014; Grineski et al. 2017). To 

match accidents to available property transaction data, the railroad accident data we 

queried were from 2004–2013, covering all counties of New York State except for 

the New York City and Long Island regions. 

The NRC database is generated from reported accidents for a variety of 

hazards such as chemical spills, oil spills, and transportation accidents with releases 

 
9 The NRC spill and accidents database was previously the Emergency Response Notification System (ERNS) database. The 
database includes all accidents reported to the NRC. These accidents include chemical spills, accidents involving chemicals 
(such as fires or explosions), oil spills, transportation accidents that involve oil or chemicals, releases of radioactive materials, 
sightings of oil sheens on bodies of water, terrorist accidents involving chemicals, accidents where illegally dumped 
chemicals have been found, and drills intended to prepare responders to handle these kinds of accidents. The dataset can be 
found at the U.S. Coast Guard website: http://www.nrc.uscg.mil/ 

http://www.nrc.uscg.mil/
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of hazardous substances. Unfortunately, there is no information in the dataset on 

the specific kinds of spilled hazardous materials. The locations of railroad accidents 

are geocoded with street address, or place name if a street address is not available. 

After removing duplicate accident records based on matched addresses and date of 

accidents, we identify 404 accidents in total. The most common kind of accident is 

equipment failure (145), followed by derailment (47) and operator error (23).  

Among the different kinds of accidents, derailment is the most serious and 

salient type of accident and is expected to have the highest impact on housing 

values. We, therefore, focus on the impacts of derailments on residential property 

values in this analysis while controlling for any other accidents. The geographical 

coverage and location of derailments are shown in Figure 1. 

[Insert Figure 1 Here] 

 

In total, there are 39 derailments within our study area and period. We drop six 

derailments with no nearby transaction before or after derailment, which leaves us 

with 33 derailments. 10  Figure 2 shows the distribution of the remaining 33 

derailment records by year.  

[Insert Figure 2 Here] 

 

 
10 We describe our DiD design in Section III where we provide details on the definition of our treatment and control groups 
and how we link property transaction to derailment.  
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B. Property Transaction Data 

We collected property transaction data from 2004 to 2013 from the New York State 

Office of Real Property Taxation Services. The Euclidean distances between each 

transacted parcel to the nearest facilities, such as public schools, hospitals, 

population centers, and to nearest railroad, are calculated in ArcGIS.11 For better 

comparability, we only use transactions of single-family property. Transactions are 

screened using the following procedure: first, we remove transactions with number 

of bedrooms less than one, number of stories less than one, living areas less than 

100 square feet, and with missing values for structural characteristics. Second, we 

remove transactions with sales prices lower than $10,000 or flagged non-arms-

length transactions. Finally, we drop transaction data with unidentified or 

incomplete addresses. Using this procedure, we obtain approximately 430,000 

transactions, of which about 373,000 property transactions are within five miles on 

either side of a railroad. In the following sections, we further tailor the transactions 

as appropriate for different analyses. 

All transaction data are deflated to the base year 2004 using the quarterly 

house price index (HPI) constructed by the Federal Housing Finance Agency. There 

are 14 metropolitan statistical areas (MSAs) in New York State. Specific HPI for 

major MSAs, if available, are used, otherwise, the HPI for non-metropolitan New 

York State is used.  

 

II. Determining the Spatial and Temporal Extents of Derailment Shock 
 

To quantify the impacts of derailments on nearby property values, we first need to 

know the spatial and temporal extents of derailment shocks. Given that the effect 

 
11 GIS layer of major facilities and railroad are collected from New York GIS Clearinghouse. More details can be found at: 
https://gis.ny.gov/ 

https://gis.ny.gov/
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of accidents may decrease over time and distance, mistakenly using impacted areas 

that are too large, or impacted periods that are too long, may cause transactions that 

are not affected by the accidents to be included. Similarly, arbitrarily selecting the 

time and spatial extents that are too small will unnecessarily exclude observations. 

In general, incorrectly specifying the spatial and temporal extents of derailment 

shock would result in under-estimation of the true derailment shock. 

We measure the spatial and temporal extents of derailment shock using a 

local linear polynomial estimator.12 Similar to Haninger, Ma, and Timmins (2017), 

we apply a two-step analysis to describe the adjusted property values before and 

after the occurrence of a derailment with respect to distance and time. For the local 

impact, we focus on approximately 88,000 transactions within five miles of the 33 

derailment sites. All of those transactions occurred within about three years (i.e., 

1000 days) before and after derailments. In the first step, we estimate a price 

function with controls for observable housing attributes, locational features, and 

spatial-temporal fixed effects: 

 (1)     𝑙𝑙𝑙𝑙(𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃)𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛼𝛼 + 𝛿𝛿𝑖𝑖 + 𝛿𝛿𝑦𝑦 + 𝛽𝛽𝑋𝑋𝑖𝑖𝑖𝑖 + 𝜆𝜆𝐿𝐿𝑖𝑖𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖  , 

 

where 𝑃𝑃 denotes individual transactions, 𝑗𝑗 denotes the spatial fixed effect level (i.e., 

block group), and 𝑡𝑡 denotes the time when a transaction occured. The spatial and 

temporal fixed effects (i.e., sale month and year) are denoted by 𝛿𝛿𝑖𝑖  and 𝛿𝛿𝑦𝑦 

respectively. 𝑋𝑋  is a vector of property characteristics, such as the number of 

bedrooms, number of bathrooms, and square footage of a house while 𝐿𝐿 stands for 

 
12 The local linear polynomial estimator was first proposed by Fan and Gijbels (1996). This method has been widely used 
to explore the extent of exogenous shocks on property values (e.g., Linden and Rockoff 2008; Haninger, Ma, and Timmins 
2017; Tanaka and Zabel 2018). In this study, we use the Epanechnikov kernel function for calculating the local polynomial 
estimate. The bandwidth for the kernel function is obtained based on the Silverman’s Rule of Thumb, which is the optimal 
constant bandwidth that minimizes the conditional weighted mean integrated squared error. Specifically, the bandwidth for 
distance gradient is about 690 meters while it is about 40 days for the time gradient. 
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a series of variables of locational features, such as distance to nearest school, 

hospital, population center, etc. Lastly, 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖 is the price residual. 

In the second step, the estimated price residual (i.e., adjusted housing 

price), 𝜀𝜀�̂�𝑖𝑖𝑖𝑖𝑖, is used to recover the price gradient by distance (or time) based on a 

bivariate local polynomial estimator. The local polynomial estimator is equivalent 

to a weighted linear regression with weights calculated based on the chosen kernel 

function and bandwidth. One advantage of using the local polynomial estimator is 

that we do not need to make assumptions on the functional form of the adjusted 

price function with respect to distance and time. The adjusted price gradient in 

terms of distance and time can help us determine the spatial and temporal extents 

of derailment shocks.  

Figure 3 shows the adjusted price as a function of distance (in all directions) 

before and after derailments. Since we have partitioned out variations inherent in 

housing price due to observable housing characteristics and locational features, the 

significant difference between property values before and after the derailment can 

be attributed to derailment shocks. The results suggest that price difference is 

statistically significant among houses within approximately 1650 meters (i.e., about 

one mile) of derailment sites. Interestingly, the one-mile cut-off coincides with the 

limit of the evacuation zone defined in the emergency response requirements by the 

Federal Rail Administration (FRA). 13  

[Insert Figure 3 Here] 

 

 
13 FRA defines the initial downwind evacuation zone as greater than one half-mile in cases of large spills involving 
petroleum, gases, and liquefied hazardous materials. When rail car is involved in a fire, the evacuation zone increases to one 
mile in all directions (FRA 2015). 



Rail Accidents and Property Values  Working Paper 

11 
 

As shown in Figure 3, the housing prices of properties located further away 

from derailment sites (i.e., greater than one mile) are similar. Those properties can 

thus be used as the control group in a DiD design to reveal the true derailment shock 

on property values nearby. Properties in this control group serve as counterfactual 

to those in the treatment group (i.e., within one mile) as if they would not have been 

affected by a derailment.  

Figure 4 shows the price gradient of time relative to the date of derailment 

occurrence. This graph shows the price gradient of two transaction groups: 

properties within one mile (orange line) and those within one to two miles of 

derailment sites (green line). Property values within one mile plummet after 

derailments while housing prices of those further away (i.e., within one to two 

miles) experience no significant disturbance over time. This graph also suggests 

that derailment shock on property values is not permanent—property values close 

to the derailment site rebound to normal levels after approximately 480 days. In 

addition to measuring the temporal extent of the derailment shock, the close 

similarity of the two trends before accidents and the sharp drop in affected 

properties immediately after the accidents are evidence for the causal relationship 

between derailment occurrence and property values nearby. 

[Insert Figure 4 Here] 

 

III. Difference-in-Differences (DiD) Methodology and Local Impact 

A. Research Design 

In this section, we formally estimate the size of the derailment shock on nearby 

property values (i.e., the local impact) by using a DiD design. The identification of 

the treatment and control groups is informed by the results of the local polynomial 
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regressions described above. We first define properties within one mile of both 

sides of railroads as “near-railroad properties.” Near-railroad properties are those 

that would be potentially affected by a derailment. Moreover, buyers’ bidding for 

two similar near-railroad properties within a small area should be homogeneous, 

especially considering that those two near-railroad properties experience similar 

negative impacts from being close to the railroad itself, such as noise (Brons et al. 

2003; Strand and Vågnes 2001). Therefore, in this analysis, we use two groups of 

near-railroad properties that are adjacent to each other to define the control and 

treatment groups in order to achieve the highest comparability.  

Specifically, the treatment group includes all property transactions within a 

one-mile radius from the derailment sites (dark shaded area in Figure 5). The 

control group includes property transactions between one and two miles from the 

derailment sites and within one-mile from railroads (light shaded area in Figure 5). 

We further define pre- (post-) derailment periods as 480 days before (after) the 

derailment accidents, which is based on local polynomial regressions results in 

Figure 4.14 Therefore, we obtain four groups for DiD analysis: (a) pre-derailment 

control group; (b) post-derailment control group; (c) pre-derailment treatment 

group; and, (d) post-derailment treatment group.  

[Insert Figure 5 Here] 

 

In total, we have 4,472 observations for control groups and 1,629 

observations for treatment groups. Table 1 shows the summary statistics of all 

 
14 A complication arises when two or more derailments occur within a short span of time in the same area. In this analysis, 
if a transaction is within the treatment area of a derailment within 480 days after the accident, it will not be used in a pre-
derailment group (treatment or control) of derailments afterwards. Moreover, transactions within one miles from and 480 
days after two or more consecutive derailments are dropped all together since the property values may be affected by multiple 
derailment shocks. This process removes 374 observations in total. 
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characteristics of transactions for this analysis.15 The average property value in the 

pooled dataset is about $87,000. The average house is 70 years old, with three 

bedrooms, one full bathroom, one kitchen, and 1352 square feet of living area. 

Structural characteristics of properties in the treatment and control groups are 

similar.  

 

[Insert Table 1 Here] 

Although our transaction dataset is very comprehensive, we still cannot 

ensure a balance of observations in each of the four DiD groups for every 

derailment. Of the 33 derailments, 18 derailments have fewer than ten transactions 

in one of their four DiD observation groups. We perform t-tests on the number of 

observations in control groups and treatment groups separately to examine the 

hypothesis that derailments can trigger a decline in the frequency of transactions. 

Results of the t-tests suggest that there is no significant difference in the number of 

transactions of both control and treatment groups before and after the derailment. 

Thus, we maintain all 33 derailments for our analysis since every transaction linked 

to each derailment carries information about the derailment shock that should not 

be ignored. 16 

B. Model Specification 

An advantage of a DiD model for this analysis is that it can address the omitted 

variable bias that cannot be controlled by spatial and temporal fixed effects. For 

 
15 See Appendix Table A1 for detailed summary statistics of transactions of each DiD groups. 
16 When considering whether or not to remove derailments with fewer linked transactions there is a trade-off between 
bringing more noise into the analysis versus increasing selection bias. Actually, the model estimations on observations 
removed are very similar. We maintain all observations to dampen selection bias. The number of observations associated 
with each derailment event is shown in Appendix Table A2. 
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example, shipment volume may be positively correlated with derailments and at the 

same time give rise to other disamenities such as noise and vibration. In the case 

that shipment volume does change (decrease or increase) after a derailment, our 

design of the DiD framework (i.e., definition of treatment and control groups) 

dictates that all properties associated with the derailment in both treatment and 

control groups will experience the same temporal trend; any effect associated with 

the changes of shipment will be netted out. The DiD model is specified as below: 

 

(2) ln(𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃)𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛼𝛼 + 𝛿𝛿𝑖𝑖 + 𝛿𝛿𝑦𝑦 + 𝛿𝛿𝑖𝑖 + 𝛽𝛽1𝑇𝑇𝑖𝑖𝑖𝑖 + 𝛽𝛽2𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛾𝛾�𝑇𝑇𝑖𝑖𝑖𝑖 ∙ 𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖� +

𝜅𝜅𝑂𝑂𝑡𝑡ℎ𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 + 𝜆𝜆𝑋𝑋𝑖𝑖𝑖𝑖 +  𝜙𝜙𝑖𝑖 × 𝑡𝑡 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 

 

where ln(𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃)𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 is the log of the price of house 𝑃𝑃 associated with derailment 𝑃𝑃 in 

location 𝑗𝑗 at time 𝑡𝑡. The spatial (e.g., census tract) and temporal fixed effects (i.e., 

sale month and year) are denoted by 𝛿𝛿𝑖𝑖  and 𝛿𝛿𝑦𝑦  respectively. The model also 

includes derailment fixed effects term 𝛿𝛿𝑖𝑖 . 𝑇𝑇  (i.e., Treatment) is a dummy that 

equals one if a transaction is in the treatment group (within one mile of derailment); 

𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡 is a dummy for whether or not a transaction occurred within 480 days after a 

derailment. The coefficient 𝛾𝛾 for the interaction between 𝑇𝑇 and 𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡 is the DiD 

estimators for the derailment shock on property values. In addition, 𝑂𝑂𝑡𝑡ℎ𝑃𝑃𝑃𝑃 is a 

dummy indicating whether or not any other accidents, other than derailments, 

occurred within one mile and 480 days before a transaction. 𝑋𝑋  is a vector of 

property characteristics, including structural characteristics and neighborhood 

features.  

In our main analysis, the DiD samples include 6,101 transactions coming 

from 15 counties. Properties associated with those 33 derailments may experience 

different temporal trends during our study timeframe that are potentially correlated 

with the occurrence of derailments. A downward or upward temporal trend of 
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property values may mask any effects of the derailment shock. In order to control 

for the diverse local temporal trends, we introduce the derailment site-specific time 

trend control (𝜙𝜙𝑖𝑖 × 𝑡𝑡).17 Finally, the error terms are clustered at the spatial fixed-

effect level in each model (Bertrand, Duflo, and Mullainathan 2004).  

C. DiD Results of Local Impact 

Table 2 presents the results of our DiD model of local impact. In general, models 

in Table 2 incorporate all variables specified in equation (2) and use 6,101 

observations of the four DiD groups. Model 1 does not include any spatial fixed 

effects terms; model 2 includes the derailment fixed effects. In addition to the 

derailment fixed effects, models 3 and 4 include spatial fixed effects at census tracts 

and block group levels. Based on model 4, the last two models further include a 

specific temporal trend at derailment and county levels, respectively. The 

coefficient of interaction term of Post (480 days after derailment) and Treatment 

(within one-mile radius of derailment site) variables measure the derailment shock. 

All DiD models consistently suggest a negative and statistically significant impact 

of derailment on property values. The size of the estimated derailment effect 

slightly changes at different fixed-effect levels (Table 2, columns 1 to 4), ranging 

from about 5% to 7%. 

[Insert Table 2 Here] 

Adding a temporal-specific trend, either at derailment level or county level, 

does not change the estimate of the derailment shock significantly, suggesting that 

location-specific trends have been netted out by the DiD design. The coefficient for 

 
17 We enter the monthly time trend into the model. Using this fine-grained monthly trend can help to capture the potential 

seasonal fluctuation of housing market. We also use the county specific trend term as a robustness check. See results in Table 
4 for more details. 
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the Other variable is negative but statistically insignificant in all models. This result 

implies that our analysis fails to find evidence to prove other accidents that are 

unlikely to be observed by property owners and buyers have impact on the property 

values. 

In addition, we find, consistently, that proximity to railroads is correlated 

with lower property values, although we are not able to make any causative 

conclusions since no new rail lines were built during our sample period. This result 

is consistent with previous studies focusing on impacts of railroads on property 

values (Strand and Vågnes 2001; Kawamura and Mahajan 2005). 

D. Robustness Checks and Falsification Tests 

We perform two additional analyses to evaluate the robustness and credibility of 

our DiD design. First, we examine the validity of our choice of control group. One 

concern about the control group—near-railroad properties within one to two miles 

of a derailment site—is that it may still be affected by derailments in two ways. 

First, the negative derailment shock may extend to properties further than one mile 

away. Second, equilibrium effects may drive residents to move from the treated 

area to the control area, increasing property value in the latter. Both scenarios 

violate the assumption on the control group in a DiD design. Although we did not 

observe these two effects using the local polynomial regression, we conduct 

robustness checks to be cautious. 

Specifically, we re-run our preferred model (model 5 in Table 2) twice and 

use current treatment and control groups as the “treatment” groups respectively. As 

to the control group, we use near-railroad properties within four to five miles of 

derailment sites for both regressions. If our current control group serves as a valid 

comparison, one would not expect any significant difference between property 

values within one to two miles and those within four to five miles. Table 3 shows 
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that, compared to properties roughly four to five miles away from the derailment 

site, property values within one mile of derailment site received a negative 

derailment shock while properties within one to two miles did not. 

[Insert Table 3 Here] 

Another concern about the hedonic price model using repeated cross-

sectional data is that the model may be confounded by the timing of the boom-bust 

cycle in the housing market (Kuminoff and Pope 2013). Homebuyers’ preferences 

on housing attributes and perceptions on derailment may change over time, which 

would shift the hedonic price function. Moreover, physical housing attributes may 

be correlated with derailment locations, and marginal effects of both may be 

changing over time. In the second robustness check, we test if our estimation on 

derailment shock is confounded with evolving preferences for housing attributes 

and amenities. To this end, we re-run our preferred model and allow the coefficients 

of all housing attributes and locational amenities (e.g., distance to school) to evolve 

by year. Results of model 3 in Table 3 suggest the same effect of derailment shock 

on property values as our main results show. 

[Insert Table 4 Here] 

As a falsification test, we move the derailment occurrence date (D)180, 365, 

and 480 days before the actual date of derailment occurrence, and re-estimate the 

derailment shock using model 5 in Table 2 with derailment specific temporal trend. 

In each model, we remove any transactions that were actually impacted by 

derailments. That is, we only use transactions that occurred D days before and after 

the hypothetical derailment date for analysis. Since these are hypothetical 

derailment dates other than the actual derailment events, property values should not 

change significantly before and after those dates. Table 4 shows that no significant 
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derailment shock is found based on these derailments with hypothetical dates. The 

results provide evidence based on parametric analysis for the validity of our DiD 

design, which echoes the graphical evidence from the local polynomial regression 

analysis. 

IV. Regional Impact 

When it comes to deciding to buy a near-railroad property, homebuyers make their 

housing purchase decisions based on their perceived risks on derailments, in 

addition to other factors. When a high-profile derailment occurs, people may update 

their perception (Hertwig et al. 2004), and the derailment shock could potentially 

ripple beyond the vicinity of the derailment site. The DiD model used to study local 

impact is unable to capture the wider effect of derailment since all property values 

along railroads can potentially decline after the occurrence of a high-profile 

derailment. 

In this section, we examine whether derailments can have a wider impact 

(i.e., the regional impact). To this end, we focus on five derailments involving 

fatalities, injuries, evacuations, or property damage. We identified those five 

derailments as high-impact accidents based on attributes in the NRC dataset, as 

others have done (Chakraborty et al. 2014). Similar to the previous analysis, we 

first use the two-step method to measure adjusted price as functions of distance 

between property and railroad and on transaction time relative to derailment 

occurrence. We expand the transaction samples to include all properties transacted 

480 days before and after derailment within five miles along both sides of all 

railroads in our study area. However, we do not find any significant difference in 

property values before and after the five high-impact derailments based on distance 

(Appendix Figure A1) and time (Appendix Figure A2). 

[Insert Table 5 Here] 
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Furthermore, we perform a DiD analysis based on all transacted properties 

along railroads to measure regional impacts of each high-impact derailment 

individually. The DiD model includes spatial (i.e., block group) and temporal (sale 

year and month) fixed effects as well as county specific linear trends. Different 

from the DiD models for local impact, we now define all transacted properties 

within one mile of both sides of railroads as the treatment group while those within 

one to two miles of both sides of railroads as the control group. We extend the 

boundary of the treatment group in order to maximize the capacity of the DiD 

model to capture the wider impact. Table 5 presents the regression results. 

Estimations of the derailment shock (regional impact) of all five derailments are 

negligible considering the effect size and statistical significance. We then limit the 

transaction sample to the specific county and MSA where the derailments 

occurred.18 We are not able to find any significant results in terms of regional 

derailment impacts in these alternative specifications as well.  

V. Discussion and Conclusion 

Since 2005, the increased exploitation of unconventional oil sources in North 

America has led to dramatic increases in the shipments of crude petroleum (in 

particular) from the U.S. heartland to coastal regions. Given the heretofore limited 

takeaway capacity of traditional pipeline channels to transport this newly found 

production, railroads have stepped in as a suitable alternative form of transportation 

to provide much needed additional takeaway capacities. However, this increased 

hazardous material rail traffic, often through communities with little associated 

previous experience with such materials, and greatly elevated concerns about safety 

as well as other direct and indirect costs of potential rail accidents. This paper 

 
18 Results of those regressions are available upon requests. 
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provides evidence on the implicit costs to nearby communities of rail shipments of 

hazmats. In particular, we concentrate on estimating the housing value depreciation 

caused by train derailments. While our analysis is not specific to accidents 

involving crude oil or other petrochemical transportation exclusively, it is still 

pertinent in the context of continued relatively high levels of oil shipments by rail. 

Our analysis provides several important findings. First, we find that, on 

average, a derailment negatively impacts housing values by 5% to 7%, and this 

effect is geographically limited to the area within one mile of the derailment site. 

The price drop may be related to the lingering community disruption caused by any 

sustained damage or the related clean-up activities. In the short run, more houses 

may be listed to sell after the derailment as sellers intend to move out of the 

perceived riskier area while potential buyers become less interested in those houses 

near derailment sites. Our research design restricts the transaction samples to those 

that occurred within three years (480 days before and after derailment) of each 

derailment event. With the passage of time, the shape of market-clearing price 

function will change as the result of exogenous shocks on amenity and changes in 

people’s preferences, income, and technology (Kuminoff and Pope 2014). Since 

the ex ante and ex post hedonic price functions are much likely to be different 

within the three year period, the shifting of hedonic price gradient impedes the 

direct interpretation of the estimated effects into marginal willingness to pay 

(MWTP).19 Therefore, the estimated negative effect of the derailment shock on 

property values is the “capitalization effect,” rather than a direct estimation on 

people’s marginal willingness to pay MWTP for mitigating derailment risks.  

In order to gauge the potential benefits (i.e., housing costs avoided) 

associated with mitigating derailment risks in a cost-benefit analysis schema, we, 

like other previous research (Chay and Greenstone 2005), assume that housing 

 
19 See Banzhaf (2015) for a detailed graphical illustration on this point. 
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buyers’ preferences are homogeneous and linear with respect to derailment risks. 20 

In this scenario, the calculation of willingness to pay (WTP) is straightforward. The 

mean value of the 856 properties in the treatment group is $69,077 (in 2004 dollars), 

prior to derailments. The aggregate value of property values is thus $59,129,912 (in 

2004 dollars). Multiplying by the derailment shock of 5.0% yields an estimate of 

the aggregate decrease in housing value of approximately $3,000,000 (in 2004 

dollars). This represents an average cost of $90,000 (in 2004 dollars) per 

derailment. Since this calculation is based on properties transacted during the 480 

days after derailment only and it does not account for any adjustments made by 

housing buyers and sellers after the derailment, our measure of WTP for mitigating 

derailment risks tends to understate the true welfare gain (Bartik 1988).  

Another significant finding of this study is that the impact of a derailment 

on nearby property values is not permanent. We find that housing prices rebound 

to its pre-accident level in 480 days. This result provides an interesting example on 

dynamics of housing price that is closely related to economic agents’ learning 

behaviors and changes in perceived risks. Several possible explanations could be 

used to interpret the recovery of property value. The completion of clean-up 

activities and reinforcement of safety mangement may help households to regain 

confidence in the safety of living conditions, which brings about the rebound of 

property values. Alternatively, shifts in the supply and demand of the long-term 

local housing market may be another factor triggering the price rebound. That is, in 

the long run, the market may ignore the information of historical derailment as more 

new buyers with minimum historical information come in, raising the equilibrium 

 
20 Although we are not able to prove the validity of this assumption directly, we show that our estimation on derailment 
shock is not correlated with housing buyers’ preferences on other housing attributes and amenities in the robustness check. 
In addition, we run a regression that allows the estimation on derailment shock to evolve by year (results are available upon 
request). We find that almost all estimations of derailment shock by year are not statistical significant, but negative and in 
the same magnitude as our primary result. These results provide some evidence for the assumption that the level of people’s 
perceived risks associated with derailment is relatively stable throughout the study time. 
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price. Despite the eventual rebound, the housing price drop within the initial 480 

days is a real cost to local home sellers who have to sell their properties during this 

timeframe due to exogenous reasons. However, the effect of derailment shock on 

the welfare of a household that has no intention to sell her property during the 480 

days window remains unclear. If the impacted household holds up her property and 

waits one-and-half years before putting her property on the market, what is the 

option value she will lose based on this decision? The current form of hedonic price 

model is not designed to tackle this interesting question, and so we leave it for 

future research. 

A central debate on rail transportation of hazardous petrochemical materials 

is the comparison between rail and pipeline. Pipeline has been the major vehicle for 

crude oil transportation during the past decades. Rail, as an alternative 

transportation mode for crude oil, generates higher marginal direct cost than 

pipeline does. However, rail offers significant flexibilities to crude oil shippers to 

enter various market regions without making a long-term commitment, which 

suppresses the investment in pipeline when the difference between the upstream 

and downstream price is substantial (Covert and Kellogg 2017). The primary 

protest to pipeline development is the perceived risks. Surprisingly, previous 

research finds little evidence on the relationship between pipeline and property 

values nearby, largely because most pipelines are underneath and invisible most of 

the time (Hansen, Benson, and Hagen 2006; Wilde, Williamson, and Loos 2014; 

Herrnstadt and Sweeney 2017). On the contrary, as we show in this paper, railroads 

and rail accidents has a negative impact on local residential property values.  
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Figure 1.The location of the 33 derailments used in our study, 2004–2013. 
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Figure 2. Distribution of derailments in the study area from 2004 to 2013. 
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Figure 3. Adjusted price function estimates by distance (meters) before and after 

derailments. 
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Figure 4. Adjusted price function estimates by time (days) before and after 

derailments. 
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Figure 5. Demonstration of treatment group and control group for local impact 

DiD analysis. 
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               Table 1. Summary Statistics of All Transactions for DiD Model (Local Impact) 

Variable Description Mean S.D. Min Max 
sale_price Real sale price 87180.24 55913.276 10000.00 758000.00 
log_std_sale_price log of standardized sale price (2004 $) 11.02 0.612 8.96 13.31 
nbr_kitchens Number of kitchens 1.01 0.112 1 3 
nbr_full_baths Number of full baths 1.22 0.466 1 5 
nbr_bed Number of bedrooms 3.04 0.769 1 10 
nbr_fireplaces Number of fire places 0.22 0.469 0 5 
bsmnt_garage_capacity Basement Garage Capacity 0.05 0.269 0.00 4.00 
nbr_half_baths Number of half baths 0.27 0.466 0 5 
blt_his Age of house in years 70.69 30.345 0.00 231.00 
log_sqft_living_area Log of living area sq. ft. 7.21 0.293 6.30 8.88 
log_Dis_Univ Log of distance to university 7.76 0.919 3.99 10.46 
log_Dis_hosp Log of distance to hospital 7.90 0.930 4.49 10.44 
log_Dis_Pop Log of distance to population center 7.28 0.690 2.42 8.92 
log_Dis_Hwy Log of distance to high way 7.03 1.015 3.36 11.20 
log_Dis_road Log of distance to public road 4.68 1.001 0.13 7.29 
log_Dis_PubSch Log of distance to public school 6.50 0.705 3.64 8.87 
log_Dis_Railst Log of distance to rail station 8.51 1.186 3.45 11.28 
central_air Dummy for house has central AC 0.13 0.333 0 1 
grade_f==A Property grade excellent 0.00 0.034 0 1 
grade_f==B Property grade good 0.03 0.165 0 1 
grade_f==C Property grade normal 0.89 0.311 0 1 
grade_f==D Property grade fair 0.08 0.268 0 1 
grade_f==E Property grade bad 0.00 0.036 0 1 
log_dis_RR Log of distance to railroad 6.34 0.799 2.45 7.38 
otheraccidt_dummy2 Dummy for other accidents 0.16 0.366 0 1 

N  6101    
Note: see Table A1 in the Appendix for detailed summary statistics of transactions of each DiD (pre- and post- derailment) groups. 
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 Table 2. Difference-in-Differences Estimation Results — Local Impacts 

 

 

 (1) (2) (3) (4) (5) (6) 
Post × Treatment -0.070*** -0.060*** -0.076*** -0.054** -0.048** -0.056** 
 (0.0263) (0.0177) (0.0225) (0.0230) (0.0231) (0.0228) 
Post 0.001 0.014 0.005 0.003 0.006 0.003 
 (0.0149) (0.0194) (0.0167) (0.0185) (0.0189) (0.0186) 
Treatment -0.030 -0.007 -0.013 -0.006 -0.005 -0.002 
 (0.0195) (0.0396) (0.0273) (0.0239) (0.0244) (0.0243) 
Other Accidents -0.030 0.017 -0.026 -0.032 -0.034 -0.032 
 (0.0182) (0.0159) (0.0208) (0.0203) (0.0214) (0.0204) 
Ln(Distance2RailRoad) 0.068*** 0.100*** 0.075*** 0.066*** 0.066*** 0.065*** 
 (0.0077) (0.0206) (0.0152) (0.0200) (0.0203) (0.0200) 
Constant 7.850*** 8.915*** 7.854*** 8.060*** 8.067*** 8.051*** 
 (0.2316) (0.7214) (0.5862) (0.6638) (0.6961) (0.6737) 
R-squared 0.474 0.579 0.731 0.768 0.769 0.768 
Spatial FE Levels   Tract Block Group Block Group Block Group 
Derailment FE  Yes Yes Yes Yes Yes 
Year/Month FE Yes Yes Yes Yes Yes Yes 
Specific Linear Trend     Derailment County 
N 6,101 6,101 6,101 6,101 6,101 6,101 

Note: this table shows estimation results of equation 2 with different specifications. All models are based on 6,101 observations within two miles of 33 derailment sites. Model 1 
includes no spatial fixed effects; Models 2 through 6 include increasingly finer levels of spatial fixed effects, from derailment, census tract to census block group fixed effects. 
Models 5 and 6 also include a specific linear temporal trend based on the derailment site and county respectively. Standard errors are shown in parentheses and clustered at the 
spatial fixed effect level in all models. 
*** Significant at the 1% level. 
** Significant at the 5% level. 
* Significant at the 10% level. 
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Table 3. Robustness Checks 
 (1) (2) (3) 
Post × Treatment -0.075*** -0.019 -0.058** 
 (0.0240) (0.0152) (0.0288) 
Post 0.017 0.013 0.024 
 (0.0148) (0.0128) (0.0203) 
Treatment 0.002 0.036*** -0.019 
 (0.0322) (0.0140) (0.0333) 
Other Accidents -0.030 0.016 -0.111* 
 (0.0341) (0.0250) (0.0617) 
Ln(Distance2RailRoad) 0.066*** 0.052*** 0.042 
 (0.0195) (0.0166) (0.0304) 
Constant 8.150*** 8.020*** 8.111*** 
 (0.6417) (0.5028) (1.2066) 
R-squared 0.783 0.804 0.783 
Fixed Effect  Block Group Block Group Block Group 
Year/Month FE Yes Yes Yes 
Derailment Linear Trend Yes Yes Yes 
Housing Attributes × Year   Yes 
N 7,857 10,700 6,101 

Note: Model 1 uses properties within one mile of 33 derailment sites as treatment group and properties within four to five miles of 
derailment sites as control group; Model 2 uses properties within one to two miles of 33 derailment sites as treatment group and uses 
the same control group as in Model 1. Model 3 allows the coefficients of all housing attributes and amenities to evolve by year. The 
three models include block group level fixed effects and derailment site linear temporal trend term. Standard errors are shown in 
parentheses and clustered within the block group level. 
*** Significant at the 1% level. 
** Significant at the 5% level. 
* Significant at the 10% level. 
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Table 4 Falsification Tests — D Days before Derailment Occurrence 
 D = 180 D = 365 D = 480 
 (1) (2) (3) 
Post × Treatment -0.041 -0.034 -0.021 
 (0.0349) (0.0278) (0.0240) 
Post 0.006 0.010 -0.005 
 (0.0300) (0.0200) (0.0190) 
Treatment 0.003 0.010 0.006 
 (0.0343) (0.0319) (0.0285) 
Other Accidents -0.026 -0.035 -0.024 
 (0.0285) (0.0231) (0.0199) 
Ln(Distance2RailRoad) 0.090*** 0.079*** 0.085*** 
 (0.0244) (0.0192) (0.0172) 
Constant 9.061*** 7.827*** 7.859*** 
 (1.0928) (0.6559) (0.5848) 
R-squared 0.808 0.770 0.761 
Fixed Effect Level Block group Block group Block group 
Year/Month FE Yes Yes Yes 
Derailment Linear Trend Yes Yes Yes 
N 2,323 4,682 5,797 

Note: Model 1 through 3 are specified similarly as Model 5 in Table 2 (block group fixed effects DiD model). 
Standard errors are shown in parentheses and clustered within the block group level. 
*** Significant at the 1% level. 
** Significant at the 5% level. 
* Significant at the 10% level. 
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Table 5. Difference-in-Differences Estimation Results — Regional Impacts 
 StLawrence2011 Onondaga2011 Niagara2011 Madison2007 Montgomery2006 
 (1) (2) (3) (4) (5) 
Post × Treatment -0.004 0.004 0.004 0.005 0.004 
 (0.0059) (0.0057) (0.0059) (0.0049) (0.0048) 
Post -0.020* -0.007 -0.007 -0.004 -0.001 
 (0.0110) (0.0067) (0.0076) (0.0074) (0.0057) 
Treatment 0.011 0.009 0.005 0.011 0.010 
 (0.0079) (0.0080) (0.0081) (0.0075) (0.0072) 
Ln(Distance2RailRoad) 0.044*** 0.043*** 0.042*** 0.048*** 0.045*** 
 (0.0046) (0.0046) (0.0047) (0.0045) (0.0045) 
Constant 7.193*** 7.269*** 7.240*** 7.171*** 7.261*** 
 (0.1754) (0.1767) (0.1785) (0.1574) (0.1589) 
R-squared 0.811 0.810 0.812 0.805 0.806 
Year of Derailment 2011 2011 2011 2007 2006 
Block Group FE Yes Yes Yes Yes Yes 
Year/Month FE Yes Yes Yes Yes Yes 
County Linear Trend Yes Yes Yes Yes Yes 
N 60,814 63,319 61,261 79,782 89,678 

Note: Models 1 through 5 estimate potential regional effects on property values close to railroad of five high impact derailments occurred between 2006 and 2011. In the five 
models, transactions within one mile of both sides of railroad are treatment while transactions within one to two miles of both sides of railroad are control. Transactions of the 
entire New York State (excluding the long island and New York City regions) occurred 480 days before and after each derailment occurrence date are used for estimation. All 
three models include county specific linear temporal trends. Standard errors are shown in parentheses and clustered within the block group level. 
*** Significant at the 1% level. 
** Significant at the 5% level. 
* Significant at the 10% level. 
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Table A1. Summary Statistics of Pre- And Post-Derailment Transaction Groups (Pre- & Post-Treatment Timespan = 480 Days) 

 

 Pooled Pre_Control Post_Control Pre_Treatment Post_Treatment 
 Mean S.D. Mean S.D. Mean S.D. Mean S.D. Mean S.D. 
sale_price 87180.24 55913.28 89442.11 59876.87 87542.12 55959.78 81397.29 50077.21 86083.05 49474.03 
log_std_sale_price 11.02 0.61 11.05 0.60 11.01 0.61 10.97 0.61 10.99 0.64 
nbr_kitchens 1.01 0.11 1.01 0.09 1.01 0.13 1.01 0.09 1.02 0.14 
nbr_full_baths 1.22 0.47 1.22 0.48 1.21 0.44 1.23 0.48 1.22 0.46 
nbr_bed 3.04 0.77 3.04 0.77 3.05 0.77 3.05 0.78 3.04 0.74 
nbr_fireplaces 0.22 0.47 0.22 0.48 0.22 0.46 0.19 0.45 0.22 0.47 
bsmnt_garage_capacity 0.05 0.27 0.05 0.28 0.04 0.25 0.06 0.32 0.03 0.23 
nbr_half_baths 0.27 0.47 0.29 0.51 0.25 0.44 0.24 0.43 0.28 0.45 
blt_his 70.69 30.35 67.53 29.08 71.61 28.49 73.41 33.48 73.98 34.48 
log_sqft_living_area 7.21 0.29 7.21 0.30 7.21 0.28 7.22 0.31 7.24 0.31 
log_Dis_Univ 7.76 0.92 7.74 0.89 7.75 0.83 7.81 1.01 7.81 1.13 
log_Dis_hosp 7.90 0.93 7.79 0.89 7.77 0.88 8.19 0.95 8.26 1.00 
log_Dis_Pop 7.28 0.69 7.40 0.59 7.40 0.60 6.93 0.79 6.94 0.83 
log_Dis_Hwy 7.03 1.01 6.94 0.88 6.95 0.89 7.26 1.25 7.28 1.32 
log_Dis_road 4.68 1.00 4.69 0.99 4.66 1.02 4.72 0.99 4.69 1.00 
log_Dis_PubSch 6.50 0.70 6.53 0.70 6.50 0.70 6.38 0.69 6.53 0.74 
log_Dis_Railst 8.51 1.19 8.48 1.10 8.42 1.03 8.70 1.39 8.63 1.52 
central_air 0.13 0.33 0.14 0.35 0.13 0.34 0.08 0.27 0.12 0.32 
grade_f==A 0.00 0.03 0.00 0.04 0.00 0.04 0.00 0.00 0.00 0.00 
grade_f==B 0.03 0.16 0.03 0.17 0.02 0.15 0.03 0.18 0.03 0.17 
grade_f==C 0.89 0.31 0.90 0.30 0.90 0.30 0.86 0.35 0.88 0.32 
grade_f==D 0.08 0.27 0.07 0.25 0.07 0.26 0.11 0.31 0.09 0.28 
grade_f==E 0.00 0.04 0.00 0.03 0.00 0.04 0.00 0.06 0.00 0.00 
log_dis_RR 6.34 0.80 6.43 0.77 6.44 0.78 6.08 0.80 6.09 0.82 
otheraccidt_dummy2 0.16 0.37 0.09 0.29 0.06 0.24 0.33 0.47 0.44 0.50 
N 6101  2200  2272  856  773  



Table A2. Number of Observations in DID Groups of 33 Derailment Events 

Derailment 
ID 

Pre-Derailment Post-Derailment 
Control Treatment Control Treatment 

84 230 48 252 42 
90 99 69 116 103 
96 205 65 157 81 

109 7 3 4 2 
116 231 76 252 21 
130 233 110 264 23 
131 12 2 14 3 
153 55 24 55 18 
158 200 69 180 86 
311 13 6 2 1 
361 103 34 94 33 
410 1 37 1 38 
413 2 9 0 7 
419 4 2 7 7 
421 32 9 47 11 
449 61 15 66 15 
453 91 31 86 19 
456 9 1 8 3 
476 66 19 52 12 
512 9 1 7 0 
513 230 18 260 14 
522 10 1 3 6 
538 30 0 20 0 
544 5 2 18 2 
556 14 3 9 4 
572 13 60 9 70 
593 38 47 29 39 
600 6 8 3 16 
610 120 49 90 25 
618 8 6 21 12 
619 15 15 20 22 
665 9 11 16 16 
668 39 6 110 22 

 

 

 



 

Figure A1. Adjusted price function estimates by distance (meters) before and after the five high impact derailments. 
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Figure A2. Adjusted price function estimates by time (days) before and after the five high impact derailments. 
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