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This dissertation consists of three essays focusing on topics related to environmental and health economics. In the first essay, we look into risk mitigation measures related to public health. More specifically, the focus is on the societal impacts of Superfund Sites and their inundation during extreme weather events. With that objective in mind, we investigate the effect of hurricane-induced discharges from Superfund Sites in terms of residents’ risk perception and its consequence on housing values in the real estate market using the property sales data. The findings suggest that home prices in the vicinity of Superfund Sites experience depreciation. Following the discovery of hurricane-induced discharges from Superfund Sites, we find an additional depreciation of home price near the impacted Superfund Sites.
In the past few decades, the increased frequency and intensity of hurricanes have raised concerns regarding the potential adverse impact of hurricanes on public health. Hurricanes have the potential to cause stress in pregnant women, potentially leading to adverse pregnancy outcomes, including preterm births or low birthweight deliveries. In the second essay, using Florida confidential birth data, we investigate the possible effect of Hurricane Irma as a source of stress on birth outcomes. As for sources of stress, we examine several potential sources, including psychological stress, evacuation, and property damage, and find that on average, the maternal exposure to Hurricane Irma led to 7 grams decrease in birth weights. 
In the third essay, using a discrete choice experiment (DCE) survey, we assess public preferences for improvement in the resilience of electricity infrastructures to hurricane risks in Florida. Here the resilience is defined as the reduced time in restoring the interrupted electricity services. The DCE survey consists of two hypothetical scenarios of improvement in the resilience of electricity infrastructures, and a current situation scenario. These scenarios are differentiated based on the improvement in electricity infrastructures in terms of the percentage of customers receiving the service restored within specific days after a hurricane. The estimates of respondents’ average annual willingness to pay suggest that there is a positive support for funding resilience programs in electricity infrastructures to withstand hurricane risks.
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CHAPTER 1
Introduction
During the last few decades, climate change has increased the frequency and intensity of extreme weather events, such as hurricanes (Karl et al., 2008; Mousavi et al., 2011; Duan et al., 2018). Hurricanes can produce heavy precipitation and strong wind leading to substantial flooding and storm surges with devastating effects in coastal areas (NOAA, 2020). People residing in coastal cities have suffered from coastal flooding induced by hurricanes through its adverse impact on their property, health, and local economies (Howarth et al., 2019).
Hurricanes have the potential to induce the releases of hazardous contaminants from toxic waste sites into the environment and nearby communities and cause substantial damages and disruptions to public utility service delivery systems such as electricity utilities due to high wind, storm surge, heavy precipitation, and flooding. Also, hurricanes have the potential to cause stress in pregnant women, potentially leading to adverse pregnancy and birth outcomes, including spontaneous abortions, preterm births, or low birthweight deliveries.
Against this backdrop, this dissertation investigates and assesses: (i) the adverse impact of hurricane-induced discharges from Superfund Sites in terms of residents’ risk perception and its consequence on housing values in the real estate market, (ii) the effect of Hurricane Irma on birth related health outcomes, and (iii) the public preference for improvement in the resilience of electricity infrastructures to withstand hurricane risks. 
In the first essay, we investigate the impact of hurricane-induced discharges from Superfund Sites in terms of residents’ risk perception and its consequence on housing values in the real estate market using the Hedonic difference-in-difference approach. To build the empirical model, we interact multiple environmental and technological hazards (hurricane, flood, and discharges from Superfund Sites), and integrate several geo-spatial variables, including maximum wind speed, storm surge inundation, and proximity to impacted and non-impacted Superfund Sites in Harris County, Texas. Then, we use the revealed preference (RP) data of housing sale values to gain insights on how residents update their risk perceptions once they receive information regarding the severity of these multi-hazard risks and whether the updated risk perception is capitalized into the real estate market. We find that home prices in the vicinity of Superfund Sites experience depreciation. Following the discovery of hurricane-induced discharges from Superfund Sites, we find an additional depreciation of home price near the impacted Superfund sites.
In the second essay, we examine the relative effect of different Hurricane-induced stressors on birth outcomes (e.g., low birth weight and preterm birth). We combine two data sources: the 2016-2018 cross-sectional data on childbirth and related maternal health attributes (e.g., gestation age and birth weight), and geospatial characteristics of hurricane risks (e.g., hurricane track, wind speed, rate of damage to residential building, and evacuation order). We estimated models using the difference-in-difference approach. We find that on average, the maternal exposure to Hurricane Irma has led to 7 grams decrease in birth weights. The impact is larger in magnitude if pregnant women were exposed to the hurricane in their third trimester. 
In the third essay, we elicit the residents’ preferences (willingness to pay) for improvement in the resilience of electricity infrastructures to hurricane risks in Florida using a discrete choice experiment (DCE) survey. The resilience of infrastructures is defined in terms of time required for restoring disrupted public utility services. Our DCE survey design consists of two hypothetical scenarios of improvements in the resilience of electricity infrastructures, and a status quo scenario. These scenarios are differentiated based on the improvement in electricity infrastructures in terms of the percentage of electricity customers receiving the service 1-2 days, 3-5 days, 1 week, 2 weeks after a strong hurricane like Hurricane Irma. Our results suggest that respondents’ annual WTP ranges from $18.94 to $252.85, suggesting that there is a positive support for enhancing resilience in electricity infrastructures to reduce the impacts of hurricane risks in Florida.
The findings from the first essay of this dissertation can be helpful in understanding how environmental disamenity such as Superfund Sites can affect residents’ environmental risk perception and the property values in the real estate market. The findings from the second essay can be used by health organizations to aid pregnant women to reduce their stress through preparation for hurricanes. Specific preparation measures may include creating a secure place for pregnant women who seek shelter during the pregnancy. It can also inform pregnant women regarding the possible risks of hurricane exposure and prioritize their essential needs such as water, food, etc. The findings from the third essay can help decision makers to develop more resilient infrastructures by incorporating households’ preferences and perspectives in their planning and program design strategies.

CHAPTER 2
Hurricane-Induced Discharges from Superfund Site: A Hedonic Price Analysis of Real Estate Market Responses
2.1 Introduction
Recent studies have demonstrated that climate change may lead to increase the frequency and intensity of extreme weather events such as hurricanes (Karl et al., 2008; Mousavi et al., 2011; Duan et al., 2018). Hurricanes can produce heavy precipitation and strong wind, leading to substantial flooding and storm surges with devastating effects in coastal areas (NOAA, 2020). People residing in coastal cities have suffered from coastal flooding induced by hurricanes through its adverse impact on their property, health, and local economies (Howarth et al., 2019).
[bookmark: _Hlk39247439][bookmark: _Hlk71382105][bookmark: _Hlk39247449][bookmark: _Hlk39247544]In recent decades, the intensity of hurricanes in the Atlantic Ocean has increased significantly (Komar et al., 2008, Elsner et al., 2008), creating costly and destructive effects on the Atlantic and Gulf Coast counties. Besides the direct impact of hurricanes, including the destruction of buildings, capital stock, agricultural and industrial productions (Horwich, 2000), there are hurricanes-related health effects, including death and injuries, infectious diseases, and mental health effects (Bourque et al., 2006). Furthermore, hurricanes may lead to hazardous material releases from industrial facilities. More than 16,000 hazardous material discharges were made by natural hazards in the U.S. from 1990-2000, where hurricanes were responsible for 20 percent of the releases (Sengul et al., 2012). Flooding, high wind, tornado, and lightning spawned by hurricanes can lead to hazardous chemical discharges (Cruz et al., 2001). In August 2017, Hurricane Harvey, a category 4 hurricane, hit Texas (known as the center of the U.S. Petrochemical industry) (see Figure 2.1). It dumped more than 40 inches of rain on Huston, Galveston Bay, and Houston Ship Channel and impacted over 500 industrial facilities in the area (Friedrich, 2017). 
[bookmark: _Hlk39247575][bookmark: _Hlk55062119][bookmark: _Hlk39247585]According to the Environmental Protection Agency (EPA), 41 toxic waste sites known as Superfund sites were hit by Hurricane Harvey (see Figure 2.2). On August 28, 2017, both EPA and Texas Commission on Environmental Quality (TCEQ) started working with local, federal, and state officials to find the extent of Hurricane Harvey’s impact on human health and the surrounding areas (EPA, 2017a). The EPA has conducted several assessments using aerial images to analyze the possible impact of Hurricane Harvey at the 41 Superfund Sites. They reported that 28 Superfund Sites were not impacted and damaged significantly by the hurricane-induced flooding; however, the remaining 13 Superfund Sites were flooded and may have experienced severe hurricane-induced damage (EPA, 2017a). 
Hurricane Harvey-induced damage in the Superfund sites has caused the release of hazardous contaminants from the sites into the environment and the nearby communities. It is assumed that the presence of contaminated land is considered as an environmental disamenity and can be capitalized into housing values in the real estate market (Braden et al., 2011). There is a body of research that analyzes the effect of discovery or cleanup of contaminated land, including Brownfield (Kaufman & Cloutier, 2006; Haninger & Timmins, 2017), underground storage tanks (Simon et al., 1997; Isakson & Ecker, 2010; Guignet, 2013) and Superfund Sites (Greenstone & Gallagher, 2008; Gamper-Rabindran & Timmins, 2013), on housing values in the real estate market. In terms of the contamination of Superfund Sites, several studies estimated the costs and benefits of Superfund Sites cleanups (Viscusi & Hamilton, 1999; Savchenko & Braden, 2019). 
The majority of studies that investigated the effect of contamination on housing values have used the two most common methods, which are stated and revealed preferences approaches (Gayer et al., 2000; Earnhart, 2002; Mattia et al., 2010; Guignet et al., 2018). In the stated preference approach, the benefits of Superfund Sites cleanups can be elicited using a hypothetical situation where respondents are asked about how the cleanup of contaminated sites can benefit human health and their surrounding environment. Since the stated preference survey is hypothetical, we do not need to have specific information regarding Superfund Site contamination (Guignet, 2011). However, the downside of this approach is that it does not reflect the real individual’s reaction in response to the cleanup process since it is a hypothetical scenario (Freeman, 1993). The second approach uses the hedonic price method, which estimates the benefits of cleanup contamination from Superfund Sites in a real market situation. In most of these hedonic studies, changes in housing prices are assessed based on the changes in the toxic site status (e.g., national priorities list (NPL) site listing process, cleanup decisions, cleanup action, cleanup completion, and deletion from NPL); (see Kiel & Williams, 2007; Gamper-Rabindran & Timmins, 2011 and 2013). As Changes in the level of contamination take place with remedial actions, this information gets updated, and accordingly, residents update their risk perceptions once they receive such updated information. Finally, the housing market is likely to capitalize the new information through changes in home prices (Moulton et al., 2018). 
[bookmark: _Hlk44012258]This paper contributes to the literature of the impact of environmental disamenity on housing values by looking at the effects of Hurricane Harvey-induced impact on Superfund Sites as new information on residents’ environmental risk perception and its consequences on housing values in the real estate market. In this paper, we want to answer the following questions: (1) do residents living close to the Superfund Sites experience lower housing prices; (2) does living close to the impacted Superfund Sites have a negative effect on the housing values? To answer these research questions, I apply a hedonic pricing model (HPM) to analyze the impact of hurricane-induced discharge from Superfund Sites on housing values using the real estate transaction dataset over the period 2013-2019 in Harris County, Texas.
2.2 Background
The Comprehensive Environmental Response, Compensation, and Liability Act (CERCLA) of 1980, which is usually called Superfund, has assigned the Environmental Protection Agency (EPA) to report the most severe environmental emergencies that pose serious threats to public health and the environment locally and nationally (Lester & Rabe, 2009). The EPA is responsible for identifying the potential parties that are liable for the toxic waste dumps, forcing them to do the cleanups or repay the government for the cleanups. Finally, the EPA must inform the communities about the process of cleaning up and its latest status (EPA, 2011). However, extreme weather events such as hurricanes have caused substantial damage to the Superfund Sites and have deterred the performance of remediation. It has also increased the costs for cleanup by the EPA (Lester & Rabe, 2009). 
The 2017 Atlantic hurricane season was one of the most active seasons, which created three deadly and destructive hurricanes, including Harvey, Irma, and Maria (Trenberth et al., 2018). Hurricane Harvey, as a category 4 hurricane, made landfall on the Texas coastline on August 25, 2017, and remained over the Gulf of Mexico from August 25 to August 31, causing tremendous damage with intense wind and heavy rain. The inland flooding caused by Hurricane Harvey in the greater Houston area is one of the most destructive flooding since Hurricane Katrina (Risser & Wehner, 2017).
Hurricane Harvey damaged and flooded 13 Superfund Sites. One of the impacted Superfund Sites San Jacinto contains cancer-causing toxic chemicals like Dioxin (which increases the risk for different types of cancers such as soft-tissue malignant tumor, lung cancer, and lymphatic tissue cancer) (see EPA, 2017c). The EPA collected samples from fourteen areas at the San Jacinto River Waste, and one of the sample results showed that the protective cap of the San Jacinto site had been damaged, and a high level of toxic chemicals were released. The sediment sample contained dioxins at 70,000 ng/kg, which is higher than the recommended cleanup level at the site (i.e., 30 ng/kg) (EPA, 2017b).  
The EPA is responsible for revealing information regarding the changes in the status of Superfund Sites and any damages or discharges induced by natural hazards like hurricanes (Lester and Rabe, 2009).  Also, residents living in the vicinity of the Superfund Sites can access site-specific information from local Superfund public information sources, social media, and government offices (EPA, 2000). In terms of the real estate hazardous waste sites disclosure law, each state has its own specific real estate disclosure laws, where the sellers may be responsible for providing information regarding any toxic pollution nearby the house to potential buyers. In Texas, sellers of residential property must file a disclosure statement, where the seller informs the purchaser of several conditions like the presence of hazardous and toxic wastes (Schnapf, 2011). 
2.3 Literature review
2.3.1 Hedonic price method to elicit the values of the environmental disamenity
The practice of eliciting the values of environmental amenity in the real estate market is rapidly increasing. Policymakers and economists are interested in estimating the implicit price of environmental amenities using both stated and revealed preferences techniques. The HPM, a revealed preferences approach, has been increasingly used to estimate the implicit price of environmental amenity as a portion of home prices observed in the real estate market. This method, which was developed by Rosen (1974), regresses the attribute of a differentiated good, which can be a property transacted in the real estate market, on its price in order to estimate an individual’s marginal willingness to pay for changes in nearby environmental amenities (Parmeter & Pope, 2013). The HPM uses statistical analysis to investigate how different attributes such as property structures and environmental amenities can explain the variation in the sales values (Noonan et al., 2009). 
The HPM has been used broadly to estimate the effects of environmental disamenities on property values. For example, there is a large body of literature that investigated the effects of air quality (Chay & Greenstone, 2005; Auffhammer et al., 2009; Boyle & Kiel 2001), Brownfield (Linn, 2013, Haninger & Timmins, 2017; Lang & Cavanagh, 2018), and water quality (Leggett & Bockstael, 2000; Poor et al., 2007; Klemick et al., 2018) on housing values in the real estate market. In terms of the effect of Superfund Sites, which is considered as an environmental disamenity, several studies have been conducted to estimate the effect of superfund site cleanup status on housing prices. 
2.3.2 The Impacts of hurricanes on property values
There is a body of literature that estimates the impact of hurricanes on the housing market; however, the empirical evidence is mixed and not conclusive. For example, Bin and Polasky (2004) used the HPM to investigate the effect of Hurricane Floyd in 1999 on the housing values in Pitt County, North Carolina. Their result suggested that flooding induced by Hurricane Floyd lowered the price of properties within the Floodplain. On the other hand, Beracha and Prati (2008) studied the effect of several major hurricanes from 2004-2005 on quarterly changes in housing prices in 52 U.S. zip codes. They found that housing prices decreased and then increased to adjust the decline during the first two quarters. In some other studies, hurricanes impacted positively on home prices. For instance, Aqeel (2011) estimated the impact of Hurricane Katrina on the housing prices in 57 Metropolitan areas, using Difference-in-Difference (DID) technique. The author found that housing prices in the metro areas close to the hurricane path experienced an increase by 7% after the hurricane. 
Several studies have investigated the effect of information on new hurricanes on housing values. For instance, Hallstrom and Smith (2005) estimated the effect of risk perceptions of Hurricane Andrew on housing prices of Lee County in Florida, which did not experience any damage from the hurricane. Using the DID approach, they found that property values in the flood hazard areas of Lee county decreased by 19%, which showed that households perceived the information as a risk to their wellbeing. Murphy and Strobl (2009) estimated the impact of 13 hurricanes on housing values and local incomes in U.S. coastal cities using a panel dataset from 1988-2005. They showed that the hurricanes increased the housing prices, and the maximum change in property values varied from 3 to 4 percent. The recent study conducted by Zivin et al. (2020) focused on the effect of 15 hurricanes in Florida from 2000-2016. They used a combination of DID and repeat-sales models to deal with the timing and paths of the understudied hurricanes. Like Murphy and Strobl’s (2009) study, she found that property values in affected areas experienced an increase three years after the hurricane, but the transaction probability declined 3 percent on average over a period of three years. 
2.3.3 The effect of hazardous sites on property values
Another body of literature estimates the effect of hazardous toxic sites on housing prices, where the distance of the property to the waste sites is considered as a proxy for environmental disamenity. That is, the closer one lives to the site, the worse environmental disamenity she experiences, and accordingly, the price of houses in the vicinity of the toxic waste site would decrease. Several numbers of meta-analysis studies have been conducted in this context. For example, in a meta-analysis study, Farber (1998) reported that housing prices rise on average by $3,500 for every extra mile from a hazardous waste site. However, this estimate varies statistically across studies. For instance, in Michaels and Smith’s (1990) and Smolen et al.’s (1992) studies, the implicit price changes from $190 per mile to $11,450 per mile, respectively. 
2.3.4 Leaking underground storage tanks
Several studies have investigated the impact of contaminations at underground storage tanks (UST) on housing values in the United States. Using the HPM, Simon et al. (1997 and 1999) investigated the effect of the leaking underground storage tanks (LUST) on housing prices in Cuyahoga County, Ohio. The former study used only home sales data in 1992 and found that proximity to known storage tanks reduced the selling prices of 83 homes by 17%. In the latter study, they used the housing transaction data for the period of 1994-1996 in the same county and showed that those properties that are close to the LUST experienced 14% to 16% reduction in value. Using the HPM and DID approach, Zabel and Guignet (2012) studied the impact of LUST and the cleanup process on home values in the period of 1996-2007 in three Maryland Counties. They considered two factors under which housing prices would capitalize the risk of proximity to the contaminated UST. The first factor is that a buyer should know about the LUS and its associated risks. The second factor is that the buyer should consider the existence of the LUST as information and consider the LUST as a disamenity. Their results showed that proximity to the more severe LUST by 1 kilometer reduces the housing prices by 12.4%. The recent study by Guignet et al. (2018) considered a wide range of LUST sites across the country. They chose those LUST sites that have received more attention from the public and the news; so that people have enough information about the sites and their contaminations. Using DID-based HPM, they found that the housing prices declined by 2-6% once the release of contaminations is discovered, but after cleanup, housing values experienced an increase by the same magnitude. They concluded that even in the case of notorious sites, the residents nearby the sites did not experience the stigma after cleanup.  
2.3.5 Superfund Sites
One of the environmental disamenity of major concern is Superfund Sites. Several studies estimated the impact of nearby toxic waste sites on residents’ risk perception and its consequences on housing values using hedonic price models. In contrast, others focused on evaluating the benefits of Superfund Sites cleanup and the effect of changes in its status (e.g., evaluation of the contamination and its potential health risk for NPL nomination announcement, enlisting the site on the NPL, cleaning up the site, completing the cleanup, and deleting the site from the NPL) on changes in housing values (Guignet, 2011). Each stage provides new information on residents living close to the Superfund Sites, and as a result, it would be reflected in the home price in the real estate market (Guignet, 2011).  
Studies conducted by Michaels and Smith (1990), Kohlhase (1991), Greenberg and Hughes (1992), and Ketkar (1992) are some of the earliest studies that examined the effect of proximity to Superfund Sites on property values. They demonstrated that properties close to the sites experience lower prices. However, more recent studies are focused on the effect of Superfund Sites remediation milestones on residents’ perceived risk and resultant changes in property values (Kiel and Williams 2007; Greenstone and Gallagher 2008; Gamper-Rabindran and Timmins 2013). Moreover, some of the early studies focused on one or a few numbers of Superfund Sites (Kiel, 1995; Kiel and Zabel, 2001); however, recent studies investigated the effect of tens of Superfund Sites across the U.S. on housing values in the real estate market (Kiel and William, 2007; Greenstone and Gallangher, 2008; Gamper-Rabindran and Timmins, 2013). Kiel and William (2007) chose all the Superfund Sites in understudied counties across the U.S. since previous studies focused only on the sites that were more notorious to public, so that it was highly probable that areas close to those sites experienced lower housing prices. 
Due to the sufficient volume of research regarding the effect of hazardous waste sites on property values, several meta-analysis studies have been conducted (Farber, 1998; Simons & Saginor, 2006; Braden et al., 2011; Sigman and Stafford, 2011). In their meta-analysis, Braden et al. (2011) asserted that there is little evidence that changes in Superfund Sites remediation milestones or cleanup stages had a significant and expected impact on housing prices. Also, based on the meta-analysis, Superfund Sites had a lower estimate of impacts compared to non-Superfund Sites. This may imply that residents expect that Superfund Sites will be cleaned up because they are enlisted on the NPL. Another important part of their result is that the distance variable is not significant, which contradicts the idea that neighborhoods in the vicinity of environmental disamenity will experience it disproportionally. 
The empirical evidence regarding whether during the cleanup or after the cleanup, housing prices would rebound back to their former level is mixed and not conclusive. Kiel and Williams (2007) studied the effects of Superfund cleanup using home sales data of 20 counties over the period 1970-1996. They focused on the 57 Superfund Sites and investigated how housing prices change when the site enlisted on NPL. They found that some sites reduced the housing prices, some had a positive, and some had no impact on housing prices. Also, they showed that Superfund Sites with larger size had higher negative effects on housing prices. 
Additionally, several studies examined whether the properties close to the Superfund Sites suffer from stigma after the cleanup is complete. Stigmatization occurs when the price of properties close to the Superfund Sites continues to stay low, even after the cleanup is complete.  For instance, McCluskey and Rausser (2003) show that properties close to the Superfund Sites suffer from temporary stigma and long-term stigma after enlisted on the NPL and even after cleaning up. However, Kohlhase (1991) showed that once EPA enlisted the toxic sites on the NPL list, the housing prices in the vicinity of those sites decrease, but after cleanup, the property values rebound back to their former level.
To our knowledge, no paper has investigated the effect of an external shock like hurricane-induced discharges from Superfund sites on property values. This paper contributes to the literature by looking at the effects of Hurricane Harvey-induced impact on Superfund Sites as new information on residents’ environmental risk perception and as a result on housing values in the real estate market. Using the hedonic difference-in-difference (DID) approach, we examine the causal effect of the treatment by comparing the outcome between the control and treatment groups before and after the treatment. In our case, the treatment is the discovery of hurricane-induced discharge from the sites, and the outcome is the property values (Zabel & Guignet, 2012). We use single-family property sales data from 2013-2019 to capture the effect of hurricane-induced discharges from the Superfund Sites on housing values in Harris County, Texas. 
2.4 The empirical methodology
2.4.1 The econometric model
As explained in the previous section, our goal is to investigate whether the residents living close to the impacted Superfund Sites update their environmental risk perception once they receive new information about impacted sites and whether the updated risk perception is capitalized into the real estate market. 
 Carbone et al. (2006) explain that households’ response to risks depends on the cost and benefits of removing the source of the risk or reducing its possible adverse effect. They argue that the risk may be correlated with the unknown causes of variation in housing attributes and buyers’/sellers’ characteristics in the real estate market. These unobserved sources could be households’ heterogeneous reactions to risks, their capability to react to risk, and their level of knowledge toward risks. To have a better understanding of how households react to the risk, Hallstrom and Smith (2005) assume that there are state-dependent utility functions with two possible outcomes. The first outcome is that households experience an adverse outcome which is living in the vicinity of hurricane-induced impacted Superfund Sites in our case. The second outcome is that households experience a positive outcome, which in our case is living far away from the impacted Superfund Sites.  
To show theoretically how information about discharge from Superfund Sites can affect the households’ perceptions of health and environmental risks, we have modified the model suggested by Hallstrom and Smith (2005) that studied the effect of perceived risk induced by hurricanes on housing prices. Following Hallstrom and Smith (2005), homeowner’s expected utility can be written as:

              (2.1)
Where,  is income that is determined exogenously;  is housing and neighborhood characteristics; SFS represents the proximity to nearby Superfund Site regardless of if the site was impacted by Hurricane Harvey or not; denotes the hedonic price function;  is household’s subjective probability of realizing the adverse outcome;  represents the information received about the impact induced by Hurricane Harvey;  is the utility for experiencing adverse health and environmental outcome from Hurricane Harvey-induced impact on Superfund Sites;   represents the utility for experiencing no adverse health and environmental outcome from Hurricane Harvey-induced impact on Superfund Sites. 
Households maximize their expected utility by selecting the housing bundle  and their income . Using Guignet’s (2011) approach, the first-order condition with respect to SFS can be stated as:


                      (2.2)
                                                                                 
Where  or   is the marginal utility of income. The left-hand side of equation (2.2) represents the implicit price of SFS, and the right-hand side of the equation represents households’ marginal willingness to pay (MWTP) for SFS (Guignet, 2011). The first component on the right-hand side shows the MWTP for marginal change in the perceived probability of understanding the adverse outcome. The second component on the right-hand side shows the MWTP for all undesired amenities of the Superfund Sites (Guignet, 2011). Also, if we take the first order condition of equation (2.1) with respect to I, which is information, we will have (Guignet, 2011): 

               (2.3)
                                                                                                                            
Equation (2.3) shows that information regarding Hurricane Harvey-induced impact on Superfund Sites affects the expected utility through changes in risk perception. The left-hand side of equation (2.3) shows the marginal implicit price of risk information. The sign of   can determine how the information regarding the impact induced by Hurricane Harvey on Superfund Sites could be perceived as an increased risk by households living in the vicinity of Superfund Sites. If households perceive this information about the impact induced by Hurricane Harvey as an increased risk for their health and their neighborhood, then prices would fall. Also, if households do not receive information regarding the impact on nearby Superfund Sites or do not perceive it as a serious threat, then  is zero, and housing values would not capitalize the risk information and accordingly would not change (Guignet, 2011). 
2.4.2 Hedonic Price model
[bookmark: _Hlk37180632]We develop the HPM to estimate the effect of the impacted Superfund Sites on property values. Using the difference-in-difference (DID) approach, we can analyze the causal effect of the treatment by comparing the outcome between the control and treatment groups before and after the treatment. In our case, the treatment is the discovery of hurricane-induced impact on Superfund Sites reported by the EPA, and the outcome is the property values (Zabel & Guignet, 2012). The DID framework is setup here as a spatio-temporal approach that will help us to investigate the effect of changing amenities over time while controlling for spatial amenities that are fixed over time (Dube et al., 2014). 
Particularly, we try to identify the causal effects of damage induced by Hurricane Harvey in Superfund Sites on housing values using the spatial DID approach. Based on this approach, we have defined two different control and treatment groups: The first treatment group is the property sales occurred in the vicinity of impacted Superfund Sites before and after the treatment, and the first control group is houses were sold in the vicinity of the non-impacted Superfund Sites before and after the treatment. Additionally, the second treatment group is houses were sold within certain distance buffer of the impacted Superfund Sites, and the second control group is property sales occurred outside the same distance buffer of the impacted Superfund Sites. There are observed and unobserved factors that differentiate the treatment group from the control group. By including explanatory variables in our hedonic model, observable differences will be controlled for. However, the difference in property values between control and treatment groups cannot be explained by only the Hurricane-induced impact on nearby Superfund Sites. This difference can be as a result of the difference in unobserved neighborhood characteristics (Zabel & Guignet, 2012). By including several neighborhood characteristics such as either school district, or census tract fixed effects, we can capture the impact of these unobservable neighborhood factors that are associated with the presence of Superfund Sites (Zabel & Guignet, 2012). 
Rosen (1974) introduced a model that studies the market behavior with differentiated goods. In Rosen’s (1974) Hedonic Pricing model, an individual chooses a property to gain the maximum level of utility from her choice. The price of the  home in  neighborhood at period t ) is a function of its structural attributes (number of bedrooms, lot size, age of home, etc.), neighborhood characteristics ), local amenities such as Superfund Sites () and associated health and environmental risk perception (), where the function can be written as (Guignet, 2011):
                        (2.4)
The risk perception is a function of information and local disamenity, which is proximity to Superfund Sites in our case (Guignet, 2011):
)                   (2.5)
[bookmark: _Hlk37181025]where  represents the discovery of damage induced by Hurricane Harvey in Superfund Sites in certain distance from home at time t. The partial derivative of the hedonic price function with respect to an attribute like  is , which represents the marginal implicit price of that attribute in the total price of the property (Guignet, 2011). Given that, we aim to test the following hypotheses: 
Hypothesis 1:
: Home prices within the k distance buffer of the impacted Superfund Sites follow the same trend as home prices outside the k distance buffer.
[bookmark: _Hlk37181036]Hypothesis 2:
: Home prices within the k distance buffer of the impacted Superfund Sites follow the same trend as home prices within the k distance buffer of the non-impacted Superfund Sites.
[bookmark: _Hlk37181928]To test the first hypothesis, we use the following DID log-linear Hedonic Price model:
[bookmark: _Hlk25437225][bookmark: _Hlk25437266] 0-2, 0-3, 0-4, 0-5, 0-6                   (2.6)
Where  is the logarithmic price of  home in neighborhood j in time t;  represents home attributes; dummy variable  equals one if a house was sold within the k distance buffer of impacted Superfund Sites, and zero otherwise. Dummy variable  equals one if a house was sold after Hurricane Harvey impacted Superfund Sites and zero otherwise. The interaction term  captures the casual effect of hurricane-induced impacted Superfund Sites on property values. We aim to estimate the following coefficients, , To control for the unobserved time-invariant neighborhood effects, we include neighborhood characteristics, which is . Also,  and  represent quarterly dummy fixed effect (to capture the general time trend) and disturbance term, respectively.
To test the second hypothesis, we use the following DID log-linear Hedonic Price model:
 0-2, 0-3, 0-4, 0-5, 0-6                            (2.7)
Where dummy variable  equals one if a house was sold within the k distance buffer of the impacted Superfund Sites and equals zero if a house was sold within the k distance buffer of the non-impacted Superfund Sites.
2.5 Data
[bookmark: _Hlk37182161]To estimate the HPM, we use single-family property sales from 2013-2019 (see Figure 2.3). I acquire information regarding the Superfund Sites’ characteristics and the level and types of contaminations released from the affected sites from EPA and TCEQ websites.[footnoteRef:1][footnoteRef:2] The data on single-family property sales of Harris County was obtained from a third-party vendor.[footnoteRef:3] We also used GIS technology to calculate several neighborhood-related and environmental variables such as distance from properties to nearby Superfund Sites and flooding inundation.  [1:  https://response.epa.gov/site/site_profile.aspx?site_id=12353]  [2:  https://www.tceq.texas.gov/response/hurricanes/superfund-assessment]  [3:  First American Data Tree, https://www.datatree.com/] 


2.6 Results
2.6.1 Descriptive Statistics
We use information reported by the EPA and the Texas Commission on Environmental Quality (TCEQ) regarding the Hurricane Harvey-induced damage and flooding in the State and Federal Superfund Sites in the affected area in Texas on August 25, 2017 (see Table 2.1). Since the majority of impacted Superfund Sites and housing transactions are in Harris County, we focus on the effect of impacted Superfund Sites on the home sales in Harris County, Texas.  
[bookmark: _Hlk36319419][bookmark: _Hlk44028720][bookmark: _Hlk44028790]The home sales data contains 59,085 single-family home sales with longitude and latitude coordinates over the period 2013-2019. Table 2.2 shows the descriptive statistics of the structural, environmental, and neighborhood characteristics used in the analysis. The home sales data contains a variety of structural and home characteristics, including lot size, number of bathrooms and bedrooms, number of the parking garage, and age of home. I used Geographic Information System (GIS) technology and ArcGIS software to derive several hurricane-related variables such as Hurricane Harvey-induced flood inundation and flood zones.[footnoteRef:4] To control for local changes in neighborhoods, I derived several spatial variables such as the nearest distance to schools, parks, and highways using GIS technology. Also, using GIS analysis, I derived neighborhood variables, including Harris County’s school districts and crime indexes based on the zip code level, as well as environmental variables such as distance to the nearest impacted and non-impacted Superfund Sites.[footnoteRef:5] Since the distance of properties to the closest Superfund Site is correlated with health and environmental risk caused by the site, we consider the distance as a proxy for the disamenity induced by the sites (Viscusi & Hamilton, 1999).  [4:  The understudied flood zones include: “flood zone inundated by 0.2% annual chance flooding”, flood zone A, flood zone AE, flood zone AO, flood zone VE, flood zone X. Retrieved from: https://www.fema.gov/glossary/flood-zones]  [5:  We used Simply Analytics website to derive the crime index variables for Harris County (Texas) in year 2017.  Retrieved from: https://simplyanalytics.com/] 

The results indicate that the mean home prices are $249,656.9 (in 2013), $259,345.9 (in 2014), $264,762.9 (in 2015), $257,909.7 (in 2016), $261,730.8 (in 2017), $234,300.1 (in 2018), and $219,751.9 (in 2019). The mean home price for the entire sample study is $255,381. Of the sample 59,085 home sales, 24.29%, 22.40%, 19.08%, 13.80%, 10.66%, 8.02%, 1.75% happened in 2013, 2014, 2015, 2016, 2017, 2018, and 2019, respectively. Moreover, there are 1,388 sales (2.5%) within 0-2mile, 3,660 sales (6.19 %) within 0-3mile, 6,514 sales (11.02%) within 0-4 mile, 10,885 sales (18.42%) within 0-5 mile, 14,909 sales (25.23%) within 0-6 mile of the impacted Superfund Sites. 
Earlier studies found that the impact of Superfund Sites on property values would start decreasing when distances exceed 3 miles (Kiel 1995; Kiel & Williams, 2007; Greenstone & Gallagher, 2008), and the impact is not statistically significant after six miles (Kim et al. 2020).  Besides 2-mile and 3-mile buffers, we include buffers more than 3 miles because Hurricane Harvey-induced flooding may have spread the discharges more than 3 miles in the neighborhoods. 
There are relatively few numbers of home sales as we get closer to the impacted Superfund Sites after the landfall of Hurricane Harvey (i.e., after August 25, 2017). It may indicate that households residing in the vicinity of Superfund Sites perceive higher risks after receiving the information regarding the hurricane-induced damage and flooding in the sites compared to those living far away from the impacted sites. Thus, this information may deter the buying and selling of homes closer to the impacted Superfund Site.
2.6.2 Empirical results
The dependent variable in our analysis is the log of the home sale price. The independent variables are structural, neighborhood, environmental attributes, as well as the quarter time dummy variables to capture the time trends of the real estate market in the analysis (Guignet, 2011). To capture the perceived hurricane-induced discharges and flooding risks, we construct three dummy variables. Dummy 1- the binary variable equals one if a home sale is within a certain distance buffer (e.g., 2 miles) to the impacted site, and zero otherwise; dummy 2- the binary variable equals one if a home sale is within a certain distance buffer (e.g., 2 miles) of an impacted site, and if a home sale is within that certain distance buffer (e.g., 2 miles) of a non-impacted Superfund Site equals zero; and dummy 3- the binary variable is equal to one if a home sale occurred after the discovery of the hurricane-induced discharges from Superfund Sites (August 25, 2017), and zero otherwise.
Table 2.3 reports the results of the first hypothesis. The estimated coefficients of all structural characteristics are statistically significant, and the direction of their impacts is consistent with our expectations. For instance, the lot size variable has a positive effect on the home price, indicating that one square foot increase of the lot size would cause a rise in the home price of 15% (models 1-5). Also, the age of home variable has a negative effect on the home price, implying that an additional year would decrease the house price by 2% (models 1-5). 
The coefficient -0.3409 on distance to ISFS in model 1 indicates that a Superfund Site within 2 miles is linked with 34% decrease in home sale price, and the coefficient 0.0508 on discovery of Hurricane Harvey-induced discharges shows a 5% increase in home values once the hurricane-induced discharge from the Superfund Site was discovered. However, this coefficient is not statistically significant. The estimated coefficients on distance to ISFS in models 2-5 in Table 2.3 show that home sales within 3, 4, 5, and 6 miles of Superfund Sites experience 16.5%, 11%, 2.6%, and 1.5% depreciation, respectively, indicating that the effect of the Superfund Sites on home price would diminish as we move farther away from the sites, which is consistent with Currie et al. (2015). Furthermore, coefficients on discovery of Hurricane Harvey-induced discharges in models 2-5 are negative, statistically significant, and become larger in magnitude, suggesting that as households live close to these Superfund Sites may be well aware of the risk of contaminations and so the new information may not further influence their risk perception. 
The results of the second hedonic DID model (second hypothesis) are reported in Table 2.4. We use equation 2.7 to test whether home prices around the impacted sites would have followed the same trend as those around nonimpacted sites. The treatment groups are the home sales within a certain distance buffer (2, 3, 4, 5, 6 miles) to the impacted Superfund Sites, and the control groups are the home sales within 2, 3, 4, 5, 6 miles to the nonimpacted Superfund Sites. 
The estimated coefficients of all home-related structural attributes are statistically significant, and the direction of their impacts are in line with our expectations. For instance, in models 1-5, the number of parking garage variable has a positive effect on the home price, indicating that one extra parking garage tends to increase the home price of 12 to 13%. Like the previous results in Table 2.3, the age of home variable has a negative influence on home values, meaning that an additional year would decrease the price of the house by 2 to 3%. 
In Table 2.4, the coefficient -0.2989 on distance to INSFS in model 1 indicates that a Superfund Site within 2 miles is associated with a 29.8% decrease in home sale prices. However, the coefficient 0.0588 on discovery of Hurricane Harvey-induced discharges is not statistically significant. The estimated coefficients on the distance to INSFS in models 2-5 in Table 2.4 show that home sales within 3, 4, 5, and 6 miles of the Superfund Sites experience 10%, 2.62%, 2.64%, and 6.5%, depreciation, respectively. The effect diminishes after 3 miles, but it starts rising after 5 miles, showing inconsistency with our expectations. It is possible that other unobserved variables may cause an additional negative impact on home sales within 5, and 6 miles to the impacted Superfund Sites. Furthermore, the coefficients on the discovery of Hurricane Harvey-induced discharges in models 2-5 are negative but statistically insignificant. Thus, we fail to reject the null hypothesis indicating that “homes prices around impacted sites would have followed the same trend as those around nonimpacted sites.”
2.6.3 Testing parallel trend
Since we use DID quasi-experiment, we need to apply a parallel trend test to examine whether the control and treatment groups have the same trend prior to the intervention. The home price time trends (quarters) of the treated and control groups for the first and second DID models (Hypotheses 1 and 2, respectively) are depicted in Figures (2-4) – (2-13).  Overall, home prices across the treatment and control groups follow the same trend before the intervention. However, after the intervention, both treatment and control groups experienced a decline in home prices, but most treatment groups experience more depreciation in home prices within 3, 4, 5, and 6 miles of the impacted Superfund Sites. We only test the parallel trend for the first DID model, which examines home prices within certain distance buffers of the impacted sites do not follow the same trend as home sales outside those distance buffers. 
In this case, our goal is to assess whether the prices of treatment and control groups follow the same trend before the discovery of Hurricane Harvey-induced discharges from Superfund Sites. If intervention exists, the price trends of the treatment and control groups should have different directions after the intervention (Guignet et al., 2018). We use a placebo test to assess the parallel trend assumption. For this method, we estimate additional DID models by applying mock treatment groups. To create the mock treatment groups, we create a treated group that is not influenced by the intervention (which is the discovery of the impacted Superfund Sites). We perform a DID estimation for buffers including 3, 4, 5, and 6 miles. Then, we interact the binary variable ISFS with time dummies prior and after the intervention to create the mock treatment groups. The results in Table 2.5 indicate that the estimated treatment outcomes could potentially be confounded by local trends in the housing market (Guignet et al., 2018). However, we can apply other methods to examine the parallel trend assumption. For instance, recent studies (Guignet et al., 2018; Haninger & Timmins, 2017) used local polynomial regressions to visually examine whether property values for treatment and control groups follow the same trend over time. 
2.7 Conclusion
This study aims to examine two hypotheses using two different hedonic DID models. We used the first hypothesis to examine whether home prices within specific distance buffers (including 2, 3, 4, 5, and 6 miles) of the impacted Superfund Sites will follow the same trend as home prices outside those certain distance buffers. The second hypothesis is set to investigate whether property values within certain distance buffers (including 2, 3, 4, 5, and 6 miles) of the impacted Superfund Sites would have followed the same trend as home prices within the same distance buffers (including 2, 3, 4, 5, and 6 miles) of the nonimpacted Superfund Sites. 
[bookmark: _Hlk37189160][bookmark: _Hlk37189173]Our results show that home sales within distance buffers, including 2, 3, 4, 5, and 6 miles of the Superfund Sites (which was impacted by Hurricane Harvey), decline. It indicates that the effect of Superfund Sites on home price would diminish as we live farther away from the sites, which is consistent with Currie et al. (2015). Furthermore, home sales within 3, 4, 5, and 6 miles of the impacted Superfund Sites experience a decline upon the discovery of Hurricane Harvey-induced discharges in both hedonic DID models; however, the estimated coefficients of interest for the second model are not statistically significant. The homes within 2 miles of the impacted sites in both models rise in value once the Hurricane Harvey-induced discharges discovered, but the estimated coefficient is not statistically significant.
 However, the placebo test suggests that there may be some local unobserved factors that could bias our findings. In subsequent research, we plan to try other methods like local polynomial regressions to examine whether property values for treatment and control groups follow the same trend over time. To control for time-varying unobserved heterogeneity, we can use a spatial autoregressive model (Guignet, 2011). We also plan to estimate the repeat sales model, which controls the unobserved time-invariant influences associated with a home and its location (Guignet, 2011).
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[bookmark: _Hlk71413807]Table 2.1: List of the Impacted Superfund Sites in Texas
	City
	County
	Site Name
	Site Type

	Freeport
	Brazoria
	Gulfco Marine Maintenance
	Federal Superfund Site

	Pearland
	Brazoria
	Camtraco Enterprises Inc
	State Superfund Site

	Dickinson
	Galveston
	Hall Street
	State Superfund Site

	Texas City
	Galveston
	Malone Service Co Inc
	Federal Superfund Site

	Houston
	Harris
	Jensen Drive Scrap
	State Superfund Site

	Houston
	Harris
	North Cavalcade Street
	Federal Superfund Site

	Pasadena
	Harris
	US Oil Recovery
	Federal Superfund Site

	Highlands
	Harris
	Highlands Acid Pit
	Federal Superfund Site

	Houston
	Harris
	Geneva Industries - Fuhrmann Energy
	Federal Superfund Site

	Deer Park
	Harris
	Patrick Bayou
	Federal Superfund Site

	Highlands
	Harris
	San Jacinto River Waste Pits
	Federal Superfund Site

	Crosby
	Harris
	French Ltd
	Federal Superfund Site

	Houston
	Harris
	Federated Metals
	State Superfund Site

	Houston
	Harris
	Houston Scrap
	State Superfund Site

	Beaumont
	Jefferson
	International Creosoting
	State Superfund Site

	Port Arthur
	Jefferson
	Maintech International
	State Superfund Site

	Liberty
	Liberty
	Petro-Chemical Systems Inc
	Federal Superfund Site

	Bridge City
	Orange
	Triangle Chemical Co
	Federal Superfund Site

	Bridge City
	Orange
	Bailey Waste Disposal
	Federal Superfund Site

	Orange
	Orange
	Spector Salvage Yard
	State Superfund Site






[bookmark: _Hlk71413830]Table 2.2: Attributes of home sales in Harris County, Texas
	Variable
	Obs
	Mean
	Std. Dev.
	Min
	Max

	price of home 
	59,085
	255381
	225563.5
	30025
	1983000

	lot size (sqft)
	59,085
	8536
	9645.029
	719
	216998

	number of bedrooms
	59,085
	3.3981
	0.7058
	1
	5

	number of bathrooms
	59,085
	1.0622
	0.3046
	1
	8

	age of home
	59,023
	24.6409
	22.9431
	0
	133

	number of parking garage 
	59,085
	1.8713
	0.7758
	0
	5

	home sales within 2mile to ISFS (dummy)
	59,085
	0.0235
	0.1515
	0
	1

	home sales within 3mile to ISFS (dummy)
	59,085
	0.0619
	0.2411
	0
	1

	home sales within 4mile to ISFS (dummy)
	59,085
	0.1102
	0.3132
	0
	1

	home sales within 5mile to ISFS (dummy)
	59,085
	0.1842
	0.3877
	0
	1

	home sales within 6mile to ISFS (dummy)
	59,085
	0.2523
	0.4344
	0
	1

	home sales within 7mile to ISFS (dummy)
	59,085
	0.2931
	0.4552
	0
	1

	Flood Inundation (ft)
	59,085
	3.9678
	4.1033
	0
	18.74

	home sales within flood zone 0.2 PCT ANNUAL (dummy)
	59,069
	0.1356
	0.3423
	0
	1

	home sales within flood zone A (dummy)
	59,069
	0.0020
	0.0447
	0
	1

	home sales within flood zone AE (dummy)
	59,069
	0.1056
	0.3074
	0
	1

	home sales within flood zone AO (dummy)
	59,069
	0.0013
	0.0365
	0
	1

	home sales within flood zone VE (dummy)
	59,069
	0.0001
	0.0116
	0
	1

	home sales within flood zone X (dummy)
	59,069
	0.7553
	0.4299
	0
	1

	distance to nearest hospital (mile) (dummy)
	59,085
	2.2151
	1.3980
	0.0340
	15.76

	distance to nearest park (mile) (dummy)
	59,085
	0.7604
	0.5424
	0.0110
	6.65

	distance to nearest highway (mile) (dummy)
	59,085
	0.7186
	0.6093
	0.0001
	4.34

	distance to nearest railroad (mile) (dummy)
	59,085
	1.5201
	1.1409
	0.0004
	7.12

	distance to nearest school (mile) (dummy)
	59,085
	0.5548
	0.3631
	0.01
	4.84

	home sales in Harris County section 1 (dummy)
	59,064
	0.1816
	0.3855
	0
	1

	home sales in Harris County section 2 (dummy)
	59,064
	0.1438
	0.3509
	0
	1

	home sales in Harris County section 3 (dummy)
	59,064
	0.2787
	0.4484
	0
	1

	home sales in Harris County section 4 (dummy)
	59,064
	0.3959
	0.4890
	0
	1



[bookmark: _Hlk71414349]
Table 2.3: Diff-in-Diff hedonic price regression results for Harris County, Texas (test for hypothesis one)
	Variables
	Model 1
	Model 2
	Model 3
	Model 4
	Model 5

	
	within 2 
miles
	within 3 miles
	within 4 miles
	within 5 miles
	within 6 miles

	
	ln(price)
	ln(price)
	ln(price)
	ln(price)
	ln(price)

	
Superfund Site Variables:

	
	
	
	

	
	
	
	
	
	

	[bookmark: _Hlk74054350]distance to ISFS (dummy)
	-0.3409***
	-0.1648***
	-0.1096***
	-0.0259***
	-0.0146*

	
	(0.0167)
	(0.0111)
	(0.009)
	(0.0085)
	(0.0087)

	distance to ISFS* discovery of Hurricane Harvey-induced discharges
	0.0508
	-0.0534**
	-0.0497***
	-0.0572***
	-0.0573***

	
	(0.034)
	(0.0233)
	(0.0189)
	(0.0159)
	(0.0143)

	
Home Characteristics:


	
	
	
	

	ln (lot size) (sqft)
	0.1591***
	0.1574***
	0.1556***
	0.1534***
	0.1541***

	
	(0.0049)
	(0.0049)
	(0.0049)
	(0.0049)
	(0.0049)

	number of bedrooms
	0.1667***
	0.1663***
	0.1662***
	0.1678***
	0.1681***

	
	(0.0036)
	(0.0036)
	(0.0036)
	(0.0036)
	(0.0036)

	number of full bathrooms
	0.1983***
	0.199***
	0.1975***
	0.1972***
	0.197***

	
	(0.0078)
	(0.0078)
	(0.0078)
	(0.0078)
	(0.0078)

	number of Parking garage
	0.1182***
	0.1196***
	0.1203***
	0.1204***
	0.1203***

	
	(0.003)
	(0.003)
	(0.003)
	(0.003)
	(0.003)

	age of home 
	-0.0206***
	-0.0209***
	-0.0209***
	-0.0205***
	-0.0204***

	
	(0.0003)
	(0.0003)
	(0.0003)
	(0.0003)
	(0.0003)

	age of home ^2
	0.0002***
	0.0002***
	0.0002***
	0.0002***
	0.0002***

	
	(0)
	(0)
	(0)
	(0)
	(0)

	
Neighborhood Characteristics:

	
	
	

	
	
	
	
	
	

	distance to nearest school (mile)
	0.0205***
	0.0174**
	0.0151**
	0.0199***
	0.0205***

	
	(0.0068)
	(0.0068)
	(0.0069)
	(0.0069)
	(0.0069)

	distance to nearest park (mile)
	-0.0394***
	-0.0418***
	-0.0417***
	-0.0387***
	-0.038***

	
	(0.0048)
	(0.0048)
	(0.0048)
	(0.0049)
	(0.0048)

	distance to nearest highway (mile)
	0.0133***
	0.016***
	0.0169***
	0.017***
	0.0177***

	
	(0.0041)
	(0.0041)
	(0.0041)
	(0.0042)
	(0.0042)

	crime index: category 1
	-0.3195***
	-0.3257***
	-0.3269***
	-0.3121***
	-0.3098***

	
	(0.013)
	(0.0131)
	(0.0132)
	(0.0136)
	(0.014)

	crime index: category 2
	-0.4834***
	-0.4877***
	-0.4891***
	-0.4808***
	-0.4813***

	
	(0.0122)
	-0.0122
	(0.0123)
	(0.0125)
	(0.0129)

	crime index: category 3
	-0.2095***
	-0.2141***
	-0.2137***
	-0.2006***
	-0.1992***

	
	(0.0112)
	(0.0113)
	(0.0114)
	(0.0117)
	(0.0122)

	crime index: category 4
	-0.0833***
	-0.0826***
	-0.0657***
	-0.061***
	-0.0609***

	
	(0.0112)
	(0.0113)
	(0.0112)
	(0.0112)
	(0.0113)

	
Hurricane Characteristics:

	
	
	
	

	
	
	
	
	
	

	
	
	
	
	
	

	0.2% annual chance flood zone
	-0.0006
	-0.0014
	-0.0022
	0.0018
	0.0028

	
	(0.0066)
	(0.0066)
	(0.0066)
	(0.0066)
	(0.0066)

	flood zone A
	-0.1744***
	-0.1714***
	-0.1812***
	-0.185***
	-0.1872***

	
	(0.0486)
	(0.0487)
	(0.0487)
	(0.0488)
	(0.0488)

	flood zone AE
	-0.0058
	-0.0092
	-0.0107
	-0.0033
	-0.0026

	
	(0.0073)
	(0.0073)
	(0.0073)
	(0.0073)
	(0.0073)

	flood zone AO
	-0.0572
	-0.0786
	-0.086
	-0.0917
	-0.093

	
	(0.0585)
	(0.0586)
	(0.0586)
	(0.0917)
	(0.0587)

	flood zone VE
	0.7581***
	0.7757***
	0.7667***
	0.7658***
	0.7696***

	
	(0.1827)
	(0.183)
	(0.1832)
	(0.1834)
	(0.1835)

	
	
	
	
	
	

	constant
	10.3847***
	10.4097***
	10.4539***
	10.435***
	10.4233***

	
	(0.1024)
	(0.1026)
	(0.1028)
	(0.1037)
	(0.1044)

	
	
	
	
	
	

	quarterly dummy fixed effect (home time trend)
	Yes
	Yes
	Yes
	Yes
	Yes

	school district fixed effect
	Yes
	Yes
	Yes
	Yes
	Yes

	observations
	59008
	59008
	59008
	59008
	59008

	R-squared
	0.4411
	0.4393
	0.4384
	0.4368
	0.4367


Note: Standard errors in parentheses. Standard errors are clustered by school district.
*p < 0.1, **p < 0.05, ***p < 0.01.


[bookmark: _30j0zll][bookmark: _Hlk71413786]Table 2.4: Diff-in-Diff hedonic price regression results for Harris County, Texas (test for hypothesis two)
	[bookmark: _1fob9te]Variables:
	Model 1
(Within 2 miles)
ln(price)
	Model 2 (Within 3 miles)
ln(price)
	Model 3
(Within 4 miles)
ln(price)
	Model 4
(Within 5 miles)
ln(price)
	Model 5
(Within 6 miles)
ln(price)

	
Superfund Site Variables:
	
	
	
	
	

	distance to INSFS (dummy)


	-0.2989*** (0.0255)
	-0.0996*** (0.0167)
	-0.0262** (0.0134)
	-0.0264**
(0.012)
	-0.065*** (0.0116)

	distance to INSFS * discovery of Hurricane Harvey-induced discharges

	0.0588
(0.0443)
	-0.0388
(0.0321)
	-0.0208
(0.0253)
	-0.013
(0.0211)
	-0.026
(0.0185)

	
Home Characteristics: 
	
	
	
	
	

	ln (lot size) (sqft)

	0.0476*** (0.0167)
	0.0024
(0.0117)
	-0.0024
(0.0095)
	0.0459*** (0.0079)
	0.0711*** (0.0071)

	number of bedrooms
	0.1528*** (0.0126)
	0.1638*** (0.0093)
	0.1705*** (0.0076)
	0.1713*** (0.0064)
	0.1679*** (0.0057)

	number of full bathrooms
	0.1388*** (0.0378)
	0.2104*** (0.0208)
	0.2025*** (0.0156)
	0.2013*** (0.0131)
	0.1933*** (0.0114)

	number of Parking garage
	0.1233*** (0.0086)
	0.1374*** (0.0064)
	0.1362*** (0.0054)
	0.1325*** (0.0047)
	0.128***
(0.0043)

	age of home 
	-0.0238*** (0.0012)
	-0.0304*** (0.0008)
	-0.0287*** (0.0007)
	-0.0256*** (0.0006)
	-0.0242*** (0.0005)

	age of home ^2
	0.0003*** (0.0001)
	0.0004*** (0.0001)
	0.0003*** (0.0001)
	0.0003*** (0.0001)
	0.0003*** (0.0001)

	
Neighborhood Characteristics:
	
	
	
	

	
	
	
	
	
	

	distance to nearest school (mile)
	0.0119
(0.0337)
	-0.0437**
(0.0226)
	-0.0237
(0.0162)
	0.0026
(0.0131)
	-0.0018
(0.0116)

	distance to nearest park (mile)
	-0.1319*** (0.025)
	-0.1617***
(0.0192)
	-0.1967*** (0.0153)
	-0.1824*** (0.012)
	-0.133*** (0.0096)

	distance to nearest highway 
	-0.0717*** (0.0284)
	0.042***
(0.0157)
	0.0197
(0.0125)
	0.0389*** (0.0097)
	0.0285***
(0.008)

	crime index: category 1
	-0.068
(0.046)
	0.0147
(0.0296)
	0.0078
(0.0228)
	-0.1188*** (0.0198)
	-0.2023*** (0.0186)

	crime index: category 2
	-0.3922*** (0.0297)
	-0.4183*** (0.023)
	-0.4809*** (0.0188)
	-0.545*** (0.0165)
	-0.5396*** (0.0161)

	crime index: category 3
	0.1077*** (0.0266)
	0.1243*** (0.0208)
	0.0173
(0.0177)
	-0.0882*** (0.0158)
	-0.1332*** (0.0151)

	crime index: category 4
	-0.0997*** (0.0325)
	-0.1891*** (0.0208)
	-0.1311*** (0.0163)
	-0.0794*** (0.0142)
	-0.0392*** (0.0132)

	
Hurricane Characteristics:
	
	
	
	
	

	flood Inundation (ft)
	0.0195*** (0.0021)
	-0.0049*** (0.0014)
	-0.0135*** (0.0012)
	-0.0079*** (0.001)
	-0.0047*** (0.0009)

	0.2% annual chance flood zone
	0.0609***
(0.024)
	0.0225
(0.0158)
	0.0078
(0.0125)
	-0.0081
(0.0105)
	-0.0163** (0.0094)

	flood zone A
	-0.5127*** (0.1732)
	-0.3852*** (0.1198)
	-0.4486*** (0.0695)
	-0.4122*** (0.0663)
	-0.4141*** (0.0637)

	flood zone AE
	-0.1178*** (0.0274)
	-0.0272
(0.0181)
	-0.0035
(0.0142)
	0.0002
(0.0115)
	-0.0045
(0.0104)

	flood zone AO
	0.2118
(0.1822)
	-0.1443
(0.1604)
	-0.3013*** (0.1148)
	-0.2602*** (0.1109)
	-0.2576*** (0.0956)

	flood zone VE
	
	0.5096
(0.6168)
	0.5797
(0.6123)
	0.4884
(0.5931)
	0.9917*** (0.2589)

	
	
	
	
	

	constant
	11.3751*** (0.1872)
	11.721***
(0.15)
	11.8137*** (0.1372)
	11.3961*** (0.1282)
	11.2789*** (0.123)

	quarterly dummy fixed effect (home time trend)
	Yes
	Yes
	Yes
	Yes
	Yes

	school district fixed effect
	Yes
	Yes
	Yes
	Yes
	Yes

	observations
	5825
	12694
	19737
	26289
	31808

	R-squared
	0.3974
	0.4100
	0.4457
	0.4509
	0.4506


Note: Standard errors in parentheses. Standard errors are clustered by school district.
*p < 0.1, **p < 0.05, ***p < 0.01.


[bookmark: _Hlk71414382]Table 2.5: Results of the placebo test
	Variables
	Model 1
within
3 miles
ln(price)
	Model 2
within
4 miles ln(price)
	Model 3
within
5 miles
ln(price)
	Model 4
within
6 miles
ln(price)

	
Superfund Site Variables:
	
	
	

	distance to ISFS (dummy)
	-0.1434***
(0.0256)
	-0.065***
(0.0187)
	0.0086
(0.0156)
	0.0186
(0.0144)

	distance to ISFS (dummy)*year2013 (dummy)
	0.0233
(0.0321)
	-0.0023
(0.0232)
	0.001
(0.0184)
	0.0062
(0.0161)

	distance to ISFS (dummy)*year2014 (dummy)
	-0.0381
(0.032)
	-0.0717***
(0.0235)
	-0.0457**
(0.0186)
	-0.0449***
(0.0164)

	distance to ISFS (dummy)*year2015 (dummy)
	-0.0613*
(0.0335)
	-0.0987***
(0.024 9)
	-0.0898***
(0.0201)
	-0.0873***
(0.0177)

	distance to ISFS (dummy)*year2016 (dummy)
	-0.0339
(0.0338)
	-0.0563**
(0.0255)
	-0.0502**
(0.0208)
	-0.0554***
(0.0185)

	distance to ISFS (dummy)* discovery of Hurricane Harvey-induced discharges
	-0.0691**
(0.036)
	-0.0852***
(0.028)
	-0.0932***
(0.0231)
	-0.0961***
(0.0205)

	distance to ISFS (dummy)*×year2018 (dummy)
	-0.0882**
(0.0447)
	-0.114***
(0.0345)
	-0.0921***
(0.029)
	-0.0824***
(0.026)

	
Home Characteristics:

	ln (lot size) (sqft)

	0.1574***
(0.005)
	0.1556***
0.005
	0.1538***
(0.005)
	0.1547***
(0.005)

	number of bedrooms
	0.1665***
(0.0037)
	0.1666***
0.0037
	0.1682***
(0.0037)
	0.1685***
(0.0037)

	number of full bathrooms
	0.199***
(0.0079)
	0.1977***
0.0079
	0.1974***
(0.0079)
	0.1975***
(0.0079)

	number of Parking garage
	0.1196***
(0.0031)
	0.1203***
(0.0031)
	0.1203***
(0.0031)
	0.1201***
(0.0031)

	age of home 
	-0.021**
(0.0004)
	-0.021***
0.0004
	-0.0206***
(0.0004)
	-0.0205***
(0.0004)

	age of home ^2
	0.0002***
(0.0001)
	0.0002***
0.0001
	0.0002***
(0.0001)
	0.0002***
(0.0001)

	
Neighborhood Characteristics:

	distance to nearest school (mile)
	0.0175**
(0.0069)
	0.0151**
(0.0069)
	0.0196***
(0.0069)
	0.0202***
(0.0069)

	distance to nearest park (mile)
	-0.0421***
(0.0049)
	-0.0419***
(0.0049)
	-0.039***
(0.0049)
	-0.0383***
(0.0049)

	distance to nearest highway (mile)
	0.0159***
(0.0042)
	0.0168***
(0.0042)
	0.0169***
(0.0042)
	0.0176***
(0.0042)

	crime index: category 1
	-0.3248***
(0.0132)
	-0.3257***
(0.0133)
	-0.3096***
(0.0136)
	-0.3069***
(0.014)

	crime index: category 2
	-0.4866***
(0.0123)
	-0.4877***
(0.0123)
	-0.4782***
(0.0125)
	-0.4781***
(0.013)

	crime index: category 3
	-0.2132***
(0.0114)
	-0.2124***
(0.0114)
	-0.1986***
(0.0118)
	-0.1967***
(0.0123)

	crime index: category 4
	-0.0822***
(0.0113)
	-0.0657***
(0.0113)
	-0.0602***
(0.0113)
	-0.059***
(0.0113)

	
Hurricane Characteristics:
	
	
	

	0.2% annual chance flood zone
	-0.0015
(0.0066)
	-0.0021
(0.0066)
	0.0019***
(0.0066)
	0.0029
(0.0066)

	flood zone A
	-0.1728***
(0.0487)
	-0.1833***
(0.0487)
	-0.1854**
(0.0488)
	-0.187***
(0.0488)

	flood zone AE
	-0.0093
(0.0074)
	-0.0107
(0.0074)
	-0.0036***
(0.0074)
	-0.003
(0.0074)

	flood zone AO
	-0.0799
(0.0586)
	-0.087
(0.0587)
	-0.0927*
(0.0587)
	-0.0943
(0.0587)

	constant

	10.7022
(0.1207)
	10.7355***
(0.1209)
	10.4217***
(0.1038)
	10.4098***
(0.1044)

	quarterly dummy fixed effect (home time trend)

	Yes
	Yes
	Yes
	Yes

	school district fixed effect
	Yes
	Yes
	Yes
	Yes

	observations
	59,008
	59,008
	59,008
	59,008

	R-squared
	0.4394
	0.4386
	0.4371
	0.4373


Note: Standard errors in parentheses. Standard errors are clustered by school district.
*p < 0.1, **p < 0.05, ***p < 0.01.
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FIGURES
[bookmark: _Hlk71414399]Figure 2.1: Hurricane Harvey’s track
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[bookmark: _Hlk71414424]Figure 2.2: Federal and state impacted and non-impacted Superfund Sites in Texas
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[bookmark: _Hlk71414744] Figure 2.3: Location of the federal and state impacted and non-impacted Superfund Sites and single-family home sales in Harris County, Texas
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Figure 2.4: The comparison between median single-family home sales within 2 miles of the impacted superfund sites (treatment group) vs. median home sale outside 2miles distance buffer (control group)
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[bookmark: _Hlk71414771]Figure 2.5: The comparison between median single-family home sales within 3 miles of the impacted superfund sites (treatment group) vs. median home sale outside 3 miles distance buffer (control group)  
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[bookmark: _Hlk71414781]Figure 2.6: The comparison between median single-family home sales within 4 miles of the impacted superfund sites (treatment group) vs. median home sale outside 4 miles distance buffer (control group)
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[bookmark: _Hlk71414790]Figure 2.7: The comparison between median single-family home sales within 5 miles of the impacted superfund sites (treatment group) vs. median home sale outside 5 miles distance buffer (control group) 
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[bookmark: _Hlk71414801]Figure 2.8: The comparison between median single-family home sales within 6 miles of the impacted superfund sites (treatment group) vs. median home sale outside 6 miles distance buffer (control group)  
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[bookmark: _Hlk71414815]Figure 2.9: The comparison between median home sale within 2 miles of the impacted Superfund Sites (treatment group) vs. median home sale within 2 miles of the non-impacted Superfund Sites (control group)
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[bookmark: _Hlk71414824]Figure 2.10: The comparison between median home sale within 3 miles of the impacted Superfund Sites (treatment group) vs. median home sale within 3 miles of the non-impacted Superfund Sites (control group)
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[bookmark: _Hlk71414834]Figure 2.11: The comparison between median home sale within 4 miles of the impacted Superfund Sites (treatment group) vs. median home sale within 4 miles of the non-impacted Superfund Sites (control group)
[image: ]











[bookmark: _Hlk71414844]Figure 2.12: The comparison between median home sale within 5 miles of the impacted Superfund Sites (treatment group) vs. median home sale within 5 miles of the non-impacted Superfund Sites (control group)
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[bookmark: _Hlk71414853]Figure 2.13: The comparison between median home sale within 6 miles of the impacted Superfund Sites (treatment group) vs. median home sale within 6 miles of the non-impacted Superfund Sites (control group)
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CHAPTER 3
Analyzing The Effect of Hurricane Irma on Birth Outcomes in Florida
3.1 Introduction
During the last few decades, climate change has increased the frequency and intensity of extreme weather events, such as hurricanes (Karl et al., 2008; Mousavi et al., 2011; Duan et al., 2018), affecting death, disease, and/or psychosocial stress among the residents in the U.S. coastal regions (NOAA, 2020; Grabich et al., 2016; Bourque et al., 2006; Doocy et al., 2013; Shultz et al., 2005). Hurricanes mostly affect the Atlantic and Gulf Coast regions, containing the largest centers of the U.S. population. In the coming years, hurricanes will likely affect even more people considering the steady increase in the number of people living in U.S. coastal regions. In fact, according to the 2016 U.S. Census Report, the coastline county population has expanded to 59.6 million in 2016 from 51.9 million in 2000 (Cohen, 2018).
Hurricanes have the potential to cause stress in pregnant women, potentially leading to adverse pregnancy and birth outcomes, including spontaneous abortions, preterm births (defined as birth before 37 weeks of gestation), or low birthweight deliveries (defined as birth weight lower than 2500g). Pregnant women undergoing pregnancy-induced hormonal changes are especially vulnerable to psychological or physical stress (Currie & Rossin-Slater, 2013; Douros et al., 2017). Psychological stress is caused by the fear of the hurricane. Physical stress is generated by injury experiences (Currie and Rossin-Slater, 2013). Further, women may also experience other negative conditions, including limited access to drinkable water, limited access to nutrition, exposure to toxic contaminants, and lack of access to medical care services (Currie and Rossin-Slater, 2013; Cordero, 1993). 
Maternal stress has been a cause of concern among practitioners and academicians alike. This is because stress during pregnancy has been linked to a score of adverse pregnancy and childbirth outcomes. The intervention mechanism includes release of stress hormones negatively affecting the fetus through changes in the neuroendocrine and immune system and through changes in maternal behaviors (Dunkel-Schetter, 2011; Currie & Rossin-Slater, 2013). Preterm birth and low birth weight have been systematically linked to developmental delays and mental and behavioral disorders (Zijlmans et al., 2015; Currie & Rossin-Slater, 2013; Kim et al., 2017). However, isolating the hurricane-induced psychological stress from other stressors is not easy. The existing literature on the impact of catastrophic events on birth outcome applies either contextual information or causal mechanisms to conclude that the birth outcome results are more likely derived by psychological stress rather than other related pathways (Kim et al., 2017). 
At least 200,000 pregnant women affected by Hurricane Irma may have experienced physical and psychological stress. There are a few studies that examine the impact of Hurricane Irma and Maria on maternal and child health in Puerto Rico (Welton et al., 2020; Rosario et al., 2019). However, to our knowledge, no studies have focused on the impact of Hurricane Irma on prenatal and parental health outcomes. Hence, it is vital to investigate the possible effect of Hurricane Irma as a source of stress on pregnancy outcomes. The current study investigates the impact of Hurricane Irma-induced stress on birth outcomes in Florida. As for sources of stress, we will consider several potential sources, including psychological stress, evacuation, and property damage (Issa et al., 2018; FEMA, 2018). We use cross-sectional birth records (at the longitude and latitude levels) provided by the Florida Department of Health, Bureau of Vital Statistics, over the period of 2016-2018. The birth records include information on birth weight, gestation, abnormal condition of newborn baby, complications in delivery, pregnant women’s residential locations, and parents’ sociodemographic information. Additionally, we apply FEMA damage assessment data and evacuation order data provided by the Florida Division of Emergency Management (FDEM) to investigate the effect of evacuation order and damage in residential buildings on pregnancy outcomes. The geospatial information of Hurricane Irma, such as the hurricane track and maximum wind speed, was obtained from the FDEM and FEMA’s HAZUS program. 
Using a difference-in-difference strategy, we stratify pregnant women into two groups: the treatment and control groups. The treatment group includes pregnant women living in the hurricane path (29-mile band around the hurricane path, which represents the diameter of the eye of Hurricane Irma (Pasch, 2017), and the control group consists of pregnant women not living in the hurricane path. Using pregnant women’s residential locations and ArcGIS technology, we calculated the distance of their residential locations to the hurricane path. Also, we employ multiple fixed effects such as county, month, and year fixed effects to isolate the impact of the hurricane-induced stress on birth outcomes. Both binary and continuous measures of birth weight and gestation are examined, and the impact of the hurricane by trimester of exposure is investigated as well.
Our study makes several contributions: First, this is the first study that examines the impact of one of the strongest hurricanes in the Atlantic basin and the first of a major hurricane in Florida since October 2005 (when Hurricane Wilma made landfall on Florida) on pregnancy outcomes. Second, while the majority of existing medical and economic literature examines the impact of hurricanes on the birth outcome using birth records at county levels (Zahran et al., 2013; Grabich et al., 2016, 2017), our study uses the confidential birth records containing latitude and longitude of mothers’ residential locations, which helps us to calculate the accurate distance of pregnant women to hurricane path, and enables us to easily control for geo-special indicators such as maximum wind speed derived from ArcGIS technology. Third, we examine the impact of the potential channels such as changes in mothers’ maternal behaviors on birth outcomes; control for indicators such as hurricane-induced evacuation and residential building damages at the census tract level; and include several fixed effects such as county, birth month, and birth year fixed effects in our estimation.
3.2 Background
3.2.1 Hurricane Irma
On September 10, 2017, Hurricane Irma made landfall at Cudjoe Key, Florida, as a category 4 hurricane with 130 mph winds. Later, it weakened while moving northward and made its second landfall at Marco Island in Collier County, Florida, as a category 3 hurricane with 115 mph winds. Irma continued moving north, northwestward through Florida state, losing its intensity but continued to induce high wind, heavy rainfall, and storm surge inundation (Benfield, 2018) (see Figure 3.1). Hurricane Irma was the first main hurricane that struck Florida since Hurricane Wilma in 2005 and was one of the Atlantic basin’s strongest and costliest hurricanes in U.S. history, which caused catastrophic damages in Florida. NOAA National Centers for Environmental Information (NCEI) approximate that damages caused by hurricane Irma-induced wind, storm surge, and flooding caused almost $50 billion (Cangialosi et al., 2018). The cost estimates were based on the physical damages to residential, governmental, and commercial buildings, interruption in businesses, and the damage to public infrastructures such as roads, bridges, and power utilities (FEMA, 2018).
Estimates from Pacific Disaster Center (PDC) and FEMA’s HAZUS program (2017) indicated that two medical facilities in the Florida Keys were shut down for 1-12 days; more than 350,000 residential buildings were damaged in Florida: 2,200 buildings were destroyed; 3,800 buildings were severely damaged; 58,000 buildings were moderately damaged; 290,000 buildings sustained minor damages. As a result, almost 12,000 households were displaced, and 2,900 had to take short-term shelter. Furthermore, almost 7 million residents who were living mainly in Florida coastal areas had to evacuate, where besides zone A as a mandatory evacuation order, the evacuation zone was expanded to evacuation zone B as well (See Figure 3.2 and Figure 3.3).
In terms of disruption in power, more than 6.7 million customers in the state experienced power outage during and after Hurricane Irma, which denotes almost two-thirds of all customers in Florida. Based on FDEM (2017), in some areas, the customers did not have electricity for more than a week (Chakalian et al., 2018). Power outages endangered the health and safety of millions of residents in Florida, particularly vulnerable groups such as elderly people and pregnant women due to dehydration, exhaustion, and carbon monoxide poisoning. Also, Irma caused the discharge of 28 million gallons of untreated water into the surrounding areas (Smith et al., 2018).
It has been reported that there were hundreds of injuries, seven direct and eighty indirect deaths caused by Hurricane Irma in Florida (Cangialosi et al., 2018). The conditions of deaths associated with Hurricane Irma have been classified into direct hurricane-related conditions (such as drowning from flooding; and electrocution from lightning), and indirect hurricane-related conditions (such as disruption of access to medical and mental health services; disruption of electricity required for medical treatment such as dialysis; disruption of cooling systems; carbon monoxide poisoning caused by using generators) (Issa et al., 2018).
3.3 Literature review
3.3.1 Different mechanisms linking prenatal stress and adverse birth outcomes
Adverse birth outcomes are oftentimes recognized by low birth weight and preterm birth. Low birth weight (which is defined as birth weight less than 5.5 pounds (2500 grams) irrespective of gestational length) can be caused by intrauterine growth restrictions (IUGR) (which is defined as birth weight/birth length below the 10th percentile for gestational length) and preterm birth (which is defined as birth before 37 completed weeks of gestation). Low birth weight and preterm birth can lead to child growth impairment and increase the chances of getting diseases such as hypertension, and cardiovascular, and renal disease later in life (Zohdi et al., 2012).
A large body of epidemiological research and a growing body of economic research has consistently found that maternal stress during pregnancy is a risk factor for the adverse birth outcomes (Hobel et al., 2008; Beijers et al., 2014; Zijlmans et al., 2015; Justus et al., 2004). There are several possible mechanisms by which maternal stress affects birth outcomes. 
Hormonal: prenatal stress triggers a rise in the release of glucocorticoids, the key driver of the endocrine response to stress (Whirledge & Cidlowski, 2010). Glucocorticoids are produced by Hypothalamic Pituitary Adrenal (HPA) axis and the placenta (Zijlmans et al., 2015). Although essential for fetal growth, glucocorticoids released excessively can potentially harm the fetus. When the brain perceives an event as a severe stressor, the corticotrophin releasing hormone (CRH), which is the primary molecular regulator of HPA, induces releases of adrenocorticotropin hormone (ACTH) through the pituitary gland (Hobel et al., 2008). The ACTH then stimulates the adrenal gland to release cortisol (which is a glucocorticoid that functions as a major stress hormone) in the body. The cortisol blocks the stress response by inhibiting the release of ACTH and the release of CRH (Gunnar & Quevedo, 2007; Hobel et al., 2008). However, under severe stressful events, the concentration of cortisol will rise in blood leading early parturition and affecting fetal growth (Hobel et al., 2008).
Further, some argue that the timing of maternal exposure to cortisol may modify the extent to which maternal stress is adversarial to birth outcomes. This is because as fetus brain development occurs at different stages, different birth outcomes will be achieved by exposing to stress in different gestational periods (Zijlmans et al., 2015). Davis and Sandman (2010) show that maternal exposure to high levels of cortisol in early pregnancy is associated with slower infant growth. Similarly, Glynn et al. (2001) show that the exposure to stress in early pregnancy is more visible than in later months of pregnancy. In another study, Class et al. (2011) show that exposure to the stress in Months 5 and 6 are more likely to lead to adverse pregnancy outcomes.
Behavioral: Stress-induced maternal behaviors, such as smoking, drinking alcohol, not attending prenatal visits, can also affect adverse birth outcomes (Littleton et al., 2007). Smoking during pregnancy may mediate the association between prenatal stress and birth weight by increasing the levels of catecholamines, CRH, ACTH, and cortisol (Justus et al., 2004). Smoking can affect fetal growth by increasing the level of catecholamines in the body, thus boosting metabolism while suppressing appetite at the same time (Hobel et al., 2008). There is abundant evidence that alcohol consumption could have a potential negative effect on birth weight and preterm birth (Parazzini et al., 2003; Cook & Randal, 1998; Pereira et al., 2019). The alcohol consumption may induce preterm birth by increasing the level of prostaglandins (which play important regulatory roles in different aspects of pregnancy such as fetal growth and development) (Cook & Randal 1998). 
Physiological: Extreme drops in barometric pressure can also affect birth outcomes through premature fetal membrane rupture, which induces preterm birth (Akutagawa et al., 2007; Mackenzie et al., 2020, Noller et al., 1996; King et al., 1997). Mackenzie et al. (2020) used a model to examine the strength of the fetal membrane against the stress caused by a drop of barometric pressure during strong hurricanes. Their model showed that the impact of stress on the fetal membrane depends on the barometric pressure and the length of gestation. The author argued that the increased stress induced by a hurricane with low barometric pressure can cause preterm birth through increasing the strength of fetal membrane prior to the full-term gestation. The strength of fetal membrane starts decreasing after week 30 of pregnancy, but the stress caused by the lower barometric pressure can rupture the fetal membrane through increasing the strength of it, which induces preterm birth. However, some other related studies found no relationship between atmospheric pressure and birth outcomes (Trap et al., 1989; Polansky et al., 1985; Marks et al., 1983), leaving open the question about the association between barometric pressure and birth outcomes.
There is a considerable body of research that addresses the effect on birth outcomes of catastrophic events (both manmade and natural disasters) such as earthquakes (Kim et al., 2017; Tan et al., 2009; Torche, 2011), armed conflict (Mansour & Rees, 2012; Maric et al., 2010); terrorist attacks (Engel et al., 2005; Brown, 2013); heat waves (Cil & Cameron, 2017; Wolf & Armstrong, 2012; Strand et al., 2012); and dust storms (Adhvaryu et al., 2019; Currie and Schwandt, 2016; Jones, 2020).
There is a considerable body of epidemiological literature (Harville et al., 2015; Xiong et al., 2008; Hamilton et al., 2009; Grabich et al., 2016, 2017; Christopher et al., 2019) investigating the empirical association between hurricanes and birth outcome. The majority of these studies include few if any control variables, making their causality claims rarely justified (Currie and Rossin-Slater, 2013). However, in the economic literature, the impact of hurricanes and other natural disasters such as earthquake and dust storms on birth outcome were examined using various control variables, difference-in-difference techniques, and instrumental variables to control the omitted variables bias due to other variables that are correlated with stress and birth outcome (Currie and Rossin-Slater, 2013; Zahran et al., 2010, 2013, 2014; Jones, 2020; Kim et al., 2017).
In the context of the impact of an earthquake on birth outcomes, Kim et al. (2017) examined the impact of Northridge earthquake on birth outcomes, including low birth weight and preterm birth. Using a difference-in-difference approach, they found that pregnant women who were exposed to the earthquake were 0.2 percentage point more likely to have infants with low birth weight. Also, the impact was larger when the exposure to the earthquake was in the first and third trimester of pregnancy. However, the impact of earthquake-induced stress was stronger with single and first-time mothers, where the probability of having an infant with low birth weight increased by 0.5 percentage point. The authors concluded that the endogenous migration and disruption of healthcare services did not have a major impact on birth outcomes. Instead, they concluded that maternal psychological stress led to low birth weight.
Another related study is conducted by Jones (2020), which examined the impact of dust storms on U.S. birth outcomes over the period 2010-2017. Using the difference-in-difference approach, several fixed effects, and control variables, the effect of dust storms on birth outcomes was plausibly isolated. The findings showed that the dust storm exposure during pregnancy led to an increase in the probability of low birth weight and preterm birth by 1.4 and 1.8 percentage points, respectively, and the effect is larger when the dust storm exposure happens during the third trimester of pregnancy. Also, he found that mothers who experienced the dust storm for the first time were 0.9 and 1.1 percentage points more likely to have infants with low birth weight and preterm birth, respectively. However, the probability of low birth weight and preterm birth increase by 5.7 and 8.7 percentage points, respectively, when pregnant women experienced six or more dust storms.
The most closely relevant study to our work is Currie and Rossin-Slater (2013), where the effect of multiple hurricanes on birth outcomes was investigated. Currie and Rossin-Slater (2013) used vital statistics records of 485,111 births of pregnant women exposed to several major hurricanes in Texas over the period 1996-2008. They compared the pregnant women who were living in the path of hurricanes to those living farther away from the path (Currie and Rossin-Slater, 2013). They added new indicators of infant health, including abnormal conditions of the infants, and complications of labor aside from birth weight and gestation outcomes to the existing literature (Currie and Rossin-Slater, 2013). They also examined the effect of possible channels, including changes to migration, parental behavior, and interruption of medical care induced by hurricanes on the birth outcome (Currie and Rossin-Slater, 2013). Methodologically, they applied mother fixed effects and instrumental variables estimations to control for time invariant factors that are likely associated with pregnant women’s residential location and pregnancy outcomes (Currie and Rossin-Slater, 2013). They showed that the impact of hurricanes on birth weight and gestation is sensitive to measurements and econometric design, but they found more precise estimates of the impact of hurricane exposure on infant health. Accordingly, the findings indicate that the pregnant women who were exposed to hurricanes were more likely to experience complications during labor and delivery and were more likely to have an infant with abnormal conditions (such as meconium aspiration syndrome) (Currie and Rossin-Slater, 2013). Also, using the placebo test, the exposure to hurricanes six months after childbirth was investigated, but no placebo effects were found. However, they ruled out potential channels, including hurricane-induced migration, disruption of medical care services, and maternal behaviors and thus, concluded that stress might be the only factor to explain the birth outcome results (Currie and Rossin-Slater, 2013).
The current study adds to the existing literature on hurricanes and birth outcomes. We tried to examine the possible effects of hurricane-induced physical mechanisms, including hurricane-induced mandatory migration and residential building damage to isolate the effect of psychological stress caused by hurricane exposure on birth outcomes.
3.4 Data
We obtained data from two sources. First, we obtained confidential birth data over the period 2016-2018 from the Florida Department of Health, Bureau of Vital Statistics.[footnoteRef:6] The birth records include information about birth weight, length of gestation, abnormal condition of newborn baby, infant’s sex, complications of labor/delivery, methods of delivery, prenatal care visits, number of previous live births, infant’s birth order, multiple births resulted from the current pregnancy, parents’ sociodemographic information, whether mother smoked during pregnancy, and the longitude/latitude coordinates of pregnant women’s residential locations. Second, we obtained data on Hurricane Irma’s path, maximum wind speed (at the longitude and latitude levels), Irma-induced evacuation orders (at the census tract level), and rate of damage in residential buildings (at census tract level) from the Florida Division of Emergency Management and FEMA’s HAZUS center.[footnoteRef:7][footnoteRef:8] Using longitude/latitude coordinates of pregnant women’s residential locations, we estimate the distance to the nearest point on the hurricane path applying Arc GIS technology. We formed a 30-mile band around the hurricane path, which represents the diameter of the eye of Hurricane Irma, where the devastating damages and impact were experienced. The eye of a strong hurricane is usually 19-40 miles in diameter, where the strongest wind occurs (Pasch, 2017). [6:  http://www.floridahealth.gov/statistics-and-data/data-and-statistics/index.html]  [7:  https://www.floridadisaster.org/]  [8:  https://msc.fema.gov/portal/resources/hazus] 

The main analysis sample consists of 640,649 live births. Our outcomes of interest include continuous and binary measures of birth weight and gestation length. The continuous indicators include birth weight in grams and gestational length in weeks. The binary indicators include preterm birth (which is equal to one if an infant was born before 37 weeks of gestation, and zero otherwise) and low birth weight (which is equal to one if an infant was born weighing less than 2500g, and zero otherwise).
3.5 Methodology
   We aim to investigate the causal effect of Hurricane Irma on birth outcomes, including preterm birth, low birth weight, abnormal conditions of newborns, and complication of labor/delivery.[footnoteRef:9] Using the difference-in-difference (DID) approach, we examine the causal effect of the treatment by comparing the outcome between the control and treatment groups before and after the treatment. In our study, the treatment is the exposure to Hurricane Irma. [9:  Based on Florida Vital Statistics Code Manual for Birth the abnormal conditions include: “anemia, birth injury, fetal alcohol, syndrome, hyaline membrane disease, meconium, aspiration syndrome, assisted ventilation <30 min, assisted ventilation >30 min, seizures”. For more information, see:
http://www.floridahealth.gov/statistics-and-data/data-and statistics/_documents/BirthCodeBookOctober2012.pdf ] 

Our DID analyses consider two alternative approaches to measuring the treatment. First, we define the hurricane exposure based on the distance to the eye of the hurricane (in miles). Second, we define hurricane exposure based on the peak wind speed (miles per hour). However, we report the results from the first approach; we report the results from the second by way of robustness check.
Using the first approach, we stratified pregnant women into two groups: the treatment and control groups. Based on the first approach, the treatment group consists of the pregnant women living within 30-mile radius of Hurricane Irma, and the control group consists of the pregnant women living outside the hurricane path. According to the second approach, the treatment group consists of the women who were exposed to Irma’s maximum wind speed of 74 mph (category 1 hurricane) or more during pregnancy, and control group consists of mothers who were exposed to less than 74 mph maximum wind speed (we will look at this measurement closely in the robustness check section).
We examine the following hypotheses for the first and second approaches (where first approach to measuring Hurricane Irma exposure is defined as living within 30-mile radius of Hurricane Irma during pregnancy; and the second approach to measuring Hurricane Irma exposure is defined as being exposed to Irma’s maximum wind speed of 74 mph or more during pregnancy):
Hypothesis 1: :  Exposure of pregnant women to Hurricane Irma has no significant impact on preterm birth and low birth weight.
Hypothesis 2: : Exposure of pregnant women to Hurricane Irma has no significant impact on abnormal conditions of newborns, and complication of labor/delivery.
3.5.1 First approach
We examine the causal impact of Hurricane Irma on birth outcomes by applying the following DID model (Kim et al., 2017):
  (3.1)
Where  is a newborn,  is the county of the mother’ residence, d, , and  are the day, month, and the year that newborn is born;  represents birth outcomes including birth weight (both continuous and binary measures), gestation (both continuous and binary measures), and abnormal condition of newborn baby, complications in delivery/labor;  is an indicator equal to 1 if the birth occurred between Sep 10 2017 and July 15 2018, and 0 otherwise;  is an indicator equal to 1 if the mother lived in the path of Hurricane Irma, and 0 otherwise;  include infant ’s mother’s sociodemographic characteristics such as mother’s age, education, and marital status. The interaction term  captures the causal impact of Hurricane Irma on birth outcome; , , and  are fixed effects for birth month, birth year, and county, respectively; and  is an error term.
To investigate the hurricane exposure by the trimester of pregnancy, we estimate the following model:
                      (3.2)
Where , , and  represent the mother’s exposure to Hurricane Irma when they were in their  (infants were conceived between Jun 11, 2017 and Sep 10, 2017),  (infants were conceived between March 12, 2017 and June 10, 2017), and  trimester (infants were conceived between Dec 16, 2016 and March 11, 2017) of their pregnancy.
3.5.2 Second approach
Using the second approach, our DID analysis is specified according to the cutoff for category 1 hurricane (with winds range from 74 to 95 mph). Using data on Hurricane Irma’s maximum wind speed (miles per hour) at longitude and latitude levels, mothers were stratified into two groups. Mothers living in the area impacted by the wind speed of more than 74 mph were considered as a treatment group, and those affected by wind speed less than 74 mph are considered as a control group.
To analyze the hurricane exposure based on maximum wind speed (mph), the following equation (which is the modified form of Eq. (3.1)) is applied.
                                                              (3.3)
Moreover, to estimate Hurricane Irma’s induced maximum wind speed exposure on birth outcomes by trimester of pregnancy, we defined the following DID model (which is the modified form of Eq. (3.2)).

                                                                                                               (3.4)
3.5.3 Maternal characteristics and exposure to Hurricane Irma
Following Currie and Rossin-Slater (2013), to investigate whether the birth month, birth year, and county fixed effects are sufficient to control for selection within areas that more likely to be affected by hurricanes, we estimate the following model:
             (3.5)
Based on Eq. (3.5), we evaluate whether there is a relationship between hurricane exposure (living within 30 miles of the hurricane path) and maternal characteristics. The variables are defined as Eq. (3.1) and Eq. (3.2). If the aforementioned fixed effects included in Eq. (3.5) can control for selection, then the interaction coefficient would not be statistically significant. However, the statistically significant interaction coefficient suggests that the fixed effects, including county fixed effect, are not able to control for selection (Currie and Rossin-Slater, 2013). As Table 3.1 depicts, panel (A) estimated Eq. (3.5) without county fixed effect, whereas panel (B) estimated Eq. (3.5) with county fixed effect. Panel (A) shows that mothers exposed to hurricanes were 0.43 percentage points more likely to be African American. As panel (B) shows, by including the county fixed effects, this difference was captured effectively (Currie and Rossin-Slater, 2013). Thus, we conclude that including county fixed effect were effective to control for selection.
3.6 Results
3.6.1 Summary statistics
Table 3.2 reports summary statistics. On average, 12.5% of infants were born prematurely, and 8.17% were born with low birth weight. The mean birth weight is 3251.37 grams, and the mean gestation length is 38.53 weeks. Almost 13% of infants have abnormal conditions, and 4.1% of births have complications during labor/delivery. Also, 71%, 23%, and 34% of mothers are White, Black, and Hispanic, respectively. Figure 3.4 shows mothers’ residential locations (at the longitude and latitude levels) over the period 2016-2018, respectively.
3.6.2 Regression results
Table 3.3 reports the estimated effects of Hurricane Irma exposure (living within 30 miles of the hurricane path) on birthweight (Column 1); gestational age at birth (Column 2); low birthweight (Column 3); premature birth (Column 4) using Eq. (3.1). We included birth year, birth month, and mother’s county fixed effects and clustered the error term at the mother’s county level. 
Table 3.3, Column (1) shows the results of continuous measure of birth weight outcome. The estimate of the coefficient interaction term  is -6.8919 and statistically significant, suggesting that hurricane exposure (living within 30 miles of the hurricane path) decreased birth weight by about 7 grams. Column (2) reports the results of continuous measure of gestation length outcome. The coefficient on the interaction term is -0.0130. However, this coefficient is not statistically significant, indicating that there is no significant gestation length (continuous measure) outcome difference between treatment (mothers living within the hurricane path) and control group (mothers living outside the hurricane path). Moreover, Column (3) and Column (4) show the results for low birth wight and preterm birth outcomes (using a linear probability model). As the results of Column (2), the results for the coefficients on interaction term reported in Column 2 and Column 3 are not statistically significant. It indicates that there is no significant difference between treatment and control groups in terms of preterm birth and a low birthweight outcome.
Table 3.3 also reports coefficients on mother and infant characteristics. The signs and magnitude of the coefficient estimates are in line with our expectations. For instance, married and educated mothers experienced an improvement in the birth outcomes. In contrast, teen mothers (mothers under the age of 19) are more likely to have low birth weight and premature infants. Similarly, African American, Hispanic mothers, and mothers who were smoking during pregnancy experienced higher adverse birth outcomes. In terms of infant characteristics, the estimated coefficients on infant’s gender are negative and statistically significant, indicating that female infants are more likely to be born with low birth weight.
Using Eq. (3.2), we estimate the impact of Hurricane Irma on birth outcomes by trimester. Table 3.4 reports the results of the impact of the hurricane exposure on continuous and binary measures of birth weight and gestational length. The results indicate that there is a higher negative impact on birth outcomes when mothers exposed to the hurricane in their first and third trimester of pregnancy. In Table 3.4, Column (1), and Column (2) show that exposure to the hurricane (coefficients on the interaction term) in the third trimester of pregnancy decreased birth weight, and gestation length by about 12 grams, and 0.07 week, respectively. Moreover, findings in Table 3.4 Column (3) depicts that the exposure to the hurricane during the first and the third trimesters of pregnancy increased the likelihood of low birth weight by 0.52 and 0.46 percentage point, respectively. Our results are in line with the previous studies suggesting that the exposure to natural disasters in the first and third trimesters of pregnancy are linked with a higher risk of low birth weight and preterm birth (Torche, 2011; Currie & Rossin-Slater, 2013; Kim et al., 2017; Jones, 2020). It is worth highlighting that fetal growth can be adversely impacted when the hurricane exposure (as a stressor) occurs in the first and third trimester of pregnancy. It is evident that in the first trimester, the infant’s most critical development occurs. Also, the fetal gains the most weight during the third trimester of pregnancy. Thus, any stressor that restricts the first trimester and third trimester growth can increase the likelihood of low birth weight and preterm birth (Smith, 2004).
Besides investigating the effect of hurricane exposure on birth weight and gestation length, we also look at the impact of Hurricane Irma on abnormal conditions of the infants and complications of labor and/or delivery. The results in Table 3.5 reports that hurricane exposure (living within 30 miles of the hurricane path) is estimated to increase the risk of an abnormal condition in the infants, and complications of labor and delivery by 2.4 and 0.66 percentage points, respectively.


3.7 Robustness check
3.7.1 Hurricane exposure based on the cutoff of Hurricane Irma’s maximum wind speed (second approach)
Besides our main model, which analyzes the hurricane exposure based on the 30 miles symmetrical distance buffer around the hurricane path, we are interested in investigating the hurricane exposure based on the hurricane’s maximum wind speed (miles per hour) (see Figure 3.5). 
Table 3.6 reports various estimates of the impact of Hurricane Irma exposure on the birth outcome using Eq. (3.3). Table 3.6, Panel (A), Column (1) and Column (2) report the results of the continuous measure of birth weight, and gestation length outcomes. In Column (1), the estimate of the coefficient on the interaction term  is -5.0562, but it is not statistically significant. Column (2) reports the results of continuous variable of gestation length. The coefficient estimate on the interaction term is -0.0687 and statistically significant, suggesting that the exposure to the maximum wind speed has decreased the gestation length by 0.0873 weeks. The results for low birth weight, and preterm birth outcomes reported in Column (3) and Column (4); however, the results for the coefficients on the interaction terms are not statistically significant.
Panel (B) of Table 3.6 shows various estimates of the impact of maximum wind speed exposure (induced by Hurricane Irma) on birth outcomes by trimester using Eq. (3.4). The results in Panel (B), Column (1), indicates that exposure to the maximum wind speed in the third trimester of pregnancy decreased birth weight by about 15 grams. However, the estimated impact of wind exposure on birth weight in the first and the second trimester of pregnancy are not statistically significant. The results in Panel (B), Column (2), reports the impact of the wind speed exposure on the gestation length by trimester. The coefficients on the interaction terms are negative and statistically significant, suggesting that the exposure to the maximum wind speed in the first, second, and third trimester of pregnancy decreased gestation length by 0.0873, 0.0517, and 0.0502 weeks, respectively. However, the impact of exposure on gestation is not very strong (lowered gestation length by less than a day). Furthermore, Panel (B) Column (3) and Column (4) show the results for low birth weight, and preterm birth outcomes (using a linear probability model). However, the estimated coefficients in both models are statistically insignificant. In summary, the estimated impact of wind exposure induced by Hurricane Irma on gestation length is more robust to estimation methods. Moreover, both results in Table 3.6 and the results of our main model (reported in Table 3.3 and 3.4) suggest that exposure in the third trimester has a stronger negative impact on birth weight, which varies from -11 to -15 grams.
3.7.2 Estimating the main model using different radii
We estimate the impact of different distance buffers on birth outcomes to investigate how varying distance buffers could affect our main results. We have defined two radii (including 50 miles and 60 miles) around the main distance buffer (30 miles). Panel (B) and Panel (C) of Table 3.7 present the estimated effect of Hurricane Irma on birth outcomes (both binary and continuous measures of birth weight and gestation) based on the 50 miles, and 60 miles symmetrical distance buffer around the hurricane path, respectively. The results show that none of the estimated coefficients on the interaction terms are statistically significant. It may suggest that although the 30 miles distance buffer is an arbitrary measure around the hurricane path, using different radii do not have a significant impact on our main result (presented in Table 3.3).
3.8 Causal mechanisms
We also investigated possible causal mechanism which could stress pregnant women. Following Currie and Rossin-Slater (2013), we look at the behavioral mechanisms that could contribute to the results. Moreover, we analyze the impact of other stressors such as hurricane-led evacuation, and economic loss, which have not been investigated in the previous studies.
3.8.1 The impact of Hurricane Irma on maternal behavior
The hurricane exposure (by living in the path of the hurricane, by the maximum wind speed) can stress pregnant women and consequently could impact the birth outcome. However, it is possible that stress could change maternal behaviors. For instance, stress induced by the hurricane may cause mothers to engage in risky behaviors such as smoking more cigarettes, drinking alcohol, gaining or losing noticeable weight through changing their diet, and negative change in their prenatal care. Table 3.8 presents the analysis of the behavioral mechanisms that could contribute to our results. We investigated whether stress could cause mothers to smoke in the first, second, and third trimester of the pregnancy, gain more than 60 pounds, have inadequate prenatal care. However, all the estimates in Table 3.8 are statistically insignificant, indicating that there is no impact of hurricane exposure on maternal behavior. Thus, we suggest that our findings are due to stress, not because of changes in maternal behavior.
3.8.2 Including the residential buildings damage rate and evacuation order as additional controls
We analyze the impact of physical stressors (evacuation order and rate of damage in mother’s residential buildings (see Figure 3.2 and 3.3)) induced by Hurricane Irma on birth outcome. To bound the impact of the stress on birth outcome more precisely, we estimate the Eq. (3.1) by adding the following control variables:  is an indicator for the level of damage in mother’s residential building;  is an indicator equal to one if a mother receives mandatory evacuation, and zero otherwise. Table 3.9 reports the estimated coefficients of the impact of hurricane exposure on birth outcomes using Eq. (3.1) and including the aforementioned control variables. Each column of Table 3.9 presents the coefficient estimates of a specific birth outcome regression. We included birth year, birth month, and mother’s county fixed effects and clustered the error term at the mother’s county level. Table 3.9, Column (1) reports the results of birth weight outcome (continuous measure). The estimate of the coefficient interaction term   is -6.8860 and statistically significant, indicating that hurricane exposure (living within 30 miles of the hurricane path) decreased birth weight by about 7 grams (which is almost the same as the result obtained from Eq. (3.1) presented in Table 3.3 Column (1)). Comparing the results in Tables 3.9 with the main results (presented in Table 3.3 Column (1)), we can suggest that including the aforementioned control variables in the main model had small impact on the birth weight outcome. It indicates that stressors like damage in residential buildings and receiving evacuation orders had small impact on birth outcomes. Thus, it may suggest that our findings are due to stress, not because of other stressors explained above.
3.9 Conclusion
This paper analyzes the causal impact of Hurricane Irma exposure on birth outcomes, including birth weight, gestation, abnormal condition of newborn baby, complications in labor and delivery. We combined Florida confidential birth data (obtained from Florida Department of Health, Bureau of Vital Statistics) over the period 2016-2018 with data on FEMA damage assessment, evacuation order, and maximum wind speed (provided by FDEM). We controlled for indicators such as the rate of damage in residential buildings and evacuation order caused by Hurricane Irma at the census tract level for the first time to bound the impact of stress (living within Hurricane Irma’s path) on birth outcomes more tightly. Moreover, we investigated the impact of maximum wind speed as the second approach on birth outcome. 
The findings show that hurricane exposure (living in the path of Hurricane Irma) decreased birth weight by about 7 grams. We also show that exposure to the hurricane in the third trimester of pregnancy causes a 0.46 percentage point increase in the likelihood of low birth weight, and the exposure in the third trimester of pregnancy has the highest negative impact on birth outcomes. In terms of other birth outcomes (complication of labor/delivery and abnormal condition of newborn) the hurricane exposure (living within 30 miles of the hurricane path) is estimated to increase the risk of abnormal condition in the infant, and complications of labor and delivery by 2.4 and 0.66 percentage point, respectively.
The estimated impact of hurricane Irma on birth weight and gestation length (the continuous measure) are robust to estimation methods. It is worth highlighting that the magnitude of the impact of hurricane exposure in our study are smaller than the effects found in the Currie and Rossin-Slater (2013) (1.5, 4.0, and 2.6 percentage point increase in likelihood of low birth weight, abnormal condition of newborn, and complication of labor/delivery, respectively), where they have used several estimation methods (such as OLS with county fixed effects and IV with mother fixed effects).
We investigated the impact of changes in maternal behavior, which could contribute to the results. However, we found no evidence that could account for these impacts. We also assessed the impact of other indicators such as evacuation order, residential building damage rate to isolate the impact of stress on birth outcomes. Comparing the results presented in Table 3.9 (where the aforementioned indicators controlled for) with the main results (shown in Table 3.3), we suggest that including the control variable mentioned above had small impact on the main results (presented in Table 3.3).
This work offers a contribution to the literature on climate change and health economics, by supporting the idea of the association between hurricanes and birth outcomes, where to our knowledge, no studies have tested the impact of a strong hurricane like Hurricane Irma on birth outcome. The findings can inform the public health sectors regarding the possible impact of hurricanes, especially in the State of Florida (where is the most hurricane-prone state in the country), on public health, especially pregnant women’s health. This information can be used by the health organizations to aid pregnant women to reduce their stress through preparation for hurricanes, including creating a secure place for pregnant women who seek shelter during the pregnancy, informing mothers regarding the possible risks after the hurricane, and facilitating access to their essential needs such as water, and foods.

Disclaimer: “Any published findings and conclusions are those of the authors and do not necessarily represent the official position of the Florida Department of Health.”
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TABLES

Table 3.1: Maternal characteristics and exposure to Hurricane Irma in Florida
	Panel A:
NO county fixed effects
	
	
	
	
	
	
	
	

	
	Mother's age:
 <20
	Mother's age:
45+
	Married mother
	Mother's ed: 
<HS
	Mother's ed: HS degree
	Mother's ed: 
some college
	Mother's ed:  college+
	Black mother
	Hispanic mother

	BornPost2017* HIPath
	0.0007
(0.0018)
	0.0002
(0.0003)
	0.0011
(0.0035)
	-0.0029
(0.0038)
	-0.0047
(0.0053)
	0.0024
(0.0031)
	-0.0041
(0.0034)
	0.0043**
(0.0021)
	0.0066
(0.0058)

	
	
	
	
	
	
	
	
	
	

	N
	591058
	591058
	591058
	591058
	591058
	591058
	591058
	591058
	591058

	
	0.0008
	0.0001
	0.0007
	0.0015
	0.0032
	0.0003
	0.0045
	0.0054
	0.0021

	
	
	
	
	
	
	
	
	

	Panel B:
County fixed effects
	
	
	
	
	
	
	
	

	
	Mother's age <20
	Mother's age 45+
	Married mother
	Mother's ed: <HS
	Mother's ed: HS degree
	Mother's ed: some college
	Mother's ed:  college+
	Black mother
	Hispanic mother

	BornPost2017* HIPath
	0.0007
(0.0018)
	0.0001
(0.0003)
	0.0015
(0.0036)
	-0.0028
(0.0038)
	-0.0050
(0.0052)
	0.0028
(0.0031)
	-0.0041
(0.0035)
	0.0036
(0.0022)
	0.0069
(0.0049)

	
	
	
	
	
	
	
	
	
	

	N
	591058
	591058
	591058
	591058
	591058
	591058
	591058
	591058
	591058

	
	0.0052
	0.0004
	0.0113
	0.0147
	0.0168
	0.0087
	0.0278
	0.0505
	0.1700


Note: Standard errors in parentheses. Standard errors are clustered by mother’s current county of residence. Low birth weight refers to newborn under 2500 gram. Prematurity” refers to gestation age under 37 weeks. * < 0.1, ** < 0.05, *** < 0.01.





Table 3.2: Summary statistics of Florida births, 2016–2018

	Variable

	Mean

	Std. Dev.

	
N


	birth weight (g)
	3251.367
	570.908
	640,649

	Low birth weight (<2500 g)
	0.082
	0.274
	640,649

	gestation (weeks)
	38.532
	2.346
	640,649

	premature (<37 weeks)
	0.125
	0.331
	640,649

	Mother's age <20
	0.047
	0.212
	640,649

	Mother's age 20-24
	0.195
	0.396
	640,649

	Mother's age 25-34
	0.577
	0.494
	640,649

	Mother's age 35-44
	0.178
	0.383
	640,649

	Mother's age 45>
	0.002
	0.049
	640,649

	Mother smoked prior pregnancy
	0.051
	0.219
	640,649

	Mother smoked in the 1st trimester
	0.039
	0.194
	632,417

	Mother smoked in the 2nd trimester
	0.036
	0.187
	633,515

	Mother smoked in the 3rd trimester
	0.035
	0.184
	634,522

	Mother used alcohol during pregnancy
	0.005
	0.068
	636,382

	C-section delivery
	0.372
	0.483
	640,407

	Mother white
	0.712
	0.453
	640,649

	Mother black
	0.230
	0.421
	640,649

	Mother Hispanic
	0.341
	0.474
	640,649

	Mother's education: <HS degree
	0.116
	0.320
	640,649

	Mother's education: graduated HS
	0.307
	0.461
	640,649

	Mother's education: some college
	0.289
	0.453
	640,649

	Mother's education: college+
	0.277
	0.448
	640,649

	Multiple birth
	0.031
	0.173
	640,591

	Female infant
	0.489
	0.500
	640,649

	Mother married
	0.537
	0.499
	640,649

	Number of prenatal visits
	10.822
	3.924
	603,328

	Birth order
	1.511
	0.515
	19,891

	Mother gained <16 (lbs.)
	0.156
	0.363
	640,649

	Mother gained >60 (lbs.)
	0.093
	0.291
	640,649

	Any abnormal condition of newborn
	0.126
	0.332
	640,649

	Any complication labor/delivery
	0.041
	0.199
	640,649
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Table 3.3: The effect of Hurricane Irma exposure (living within 30 miles of the hurricane path) on birth outcomes
	
	Birthweight (gram)
	Gestation (week)
	Low birth weight (<2500 gram)
	prematurity (<37 weeks)


	BornPost2017* HIPath
	-6.8919*
(3.9522)
	-0.0130
(0.0157)
	0.0003
(0.0013)
	0.0008
(0.0022)

	Mother age
	-2.3089***
(0.3293)
	-0.0309***
(0.0007)
	0.0019***
(0.0001)
	0.0028***
(0.0001)

	Teen mother
	-45.1641***
(5.3495)
	-0.2643***
(0.0177)
	0.0171***
(0.0017)
	0.0291***
(0.0024)

	Mother's ed: <HS
	-28.9719*
(15.8924)
	-0.0316
(0.0362)
	0.0046
(0.0056)
	0.0136***
(0.0051)

	Mother's ed: HS degree
	-18.7537
(15.3482)
	-0.0775**
(0.0351)
	-0.0015
(0.0040)
	0.0117**
(0.0050)

	Mother's ed: some college
	4.3830
(16.7745)
	-0.0250
(0.0350)
	-0.0109**
(0.0041)
	0.0002
(0.0049)

	Mother's ed:  college+
	26.8950
(18.9913)
	0.0756**
(0.0350)
	-0.0236***
(0.0043)
	-0.0144***
(0.0049)

	Mother Hispanic
	-16.0488***
(5.5128)
	-0.0627***
(0.0073)
	-0.0030**
(0.0013)
	0.0037***
(0.0010)

	Mother African American
	-68.8117***
(11.6924)
	-0.3232***
(0.0141)
	0.0364***
(0.0033)
	0.0380***
(0.0020)

	Mother smoked in the 1st trimester
	-49.6525***
(13.5217)
	-0.0047
(0.0517)
	0.0141**
(0.0055)
	0.0003
(0.0072)

	Mother smoked in the 2nd trimester
	-80.3426***
(17.6963)
	-0.0938
(0.0768)
	0.0184**
(0.0076)
	0.0198*
(0.0105)

	Mother smoked in the third trimester
	-82.8049***
(20.2248)
	-0.0900
(0.0692)
	0.0397***
(0.0070)
	0.0049
(0.0098)

	Female infant
	-121.5958***
(1.1348)
	0.0798***
(0.0060)
	0.0167***
(0.0006)
	-0.0072***
(0.0008)

	Mother Married
	42.0681***
(4.6660)
	0.0992***
(0.0071)
	-0.0152***
(0.0011)
	-0.0136***
(0.0010)

	Birth month fixed effect
	Yes

	Yes

	Yes

	Yes


	Birth year fixed effect
	Yes

	Yes

	Yes

	Yes


	County fixed effect
	Yes

	Yes

	Yes

	Yes


	R-squared
	0.1496

	0.0908

	0.1259
	0.0779

	Number of observations
	549,244
	549,244
	549,244
	549,244


Note: Standard errors in parentheses. Standard errors are clustered by mother’s current county of residence. Low birth weight refers to newborn under 2500 gram. Prematurity” refers to gestation age under 37 weeks. * < 0.1, ** < 0.05, *** < 0.01.
Table 3.4: The effect of Hurricane Irma exposure (living within 30 miles of the hurricane path) on birth outcomes by trimester
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	Birthweight (gram)
	Gestation (week)
	Low birth weight (<2500 gram)
	prematurity (<37 weeks)

	1st trimester*HIPath
	-8.7823
(6.1658)
	-0.0322
(0.0499)
	0.0052*
(0.0026)
	0.0046
(0.0058)

	2nd trimester*HIPath

	-7.5561
(6.0257)
	0.0148
(0.0638)
	-0.0014
(0.0026)
	-0.0006
(0.0078)

	3rd trimester**HIPath

	-11.6522**
(4.7231)
	-0.0681***
(0.0237)
	0.0046**
(0.0022)
	0.0060
(0.0042)

	Mother age

	-2.3080***
(0.3291)
	-0.0309***
(0.0017)
	0.0021***
(0.0001)
	0.0028***
(0.0002)

	Teen mother
	-45.1387***
(5.3509)
	-0.2642***
(0.0208)
	0.0155***
(0.0020)
	0.0291***
(0.0033)

	Mother's ed: <HS
	-28.9279*
(15.8791)
	-0.0314
(0.0497)
	-0.0017
(0.0041)
	0.0137***
(0.0045)

	Mother's ed: HS degree
	-18.7071
(15.3429)
	-0.0772
(0.0493)
	-0.0001
(0.0045)
	0.0117**
(0.0048)

	Mother's ed: some college
	4.4328
(16.7604)
	-0.0247
(0.0560)
	-0.0068
(0.0042)
	0.0002
(0.0052)

	Mother's ed:  college+
	26.9406
(18.9790)
	0.0760
(0.0560)
	-0.0184***
(0.0041)
	-0.0144***
(0.0053)

	Mother Hispanic
	-16.0474***
(5.5117)
	-0.0626***
(0.0163)
	-0.0049**
(0.0019)
	0.0037*
(0.0021)

	Mother African American
	-68.7979***
(11.6862)
	-0.3231***
(0.0241)
	0.0344***
(0.0030)
	0.0379***
(0.0033)

	Mother smoked in the 1st trimester
	-49.6606***
(13.5243)
	-0.0048
(0.0554)
	0.0056
(0.0054)
	0.0003
(0.0064)

	Mother smoked in the 2nd trimester
	-80.3667***
(17.7119)
	-0.0930
(0.0789)
	0.0144
(0.0098)
	0.0198**
(0.0087)

	Mother smoked in the third trimester
	-82.7683***
(20.2234)
	-0.0905
(0.0793)
	0.0387***
(0.0107)
	0.0049
(0.0095)

	Female infant
	-121.5879***
(1.1335)
	0.0799***
(0.0064)
	0.0171***
(0.0008)
	-0.0072***
(0.0009)

	Mother Married
	42.0753***
(4.6606)
	0.0993***
(0.0116)
	-0.0110***
(0.0012)
	-0.0136***
(0.0019)

	Month of the year fixed effect
	Yes
	Yes
	Yes
	Yes

	Birth year fixed effect
	Yes
	Yes
	Yes
	Yes

	County fixed effect
	Yes
	Yes
	Yes
	Yes

	R-squared
	0.1496
	0.0908
	0.1259
	0.0779

	Number of observations
	549,244
	549,244
	549,244
	549,244


Note: Standard errors in parentheses. Standard errors are clustered by mother’s current county of residence. Low birth weight refers to newborn under 2500 gram. Prematurity” refers to gestation age under 37 weeks. * < 0.1, ** < 0.05, *** < 0.01.
Table 3.5: The effect of Hurricane Irma exposure (living within 30 miles of the hurricane path) on abnormal condition of newborn and complication in labor/delivery
	
	Any abnormal condition of newborn
	Any complication of labor/delivery

	BornPost2017* HIPath
	0.0246***
	0.0066***

	
	(0.0023)
	(0.0013)

	Month of the year fixed effect
	Yes
	Yes

	Birth year fixed effect
	Yes
	Yes

	County fixed effect
	Yes
	Yes

	R-squared
	0.0559
	0.0491

	Number of observations
	589070
	589070


Note: Standard errors in parentheses. Standard errors are clustered by mother’s current county of residence. * < 0.1, ** < 0.05, *** < 0.01.
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Panel A:

The effect of Hurricane Irma on birth outcomes: The main model (Based on maximum wind speed (mph))


	
	Birthweight (gram)
	Gestation (week)
	Low birth weight (<2500)
	prematurity (<37 weeks)

	BornPost2017*WindSp74mph
	-5.0562
(3.6335)
	-0.0687**
(0.0290)
	0.0025
(0.0016)
	0.0023
(0.0035)

	

	Month of the year fixed effect
	Yes
	Yes
	Yes
	Yes

	Birth year fixed effect
	Yes
	Yes
	Yes
	Yes

	County fixed effect
	Yes
	Yes
	Yes
	Yes

	R-squared
	0.1339
	0.0718
	0.1145
	0.0673

	Number of observations
	581495
	581495
	581495
	581495

	
Panel B:
The effect of the Hurricane Irma on birth outcomes: By trimester (Based on maximum wind speed (mph))

	
	Birthweight (gram)
	Gestation (week)
	Low birth weight (<2500 gram)
	prematurity (<37 weeks)

	1st trimester*WindSp74mph

	-8.5376
(6.3051)
	-0.0873***
(0.0264)
	0.0038
0.0030
	0.0066
0.0057

	2nd trimester*WindSp74mph

	6.5986
(5.3406)
	-0.0517**
(0.0261)

	-0.0007
0.0030
	0.0011
0.0071

	3rd trimester*WindSp74mph

	-15.1139***
(5.2160)
	-0.0502**
(0.0244)
	0.0047
0.0029
	0.0022
0.0030

	
	

	Month of the year fixed effect
	Yes
	Yes
	Yes
	Yes

	Birth year fixed effect
	Yes
	Yes
	Yes
	Yes

	County fixed effect
	Yes
	Yes
	Yes
	Yes

	R-squared
	0.1339
	0.0718
	0.1145
	0.0673

	Number of observations
	581495
	581495
	581495
	581495


Note: Standard errors in parentheses. Standard errors are clustered by mother’s current county of residence. Low birth weight refers to newborn under 2500 gram. Prematurity” refers to gestation age under 37 weeks. * < 0.1, ** < 0.05, *** < 0.01.




Table 3.7: The effect of Hurricane Irma exposure on birth outcomes: Different distance cutoffs
	
Panel A: Distance buffer =30 mile (Main result)


	
	Birthweight (gram)
	Gestation (week)
	Low birth weight (<2500 gram)
	prematurity (<37 weeks)

	BornPost2017* HIPath
	-6.8919*
(3.9522)
	-0.0130
(0.0157)
	0.0003
(0.0013)
	0.0008
(0.0022)

	Month of the year fixed effect
	Yes
	Yes
	Yes
	Yes

	Birth year fixed effect
	Yes
	Yes
	Yes
	Yes

	County fixed effect
	Yes
	Yes
	Yes
	Yes

	R-squared
	0.1496
	0.0908
	0.1259
	0.0779

	Number of observations
	549244
	549244
	549244
	549244

	


	Panel B: Distance buffer =50 mile

	
	Birthweight (gram)
	Gestation (week)
	Low birth weight (<2500 gram)
	prematurity (<37 weeks)

	BornPost2017* HIPath
	-4.6705
(3.6304)
	0.0080
(0.0407)
	0.0007
(0.0021)
	-0.0022
(0.0046)

	Month of the year fixed effect
	Yes
	Yes
	Yes
	Yes

	Birth year fixed effect
	Yes
	Yes
	Yes
	Yes

	County fixed effect
	Yes
	Yes
	Yes
	Yes

	R-squared
	0.1496
	0.0908
	0.1259
	0.0779

	Number of observations
	549244
	549244
	549244
	549244

	

	
Panel C: Distance buffer = 60 mile

	
	Birthweight (gram)
	Gestation (week)
	Low birth weight (<2500 gram)
	prematurity (<37 weeks)

	BornPost2017* HIPath
	-3.0682
(3.5877)
	0.0286
(0.0422)
	0.0003
(0.0019)
	-0.0041
(0.0047)

	Month of the year fixed effect
	Yes
	Yes
	Yes
	Yes

	Birth year fixed effect
	Yes
	Yes
	Yes
	Yes

	County fixed effect
	Yes
	Yes
	Yes
	Yes

	R-squared
	0.1496
	0.0908
	0.1259
	0.0779

	Number of observations
	549244
	549244
	549244
	549244


Note: Standard errors in parentheses. Standard errors are clustered by mother’s current county of residence. Low birth weight refers to newborn under 2500 gram. Prematurity” refers to gestation age under 37 weeks. * < 0.1, ** < 0.05, *** < 0.01.








Table 3.8: Other possible mechanism for the impact of Hurricane Irma
	
	Mother smoked in the first trimester
	Mother smoked in the second trimester
	Mother smoked in the third trimester
	Number of cigarettes smoked
	Weight gain>60 pounds
	Number of prenatal visits
	Adequate prenatal care (Kessner Index)

	BornPost2017* HIPath
	0.0033
(0.0025)
	0.0010
(0.0019)
	0.0004
(0.0018)
	0.0217
(0.7050)
	-0.0092
(0.0064)
	0.0391
(0.0922)
	0.0264
(0.0459)

	
	
	
	
	
	
	
	

	Month of the year fixed effect
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes

	Birth year fixed effect
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes

	County fixed effect
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes

	R-squared
	0.0731
	0.0713
	0.0706
	0.0582
	0.0244
	0.0871
	0.0752

	Number of observations
	549644
	550559
	551445
	549101
	589070
	555865
	588674


Note: Standard errors in parentheses. Standard errors are clustered by mother’s current county of residence. * < 0.1, ** < 0.05, *** < 0.01.













Table 3.9: Main results with additional controls including evacuation order and structural damage rates
	
	Birthweight (gram)
	Gestation (week)
	Low birth weight (<2500 g)
	prematurity (<37 weeks)

	BornPost2017* HIPath
	[bookmark: _Hlk59585398]-6.8860*
(3.9531)
	-0.0127
(0.0371)
	0.0015
(0.0021)
	0.0008
(0.0022)

	Month of the year fixed effect
	Yes
	Yes
	Yes
	Yes

	Birth year fixed effect
	Yes
	Yes
	Yes
	Yes

	County fixed effect
	Yes
	Yes
	Yes
	Yes

	R-squared
	0.1496
	0.0908
	0.1259
	0.0779

	Number of obs
	549244
	549,244
	549244
	549244


Note: Standard errors in parentheses. Standard errors are clustered by mother’s current county of residence. Low birth weight refers to newborn under 2500 gram. Prematurity” refers to gestation age under 37 weeks. * < 0.1, ** < 0.05, *** < 0.01.



FIGURES

Figure 3.1: Hurricane Irma’s Path
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Figure 3.2: Evacuation orders caused by Hurricane Irma, Florida
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Figure 3.3: Economic losses for buildings by census tract
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Figure 3.4: Live births over the period of 2016-2018, Florida
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[bookmark: _26in1rg]Figure 3.5: Hurricane Irma – peak wind gusts (mph) by census tract, Florida
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CHAPTER 4
[bookmark: _Hlk72590454]Hurricane Induced Power Disruptions: Households’ Preferences for Improving Infrastructure Resilience
4.1 Introduction
Hurricanes have the potential to cause substantial damage and disruptions to the public utility systems, including electricity, transportation, telecommunications, as well as drinking water and wastewater infrastructures due to high wind, storm surge, heavy rain, and flooding (Kwasinski et al. 2006; Campbell, 2012; Sajadi Bami, 2019). Hurricane-induced winds and rainfall cause power interruptions to a large number of customers. The duration of the hurricane-induced power outage (which can last a few hours to several days depending on the severity of the hurricane) can have substantial impacts on businesses and manufactures, transportation, water supply, healthcare, emergency aids and services, and on the affected communities as a whole (Campbell, 2012; FEMA 2017; Zimmerman et al. 2017). 
It is evident that the U.S. economy loses in the range of $20 to $55 billion yearly from hurricane-related power outages, and it is reported that the trend of the extreme weather-induced electricity outage is rising (Campbell, 2012). Furthermore, extreme weather events like hurricanes can disrupt the electricity required to operate drinking water treatment and wastewater systems, and as a result, it could create a serious potable water supply crisis (Duffy, 2013; Zimmerman, 2017; Matthews, 2016). Hurricanes can also cause severe damage to roads, bridges, as well as road closure by hurricane-induced flooding, fallen tree, and downed electricity distribution lines, which can slow down the repairing process and make the transportation services almost unattainable. Finally, hurricanes can damage telecommunication networks through hurricane-induced power outage, causing disruption to access telephone, internet services, and consequently may disrupt the communication with those who need urgent aid or medical care (Kwasinski et al. 2006).  
Florida has been hit by some of the most deadly and destructive hurricanes in the past few years. On average, Florida would be hit by at least one hurricane every two years and by a major hurricane every four years (Malmstadt et al. 2009). In 2004, Florida was impacted by four major Hurricanes, including Charley, Frances, Ivan, and Jeanne, and it was impacted by two major Hurricanes, Dennis and Wilma, in 2005 (Baker, 2011). Hurricane Wilma was one of the most destructive hurricanes after Hurricane Katrina in 2005. It made several landfalls and had a destructive impact on Florida, causing more than 3 million electricity outages (Chatterjee and Mozumder, 2015). Hurricane Wilma was ranked the third costliest storm in U.S. history by causing damage estimated at more than $20 billion U.S. dollars (Chatterjee and Mozumder, 2015). Most recently, hurricanes hit Florida in 2016 and 2017. In 2016, Florida was hit by Hurricanes Hermine and Matthew, and in 2017 by Hurricane Irma (Florida Public Service Commission, 2018). Hurricane Irma struck the Florida Keys and southeastern Florida on September 10, 2017, as Category 3 and 4 hurricanes, respectively. The hurricane-related high-speed wind and heavy rainfall left 6.5 million customers without electricity, disrupted access to potable water, and cost an estimated $50 billion damage in the U.S. This has made Hurricane Irma the fifth costliest hurricane in U.S. history (Issa et al., 2018; Cangialosi et al., 2018).            
Considering the current risk, where the critical infrastructure is vulnerable to extreme weather events more than ever (due to the increased intensity and frequency of natural disasters in the last few years), it is crucial to consider resilience as a vital factor to protect public infrastructure (National Infrastructure Advisory Council (NIAC), 2009). The definition of resilience is multidimensional, and several factors need to be considered for its quantification (Alam et al., 2019). There is no unique definition for resilience in the literature. Based on Lizarraga (2013), the definition of resilience is a function of the type of analysis (e.g., community resilience, infrastructure resilience), type of disruption (natural disasters, manmade), types of strategies (preparation, response, recovery, mitigation), and goal of usage (evaluation of mitigation, improvement in response). To define critical infrastructures resilience, three factors need to be considered: robustness (defined as the capacity to maintain the critical operations when confronted with disasters), resourcefulness (defined as the capacity to respond and cope with the disaster as it expands), quick recovery (defined as the capacity to go back to normal operations as soon as possible after an interruption caused by a crisis) (NIAC, 2009).
To define infrastructure resilience, the NIAC (2009) formed the following definition:
“Infrastructure resilience is the ability to reduce the magnitude and/or duration of disruptive events. The effectiveness of a resilient infrastructure or enterprise depends upon its ability to anticipate, absorb, adapt to, and/or rapidly recover from a potentially disruptive event.”
In response to the impact of climate change and extreme weather events on critical infrastructure, necessary plans and actions have been taken to improve the resilience of critical infrastructure (such as electricity infrastructure) in the past few years. Following the 2004 and 2005 hurricane seasons, the Florida Public Service Commission adopted several programs to strengthen Florida’s electric infrastructures (including hardening of electrical transmission and distribution lines, vegetation management, placing the electrical distribution and transmission lines underground) to reduce hurricane damage, reduce the restoration costs, reduce the restoration time, and improve the reliability of facilities for the customers (Campbell, 2012; Florida Public Service Commission, 2008 &2018). The Commission also requested investor-owned electric utilities (IOU) to renew hurricane hardening strategies and report those updated plans to the Commission every three years. These hardening plans over the past few years have become a path for improving the electric infrastructure resilience. The 2016 and 2017 hurricane seasons have enabled the Commission to check whether the hardening plans were effective. In 2018, based on the information submitted by IOUs, the Commission reported that the hardened utilities worked better than non-hardened utilities (Florida Public Service Commission, 2018). Finally, in October 2019, Strom Protection Plans (SPP) cost recovery Bill 786 passed by the Florida legislature, and the legislation signed into law by Gov. Ron DeSantis. Accordingly, the Florida Public Service Commission requires IOUs to develop 10-year restoration plans, which need to be updated on a regular basis. In fact, SPPs continue the strategies that have been performing by IOUs over the past few years (since 2004-2005 hurricane seasons) to improve the resilience of electricity infrastructures (Walton, 2020).[footnoteRef:10] Regulators approved that SPPs provide benefits to electricity customers since the plans continue to improve the resilience of electricity infrastructure to reduce the duration of power outages, restoration costs related to storms and hurricanes. [10:  For more information, see CS/CS/CS/SB 796 — Public Utility Storm Protection Plans: https://www.flsenate.gov/Committees/BillSummaries/2019/html/2013
] 

However, most of these resilience strategies come with high costs, which need to be adjusted to the perceived benefits. Given the resilience strategies for electricity infrastructures mentioned earlier in Florida, little is known about Floridians’ preferences for improvement in the resilience of electricity systems in response to hurricanes. Thus, it is important that decision makers recognize the community support for the resilience of electricity infrastructures programs to be able to plan their resilience strategies according to households’ preferences and create pricing plans to bring in enough profits for funding future resilience projects (Price et al., 2019). In other words, understanding how much people value the resilience strategies assists in making decisions on investing in resilience systems. In fact, public’s willingness-to-pay (WTP) is a key factor in determining how much investment in the resilience of electricity infrastructure will be accepted by the customers (Baik et al., 2020).         
4.1.1 Scope of the study
This paper aims to analyze public preferences for improvement in the resilience of electricity infrastructures to extreme weather events in Florida. More specifically, we use data from discrete choice experiments (DCE) (a monetary valuation technique) embedded in the “household survey on the socioeconomic, health, political and environmental aspects of Hurricane Irma in Florida.” The DCE is a stated preference technique that evaluates the respondents’ preferences for non-market goods and services. In this case, the DCE is implemented through an online survey and focuses on improving the resilience of electricity infrastructure systems to extreme weather events. 
Following NIAC (2009), we define resilience as reducing the duration of disruptive events, which are power outages caused by hurricanes in our case. The contributions of this study are as follows. First, to our knowledge, this is the first study that applies the DCE approach to investigate the households’ willingness to pay for improving the resiliency of power infrastructures in response to extreme weather events in one of the most hurricane-prone areas in the U.S. Second, this paper fills the gap in the existing literature to help devise the decision criteria for more effective investment for improving the resilience of critical public infrastructure in response to coastal hazards and vulnerabilities in the State of Florida.       
4.2 Literature review
The non-market valuation techniques for estimating households’ preferences (WTP) fall into two main categories: stated preference and revealed preference approaches. In the revealed preference approach, the WTP for improvement in public services (e.g., electricity) can be estimated using data on expenditure spent on goods associated with the corresponding public service. The stated preference methods (e.g., contingent valuation (CV) method and discrete choice experiment (DCE) method) are based on survey-based techniques that use hypothetical scenarios to quantify WTP for improvement in public utilities. While the CV method has been used broadly in the literature, the DCE method is becoming increasingly popular since it allows us to incorporate different alternative choice attributes related to the good or service and quantify the public preferences for each attribute (Ozbafli and Jenkins, 2016). 
4.2.1 Reliability of electricity services
There is a strand of literature investigating the households’ WTP and manufacturing firms’ WTP for improvement in reliability of electricity supply to avoid power outages (either short term or long term) using both CV and DCE approaches (Morrissey et al., 2018; Ozbafli and Jenkins, 2016; Sagebiel, 2017; Amoah et al., 2019; Morrison and Nalder, 2009; Ghosh et al., 2017; Kim et al., 2018; Carlsson et al., 2020). Another strand of studies examined the households’ preferences to participate in programs that promote sustainable energy systems or limit peaks in electricity consumption (Srivastava et al., 2020; Mengelkamp et al., 2019). To gain an understanding of how climate change would impact the costs of power outages, Cohen et al. (2018) investigated the effect of global warming on households’ WTP for avoiding power outages across nineteen European countries using a DCE method. Their findings indicate that households’ WTP for uninterrupted power supply is strongly associated with the local temperature. Households are willing to pay more for winter outages than summer outages. However, as global warming intensifies, the WTP for avoiding the summer outages will increase, and WTP for interrupted power supply will decrease in the winter season. 
However, very few studies have been conducted to investigate the public’s preferences for improvement in the resilience of critical infrastructure to extreme weather events (Price et al., 2019; Wang et al., 2018; Baik et al., 2020). Price et al. (2019) examined public preferences for improvement in water infrastructures to mitigate the risk of flood events and water outages in Canada. They used two separate DCEs: a flood risk DCE (which evaluates the public’s preferences for improvement in the infrastructures to mitigate the risk of flood events), and water interruption risk DCE (which evaluates public’s preferences for improvement in the infrastructures to reduce the risk of water outages). Each choice set consists of two alternatives, including the status quo option and the hypothetical program option, where each alternative contains several attributes and their related levels. The six attributes of flood risk DCE are: type of facilities (engineering or green infrastructures); cost of the program; annual percentage risk of basement flooding, street flooding, flood-induced power outage, and flood-induced boil water advisory. Similarly, the five attributes of water interruption risk DCE are: short-term water interruption, long-term water interruption, a boil water advisory, type of facilities, and cost of the program. Using the random-effects probit model, they found that households are willing to pay for a policy program that mitigates the flood risks and the water outage risk substantially than modestly. However, they found considerable heterogeneity across the regions and different sociodemographic groups; that is, residents in rural areas and those living in regions with higher housing value have higher WTPs for the policy programs. In a similar study, Baik et al. (2020) investigated the customers’ WTP for improvement in the resilience of electricity services to very cold winters induced by climate change using a CV model, where resilience is defined as providing back-up power services during long-term power outages. Their findings indicate that customers (i.e., households living across the northeast of U.S.), are willing to pay more to support social power backup services than sustaining their own private backup services. 
[bookmark: _Hlk69733519]The most relevant study conducted by Wang et al., (2018) quantified public preferences for improvement in the resilience of transportation systems to extreme weather events, where resilience is described as reduced time in restoring the disrupted transportation system. They used the DCE method to gain insight into the households’ preferences for flood risk reduction induced by hurricanes in New York City under a specific payment mechanism. The DCE consists of two hypothetical scenarios of improvement in the resilience of transportation infrastructures and a status quo scenario. These scenarios are differentiated based on the improvement in operative levels of the transportation system in 1-2 days, 3-5 days, 1 week, and 2 weeks. Using different types of mixed logit models, they found that respondents’ WTP ranges from $75 to $775, suggesting that there is positive support for funding resilience programs in transportation systems in New York City.   
Following Wang et al. (2018), our study investigates the customers’ preferences for improvement in the resilience of electricity infrastructures to hurricanes in Florida. In this regard, by applying a DCE approach, we examine whether Floridian customers support the funding resilience programs in electricity infrastructures, where resilience in our study is defined as the reduced time in repairing and restoring the interrupted electricity services. To estimate our model, we use a mixed logit model, which allows us to control for preference heterogeneity.   
4.3 Discrete Choice Experiment 
Discrete choice experiments have been applied first in transportation and marketing disciplines to investigate tradeoffs between different attributes of transportation projects and private goods, respectively. They have also been employed in environmental economics to value non-market goods and services (Alpizar et al., 2001). Adamowicz et al. (1994), Boxall et al. (1996), Adamowicz et al. (1998), Adamowicz et al. (1997), and Hanley et al. (1998) were the first studies that applied DCE to investigate various environmental management issues.
In DCEs, respondents are provided several choice sets containing a number of hypothetical alternatives. Each alternative consists of several attributes with different corresponding levels (such as combination levels of price attribute, which allows us to estimate the marginal WTP for each attribute in the choice sets). The respondents are asked to select an alternative among several proposed alternatives in a choice set that they prefer most. In fact, by making a choice, respondents make trade-offs between different levels of attributes in the proposed alternatives in each choice set (Alpizar et al., 2001). 
The DCEs possess several advantages compared to other valuation techniques: first, the DCE method allows us to identify the marginal value of each attribute of an environmental good, which may be difficult to find using revealed preference data (due to collinearity or invariability). Second, the DCE method alleviates estimating the values of attributes that compose an environmental good or service. This is very vital for policy analysis since it usually focuses on the changing attribute levels of environmental goods and services. However, the CV method is more capable of analyzing the loss or gain of an environmental good altogether. Third, the DCE method avoids the “yea-saying” bias in the CV method since individuals are not asked to make a choice on an all-or-nothing basis. Instead, in the DCE method, respondents are asked to select one of two alternatives or a status quo alternative in each choice set. Finally, in the DCE method, respondents receive several choice sets, which give them repeated chances to reveal their preferences (Hanley et al., 1998).  
The response to the choice between three choice alternatives can be demonstrated in a Random Utility Maximization (RUM) framework. The RUM model is based on the hypothesis that respondents know and are certain about their utility, but researchers are not able to capture and detect the respondents’ utility. Thus, there exist unobservable factors in the random error term. The overall utility that respondent  obtains from selecting alternative  on choice set  can be written as (Ropars-Collet et al., 2017; Holmes et al., 2017):
                         (4.1)
Based on Eq. (4.1), the utility is the sum of systematic component  and random component  for respondent . In Eq. (4.1),  is a vector of respondent  preference parameters;  represents a vector of attributes related to respondent  and alternative  on choice set ;  is the error term, which is presumed to be independently and identically distributed (IID).  
The underlying assumption in applying a RUM model is that error terms are independently and identically distributed (IID). This assumption induces a logistic distribution, leading to the multinomial logit model (Holmes et al., 2017). The multinomial logit model (MNL) can be implemented by assuming that a choice set in the DCE contains N alternatives (i = 1, …, N), and the error term is IID extreme value distributed. Accordingly, the likelihood of respondent  selecting alternative  on choice set  is given by:
                                                     (4.2)
The multinomial logit model is popular for its simplicity in terms of estimation; however, there exist two limiting assumptions on the MNL models. First, the alternatives are independent; second, there are restrictions in modeling of variation in taste among respondents. The first issue occurs because it is assumed that the error term is IID extreme value distributed, causing the independence of irrelevant alternatives (IIA) property (which states that changes in alternatives in a choice set do not affect the ratio of chances of choosing between two alternatives in the choice set). If the aforementioned assumption is not satisfied, the MNL model should not be applied. The second issue with the MNL model is dealing with the observed and unobserved heterogeneity. The observed heterogeneity can be included in the model by introducing the interaction terms of sociodemographic characteristics and attributes. However, the IID assumption is so restrictive with regard to unobserved heterogeneity (Alpizar et al., 2001; Holmes et al., 2017).  
The MNL model can be generalized to more advanced modeling to overcome its limitations, such as identifying preference heterogeneity (Holmes et al., 2017). The mixed logit (ML) model (also known as random parameters logit) is an extension of the MNL model, which assumes that parameters can vary randomly across respondents. Also, it explicitly accounts for correlation across repeated choices by each respondent (Revelt and Train, 1998). The ML possibility of selecting alternative  for respondent  can be defined as the integral of conditional (standard logit) probability over the distribution of  (Train, 1998):
                                              (4.3)
Where  is the density function;  is a vector of parameters of the distribution. 
The goal of DCE is to quantify levels of tradeoffs between attributes in a choice set and to use the measures to assess the respondents’ WTP for a change in levels of attributes while respondents remain better off after the change like before the change. Indeed, DCE allows us to estimate WTP for gain or loss for any combination of alteration in levels of attributes by providing estimates of indirect utility function (Holmes et al., 2017).  
The WTP for a marginal change in attribute level of parameter  can be measured as the negative ratio of parameter for the attribute  ( to parameter for the price attribute  (Holmes et al., 2017):
                                                                   (4.4)
Where  denotes the marginal utility of attribute , and  denotes the marginal utility of income for respondent . Indeed, the marginal WTP (which is also known as implicit price) displays how much respondents are willing to pay to sacrifice for a marginal change in the attribute (Ropars-Collet et al., 2017; Holmes et al., 2017). 
4.3.1 Discrete Choice Experiment design
To design the DCEs, we select five attributes to define the understudied services (which are the resilience of electricity infrastructures in our case) and their corresponding levels. It is worth highlighting that the attributes and their levels were selected after consultation with the experts from the electricity sectors and following the limited existing literature. Following Wang et al. (2018), our choice sets contain two hypothetical alternatives of improvement in the resilience of electricity infrastructures (option A and Option B) and the status quo alternative, where resilience is defined as the reduced time in restoring the disrupted electricity infrastructures and providing the services to the higher percentage of customers. Our four attributes include improvement in the resiliency of electricity infrastructures in terms of the percentage of electricity customers receiving the service 1-2 days, 3-5 days, 1 week, and 2 weeks after a strong hurricane like Hurricane Irma. The two hypothetical alternatives of improvement in the resilience of infrastructures need a funding mechanism. In this regard, we asked the respondents to suppose that Florida State Government is proposing State “Power Resiliency Fund” (PRF) to support and improve the resiliency of electricity infrastructures to hurricanes. Using PRF, the State Government will be able to minimize the electricity infrastructure damages, outages/disruption, and recovery time for the customers in the future. Under hypothetical annual payment, we asked the respondents whether they are willing to support PRF by paying specific amount of money (depending on the alternatives and their attribute levels) which will be added to their annual electricity bill for 10 years (see appendix for more information). Table 4.1 presents the attributes and their corresponding levels applied to design the choice sets.
In this paper, by employing a Bayesian D-optimal design, we generated 16 electricity choice sets, using diverse combinations of resilience electricity attributes levels. Since DCE models are nonlinear in their parameters, the efficacy of the DCE design hinges on the unknown parameters. Thus, a more sensible approach to overcome the nonlinear design issue is to build partial profile designs by applying the Bayesian design method. The Bayesian design methodology optimizes the DCE design over a prior distribution of possible parameter values. In such a way, it deals with the uncertainty regarding the specified parameters into the problem framing (Kessels et al., 2011). We split the 16 electricity choice sets into 8 surveys, where each respondent receives 1 survey of 2 choice sets from the electricity design randomly. The Bayesian D-optimal design was created by JMP 14 software. Figure 4.1 depicts a sample of hypothetical electricity choice set shown to the respondents. 
4.4 The survey and data collection

The survey comprised three sections. Section one provides an introduction about the goal of the questionnaire to respondents. It also consists of a set of questions to collect the socioeconomic characteristics (including age, ethnicity, level of education, gender, marital status, political identity, household income) of the respondents. Section two aimed to identify the respondents’ experience of Hurricane Irma and the evacuation decision. The third section focused on the utility disruptions and concerns about future hurricanes. Also, it provides information about electricity funding mechanisms employed to improve the resilience of electricity infrastructure to withstand hurricane risks (see appendix). In section three, the electricity choice sets were presented to respondents along with a series of questions regarding their WTP to improve the resilience of electricity infrastructures. The questionnaire was distributed online through the Qualtrics platform and was launched from September 2020 until early December 2020. A 400-response pilot was run in September 2020, and the 1429 responses were collected as the main study population in December 2020. The 1429-person survey was determined by Qualtrics to be representative of the Floridian adult population (starting from eighteen years old individuals). It is worth mentioning that the survey was disseminated during the hurricane season in Florida in 2020. The results may or may not be the same if the survey is launched during the non-hurricane season. The respondents may update their hurricane risk perceptions during a hurricane season which may lead to change their preferences for improving the infrastructure resilience. 
Across the 16 electricity choice sets shown to the respondents, 34%, 44%, and 22% of respondents chose plan A, plan B, and plan status quo, respectively, showing that respondents prefer plan B over plan A and plan status quo (the attribute choice frequency for each power choice set is reported in Table 4.2). The descriptive statistics of the sample are presented in Table 4.3. As Table 4.3 depicts, 58% of respondents were female, and 38% of them fall in the age of 30 – 45 years. Moreover, more than 40% of the respondents had education attainment more than a bachelors’ degree. More than 40% of the respondents had an average net annual income level between $42,000-$96000.     
4.5 Discrete Choice Experiment results
We estimated the panel mixed logit model using the Hierarchical Bayes method (in the JMP Pro 15 software) to elicit the respondents’ marginal utility obtained from choosing an alternative of improvement in the resilience of electricity infrastructures.[footnoteRef:11]The panel mixed logit model deal with the heterogeneity across respondents’ preferences since it assumes that preference parameters vary randomly across respondents (Mouter et al., 2021).  [11:  The panel mixed logit model can be estimated using two frequent approaches, including maximum simulated likelihood (MSL) and Bayesian estimation method. The Hierarchical Bayesian approach applies the Monte Carlo Markov Chain process to calculate the joint posterior distribution of the parameters. The Bayesian approach has several advantages over the MSL approach (Train, 2009; Regier et al., 2009). First, the Bayesian approach delivers more precise information regarding the posterior; however, the MSL provides approximate information about the posterior. Second, the Bayesian approach does not need the maximum of a likelihood function, which resolves the convergence problem. Finally, unlike MSL, in the Bayesian approach, estimators are consistent for a predetermined number of draws employed in the simulation process and remain efficient by increasing the number of draws with the sample size (see Train, 2009 for further details).] 

4.5.1 Results from the electricity choice sets
Four different panel mixed logit models are estimated, and the parameter estimates are presented in Table 4.4. In Model 1 (in Table 4.4), only the attributes and alternative variables are included. Models 2-4 are the extended Model 1, but account for the preference heterogeneity through assessing the impact of sociodemographic characteristics.       
In Model 1, the payment estimate is negative and significant, indicating that the respondents are less likely to support for funding the resilience program in electricity infrastructures if its cost is higher. The coefficients of improvement in power service restored within 4-6 days after a hurricane, improvement in power service restored within 1 week after a hurricane, and improvement in power service restored within 2 weeks after a hurricane are significant with positive signs. However, the coefficient of improvement in power service restored within 2 weeks after a hurricane is higher in magnitude compared with that of other attributes, indicating that the respondents are not mainly concerned with restoring the power immediately. The reason could be that residents in Florida assume that even by improving the resilience of power infrastructures, the power restoration would stretch out for some time after a major hurricane. Moreover, in Model 1, option A was found to be positive and significant, suggesting that either respondents prefer selecting option A compared to option status quo or that respondents did not consider the status quo option as an appealing alternative.    
Model 2 (in Table 4.4) is the extended model assessed through interacting the variable payment with respondents’ sociodemographic characteristics, including income and gender. The coefficients of attributes including payment, improvement in power service restored within 1 week after a hurricane, improvement in power service restored within 2 weeks after a hurricane are found to be significant with anticipated signs and higher in magnitude compared to Model 1, suggesting that controlling for sociodemographic factors have increased the magnitude of the effect of attribute levels except for Improvement in power service restored within 4-6 days after a hurricane. The coefficient of the interaction term payment *income [3] was found to be positive, significant, and has a higher magnitude than interaction terms payment *income [1] and payment *income [2], indicating that respondents with higher income were more likely to pay more for the resilience plans. Similarly, the coefficient of payment*gender is positive and significant, suggesting that male respondents were more likely to be willing to pay more to support for funding the resilience of power infrastructures plans, which indicates that male respondents care comparatively more about pricing while the non-pricing factors might be more important for female respondents. This could be related to the fact that based on our results, 21.6% of male respondents earned more than $96,000 annually, whereas only 7.82% of female respondents earned a base salary of $96,000. Lastly, the coefficient of option A was found to be positive and significant as Model 1, but with a higher magnitude, indicating that respondents’ utilities would increase by selecting option A compared to the status quo option.  
In Model 3 (in Table 4.4), the interactions of sociodemographic characteristics, including gender and age with payment, the interaction of age with improvement in power service restored within 2 weeks after a hurricane, and the interaction of education with improvement in power service restored within 1 week after a hurricane are included. Like Model 2, the coefficient of payment*gender is positive and significant. The coefficients of the interaction terms between payment and age levels suggest that younger respondents were more likely to be willing to pay more for supporting the resilience program. Moreover, the coefficients of interaction terms between improvement in power service restored within 1 week after a hurricane and education attainment levels indicate that educated people are more likely to choose the Improvement in power service restored within 1 weeks after a hurricane, which as we mentioned earlier, could imply that even educated respondents are not mainly concerned with restoring the power as quickly as possible since they may assume that power restoration would take at least a week even after improvement in the resilience of power infrastructures. The coefficient of interaction term Improvement in power service restored within 2 weeks after a hurricane*age [3] is positive, significant, and higher in magnitude compared with that of other interactions between other age levels and Improvement in power service restored within 2 weeks after a hurricane variable. It may suggest that older respondents are more likely to choose the Improvement in power service restored within 2 weeks after a hurricane since they might exhibit lower concerns regarding the resilience program.  
In Model 4 (in Table 4.4), besides including the interaction terms payment*age and payment*gender, the interaction terms between alternatives (i.e., option A and option B) and income levels were included as well, in order to further examine the impact of income on choosing between Option A and option B over status quo option. The coefficients of option A*income [3] and option B*income [3] are positive, significant, and higher in magnitude compared with that of other interactions terms between options (A and B) and income levels, indicating that high-income level may have contributed positively to respondents’ decisions to choose option A and option B over option status quo. Moreover, in Model 4, like Model 3, the interaction terms between payment and age levels suggest that younger respondents are more likely to pay more to support for funding the power resilience program.
4.5.2 WTP and economic values for resilience programs in the electricity infrastructures
Table 4.5 presents the marginal willingness to pay (MWTP) valuations for each attribute level of improvement in the resilience of electricity infrastructures. The calculations are made based on Model 1 (in Table 4.4) of power design. The results in Table 4.5 show that the average household is willing to pay $128.06 for improvement in the power service restored within 4-6 days after a strong hurricane, $229.05 for improvement in the power service restored within 1 week after a strong hurricane, $252.85 for improvement in the power service restored within 2 weeks after a strong hurricane, and $287.95 for choosing Option A. 
The economic value for improvement in the resilience of power infrastructures programs can be calculated by assuming that our sample size is representative of Florida’s population.[footnoteRef:12] By capturing over all households residing in Florida in the next 10 years, the economic values for improvement in the resilience of electricity infrastructures plan are approximately $11 billion for improvement in the power service restored within 4-6 days after a strong hurricane, $19.6 billion for improvement in the power service restored within 1 week after a strong hurricane, $21.7 billion for improvement in the power service restored within 2 weeks after a strong hurricane, and $24.7 billion for choosing option A.   [12:  Based on the Bureau of Economic and Business Research (BEBR, 2020) at the University of Florida, 8,589,056 households were estimated in Florida by April 1, 2020. For more information, see: https://www.bebr.ufl.edu/sites/default/files/Research%20Reports/households_2020.pdf
] 

4.6 Conclusion
Sea level rise (which is likely to induce storm surge and heatwaves), strong hurricanes, and growing population has threatened Florida coastal infrastructures more than ever in the past few years. To face these challenges, projects and funding have been implemented to improve the resilience of electricity infrastructure through enhancing the recovery of disrupted utilities. However, having empirical knowledge on the influence and execution of the infrastructure resilience programs from the residents’ perspectives could help decision makers to improve decision making through human-centered strategies, which could result in more robust and more effective resilience community decision making (Taeby and Zhang 2019).       
In this study, a Discrete Choice Experiment was conducted to analyze households’ preferences (through estimating panel mixed logit models) and measure the economic value for improving the resiliency of electricity infrastructure plans in Florida. Our DCE survey was administered in September 2020, and 1429 responses were collected as the main study population. Our empirical results of power choice design showed that respondents are most driven by restoration in power service 2 weeks after a hurricane, which may suggest that households in Florida assume that power restoration would take at least 2 weeks even after implementing the power resilience program. However, the respondents prefer improvement in resilience option A over option status quo, indicating that there is public support for improvement in the resilience of critical infrastructures programs. Also, younger, male, and high-income respondents were found to be willing to pay more for supporting the resilience programs. 
Some policy implications can be derived from the results. First, the findings of the households’ preferences regarding public infrastructure resilience programs should be emphasized in order to help decision makers to establish more efficient and cooperative resilient decision making through prioritizing and embodying households’ perspectives when planning and executing the resilience strategies. Second, based on the results, the high-income respondents were more likely to pay for supporting funding for resilience programs in electricity infrastructures, suggesting that income inequality could be a major issue for implementing effective resilience plans. Accordingly, it is crucial to pay attention to vulnerable social groups by providing some exceptions such as discounts and aids when implementing the infrastructure resilience plans. 
This study has made a very important contribution to the literature. It has enhanced the limited number of choice modeling studies for analyzing public preferences for the resilience of critical public infrastructures. To our knowledge, this is the first study to analyze the improvement in the resilience of electricity infrastructures in response to extreme weather events. Though the study focuses on enhancing the resilience of power infrastructure to hurricane risks in Florida, the method can be extended elsewhere for improving resilience to this and other types of hazards and extreme events.















4.7 Appendix
Improvement of Electricity Infrastructures Resilience in Florida: 
Florida has been hit by some of the most deadly and destructive hurricanes in the past few years. On average, Florida would be hit by at least one hurricane every two years and by a strong hurricane every four years. Hurricane Irma was one of the most destructive and the costliest hurricanes in U.S. history. It struck the Florida Keys and southeastern of Florida on September 10, 2017 as Category 4 hurricane, causing millions of customers to experience electricity outage and water supply disruption in the state during and after the hurricane and caused $50 billion in property damage. 
In this regard, SUPPOSE that the Florida State Government is proposing State “Power Resiliency Fund” (PRF).  These funds will be managed at the state level and will mobilize resources countrywide to support and improve the resiliency of electricity infrastructures to hurricanes. Using “PRF”, the State Government will be able to minimize the electricity infrastructure damages, outages/disruptions, and recovery time for customers in the future. Against this backdrop, would you be willing to support “PRF” by paying specific amount of money which will be added to your annual electricity bill for 10 years? 
Now, you have options that will ensure quick restoration of electricity supply after a hurricane. 
Option “A” provides faster restoration of electricity supply compared to Option “Current Situation”, and Option “B” allows even faster restoration than Option “A”. Remember If you choose neither Option “A” nor Option “B”, means you are supporting Option “Current Situation” (Opt-Out Option). 
Please select the option that you prefer most for each of the two sets of scenarios presented (see Figure 4.1).
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TABLES
Table 4.1: Attributes and their levels for improving the resilience of electricity infrastructure
	Attributes
	Levels

	Percentage of electricity customers receiving the power service restored in 1-2 days after a strong hurricane.
	10%, 20%, 30%, 40%, 50%

	Percentage of electricity customers receiving the power service restored in 3-5 days after a strong hurricane.
	20%, 30%, 40%, 50%, 60%

	Percentage of electricity customers receiving the power service restored in 1 week after a strong hurricane.
	40%, 50%, 60%, 70%, 80%

	Percentage of electricity customers receiving the power service in 2 weeks after a strong hurricane
	60%, 70%, 80%, 90%, 100%

	Fee for improvement in the resilience of electricity infrastructure (defined as an increase in annual electricity bill)
	$0, $60, $80, $100, $120, $140, $160, 





Table 4.2: Frequency distribution of resilience for power infrastructure choice sets
	[bookmark: _Hlk68612136]Power Choice Set
	Alternative
	Freq.
	Percent

	Survey Version 1: Choice set 1
	
	
	

	
	Plan A 
	46
	32.62

	
	Plan B
	61
	43.26

	
	Status quo
	34
	24.11

	
	Total
	141
	100

	Survey Version 1: Choice set 2
	
	
	

	
	Plan A 
	46
	32.62

	
	Plan B
	60
	42.55

	
	Status quo
	35
	24.82

	
	Total
	141
	100

	Survey Version 2: Choice set 1
	
	
	

	
	Plan A 
	46
	31.08

	
	Plan B
	69
	46.62

	
	Status quo
	33
	22.3

	
	Total
	148
	100

	Survey Version 2: Choice set 2
	
	
	

	
	Plan A 
	53
	35.81

	
	Plan B
	60
	40.54

	
	Status quo
	35
	23.65

	
	Total
	148
	100

	Survey Version 3: Choice set 1
	
	
	

	
	Plan A 
	49
	35.25

	
	Plan B
	64
	46.04

	
	Status quo
	26
	18.71

	
	Total
	139
	100

	Survey Version 3: Choice set 2
	
	
	

	
	Plan A 
	46
	33.09

	
	Plan B
	62
	44.6

	
	Status quo
	31
	22.3

	
	Total
	139
	100

	Survey Version 4: Choice set 1
	
	
	

	
	Plan A 
	43
	30.07

	
	Plan B
	65
	45.45

	
	Status quo
	35
	24.48

	
	Total
	143
	100

	Survey Version 4: Choice set 2
	
	
	

	
	Plan A 
	64
	44.76

	
	Plan B
	56
	39.16

	
	Status quo
	23
	16.08

	
	Total
	143
	100

	Survey Version 5: Choice set 1
	
	
	

	
	Plan A 
	54
	37.76

	
	Plan B
	56
	39.16

	
	Status quo
	33
	23.08

	
	Total
	143
	100

	
Survey Version 5: Choice set 2
	
	
	

	
	Plan A 
	39
	27.46

	
	Plan B
	62
	43.66

	
	Status quo
	41
	28.87

	
	Total
	142
	100

	Survey Version 6: Choice set 1
	
	
	

	
	Plan A 
	49
	34.75

	
	Plan B
	70
	49.65

	
	Status quo
	22
	15.6

	
	Total
	141
	100

	Survey Version 6: Choice set 2
	
	
	

	
	Plan A 
	58
	41.13

	
	Plan B
	53
	37.59

	
	Status quo
	30
	21.28

	
	Total
	141
	100

	Survey Version 7: Choice set 1
	
	
	

	
	Plan A 
	47
	34.81

	
	Plan B
	67
	49.63

	
	Status quo
	21
	15.56

	
	Total
	135
	100

	Survey Version 7: Choice set 2
	
	
	

	
	Plan A 
	36
	26.67

	
	Plan B
	72
	53.33

	
	Status quo
	27
	20

	
	Total
	135
	100

	Survey Version 8: Choice set 1
	
	
	

	
	Plan A 
	49
	34.27

	
	Plan B
	65
	45.45

	
	Status quo
	29
	20.28

	
	Total
	143
	100

	Survey Version 8: Choice set 2
	
	
	

	
	Plan A 
	58
	40.56

	
	Plan B
	53
	37.06

	
	Status quo
	32
	22.38

	
	Total
	143
	100









Table 4.3: Descriptive statistics and definition of variables used in the analysis
	Characteristics
	Level
	Mean
	SD
	N

	Education 
	Education [1]: Less than a high school diploma
	0.0443
	0.2058
	1,138

	
	Education [2]: High school degree
	0.2099
	0.4074
	1,138

	
	Education [3]: College degree
	0.3339
	0.4718
	1,138

	
	Education [4]: Bachelor’s degree 
	0.2046
	0.4036
	1,138

	
	Education [5]: Postgraduate degree
	0.2073
	0.4055
	1,138

	
	
	
	
	1,138

	Age (years)
	Age [1]: age>=18 & age<30
	0.2542
	0.4356
	1,138

	
	Age [2]: age>=30 & age<45
	0.3853
	0.4869
	1,138

	
	Age [3]: age>=45 & age<60
	0.1683
	0.3743
	1,138

	
	Age [4]: age>=60
	0.1922
	0.3942
	1,138

	
	
	
	
	1,138

	Net annual income 
	Income [1]: Less than $42,000
	0.1391
	0.3463
	1,138

	
	Income [2]: Between $42,000-$96000
	0.4202
	0.4938
	1,138

	
	Income [3]: more than $96,000
	0.2987
	0.4579
	1,138

	
	
	
	
	

	Gender
	Gender [1]: Male
	0.411
	0.4922
	1,138

	
	Gender [2]: Female
	0.5846
	0.493
	1,138

	
	
	
	
	

	
	
	
	
	

	Race
	Race [1]: White
	0.7414
	0.4381
	1,138

	
	Race [2]: Black or African American
	0.1107
	0.3139
	1,138

	
	Race [3]: Hispanic or Latino
	0.1019
	0.3026
	1,138

	
	Race [4]: Native American 
	0.0053
	0.0727
	1,138

	
	Race [5]: Other, please specify
	0.0124
	0.1107
	1,138

	
	Race [6]: Asian / Pacific Islander
	0.0283
	0.166
	1,138

	
	
	
	
	

	Home ownership
	owned
	0.5462
	0.4981
	930

	
	rented
	0.4538
	0.4981
	930

	
	
	
	
	




Table 4.4: Parameter estimates for improving the power infrastructure resilience using Hierarchical Bayesian model
	
	Model 1
	Model 2
	Model 3
	Model 4

	
	Posterior mean
(std dev; subject std dev)
	Posterior mean
(std dev; subject
std dev)
	Posterior mean
(std dev; subject
std dev)
	Posterior mean
(std dev; subject
std dev)

	Payment
	-0.0454***
(0.0119; 0.1007)
	-0.092***
(0.0347; 0.0731)
	-0.092***
(0.0255;0.0833)
	-0.132***
(0.0269; 0.0967)

	Improvement in power service restored within 1-3 days after a hurricane

	0.0215
(0.0484; 0.1736)
	0.0886
(0.0715; 0.3537)
	0.1126
(0.0808; 0.4299)
	0.0481
(0.1544; 0.4595)

	Improvement in power service restored within 4-6 days after a hurricane

	0.1453**
(0.0721 ;0.2543)
	0.0428
(0.1504; 0.3584)
	-0.0353
(0.0981; 0.3054)
	0.1615
(0.169; 0.2454)

	Improvement in power service restored within 1 week after a hurricane


	0.2599***
(0.0707; 0.2377)
	0.3505***
(0.0746; 0.4361)
	0.29***
(0.0953; 0.3415)
	0.5091***
(0.0974; 0.2986)

	Improvement in power service restored within 2 weeks after a hurricane


	0.2869***
(0.0678; 0.4704)
	0.5516***
(0.0927; 1.0257)
	0.823***
(0.1152; 0.6237)
	0.5978***
(0.0829; 1.0769)

	Option A
	7.13***
(0.481 ;3.4879)
	15.1208***
(1.0154; 7.2246)
	16.3405***
(1.0954; 8.4342)
	16.8803***
(1.1615; 5.9967)

	Option B
	-1.191
(1.8567; 2.0497)
	2.5301**
(1.2079; 3.2087)
	0.554
(2.2975; 3.2537)
	1.8604
(1.7962; 2.7672)

	Payment*gender [1]
	
	0.0404**
(0.0173; 0.079)
	0.0634***
(0.0194; 0.0807)
	0.0321
(0.0206; 0.0919)

	Payment*income [1]
	
	0.0038
(0.0295; 0.0846)
	
	

	Payment*income [2]
	
	0.0853**
(0.0359; 0.0679)
	
	

	Payment*income [3]
	
	0.1331***
(0.0421; 0.0906)
	
	

	Payment*age [1]
	
	
	0.106**
(0.0451; 0.0707)
	0.1413***
(0.0286; 0.0743)

	Payment*age [2]
	
	
	0.1374***
(0.0341; 0.0757)
	0.0787***
(0.028; 0.0645)

	Payment*age [3]
	
	
	-0.1404***
(0.0411; 0.1023)
	-0.0392
(0.0359; 0.1196)

	Improvement in power service restored within 1 week after a hurricane*education [1]

	
	
	-0.8277***
(0.1535; 0.0862)
	

	Improvement in power service restored within 1 week after a hurricane*education [2]

	
	
	0.114
(0.1013; 0.0889)
	

	Improvement in power service restored within 1 week after a hurricane*education [3]

	
	
	-0.0042
(0.1242; 0.0815)
	

	Improvement in power service restored within 1 week after a hurricane*education [4]

	
	
	0.2676**
(0.1135; 0.1202)
	

	Improvement in power service restored within 2 weeks after a hurricane*age [1]

	
	
	0.1121
(0.1555; 0.1997)
	

	Improvement in power service restored within 2 weeks after a hurricane *age [2]

	
	
	-0.4686**
(0.2121; 0.2931)
	

	Improvement in power service restored within 2 weeks after a hurricane *age [3]

	
	
	0.8341***
(0.2417; 0.175)
	

	Option A*income [1]
	
	
	
	-1.8236*
(1.1491; 1.2891)

	Option A*income [2]
	
	
	
	3.3252***
(1.0727; 0.9745)

	Option A*income [3]
	
	
	
	4.575**
(1.8567; 2.1594)

	Option B*income [1]
	
	
	
	-3.1598**
(1.5306; 0.3242)

	Option B*income [2]
	
	
	
	6.1211*
(3.5707; 0.5229)

	Option B*income [3]
	
	
	
	9.2459***
(2.9656; 0.6166)

	
	
	
	
	

	Total Iterations
	10000
	10000
	10000
	10000

	Burn-In Iterations
	5000
	5000
	5000

	5000

	Number of Respondents
	1138
	1138
	1138

	1138

	Avg Log Likelihood After Burn-In
	-362.9453
	-216.1446
	-204.236
	-205.5948



Note: Posterior and Standard deviations are reported in parentheses. *p < 0.1, **p < 0.05, ***p < 0.01.

 




































Table 4.5: Marginal willingness to pay (MWTP) for improvement in the power infrastructure resilience attributes in the power choice design

	Factor
	Price Change
	Std Error
	P-value

	
Improvement in the percentage of power customers receiving the power service in 1-3 days after a strong hurricane
	18.94
	41.1022
	0.6579

	
Improvement in the percentage of power customers receiving the power service in 4-6 days after a strong hurricane
	128.06
	66.6342
	0.0542

	
Improvement in the percentage of power customers receiving the power service in 1 week after a strong hurricane
	229.05
	83.9409
	0.0064

	
Improvement in the percentage of power customers receiving the power service in 2 weeks after a strong hurricane
	252.85
	88.7207
	0.0044

	
Option A
	
287.95
	
76.4803
	
0.0002

	Option B
	104.61
	79.5997
	0.19








                       

FIGURES

Figure 4.1: Sample choice set for improving the resilience of electricity infrastructures scenario
[image: ]



[bookmark: _Hlk71923747]CHAPTER 5
Conclusion
5.1 Contribution of this dissertation
[bookmark: _Hlk71902441][bookmark: _Hlk71902365]During the last few decades, climate change has increased the frequency and intensity of extreme weather events, such as hurricanes. Hurricanes have caused release of toxic chemicals from hazardous waste sites to the surrounding environment and communities, severe property damages and disruptions to critical infrastructures in the coastal regions in U.S. and around the world. Hurricanes also have the potential to cause health impacts such as creating stress in pregnant women, potentially leading to adverse pregnancy and birth outcomes including spontaneous abortions, preterm births, or low birthweight deliveries. 
Having a better understanding of how people react to the hurricane hazards, and how they update their risk perceptions and take measures to reduce their risks from these disasters would facilitate planning and policy design for more effective hazard risk reduction interventions. Against this backdrop, this dissertation focuses on analyzing public responses, their preferences and risk aversion behaviors in diverse hurricane hazard contents. The focus of three essays in this dissertation are different in terms of its objectives, study areas, data sources, and research design process. We have used both primary and secondary data and applied several econometric and spatial analytical approaches to investigate the impact of hurricane risks on public health, and public risk perception, housing market and infrastructure resilience. 
In the first essay, we investigated the impact of Hurricane Harvey-induced discharges from Superfund Sites in terms of homeowners’ risk perception and its consequence on housing values in the real estate market using the Hedonic price difference-in-difference approach. To build the empirical model, we interacted multiple environmental and technological hazards (hurricane, flood, and discharges from Superfund Sites), and integrated several geo-spatial variables including maximum wind speed, storm surge inundation and proximity to the impacted and non-impacted Superfund Sites in Harris County, Texas. Then, we used the revealed preference (RP) data of single-family property sale values from Harris County, Texas to gain insights on how residents update their risk perceptions once they receive information regarding the severity of these multi-hazard risks. More specifically, we analyzed whether the updated risk perception is capitalized into the real estate market. We found that home price in the vicinity of Superfund Sites experience depreciation. Following the discovery of hurricane-induced discharges from Superfund Sites, we found an additional depreciation of home price that are close to the impacted Superfund Sites.
In the second essay, we investigated the impact of Hurricane Irma on adverse birth outcomes in Florida. Hurricane Irma was one of the most catastrophic hurricanes in the US history, resulting in evacuation of 7 million Floridians. Maternal exposure to Hurricane Irma can lead to adverse birth outcomes through multiple stress pathways, including psychological stress (i.e., fear of the hurricane) and hurricane-risk management-related stress (i.e., evacuation; damage in residential buildings). Infants born prematurely (<37 weeks) or with low birth weight (<2500 grams) experience health and developmental difficulties throughout their life course, imposing large societal costs.  We examined the relative effect of different Hurricane-induced stressors on birth outcomes. We combined two data sources: the 2016-2018, cross-sectional data (consisting of 640,649 live births) on childbirth and maternal health attributes (e.g., gestation age and birth wage) and geospatial data (e.g., hurricane track, the wind speed, rate of damage in residential building, and evacuation order). We estimated models using the difference-in-difference approach. We found that the maternal exposure to Hurricane Irma led to 7 grams decrease in birth weights. The impact was larger in magnitude if the pregnant women were exposed to the hurricane in their third trimester of pregnancy. 
In the third essay, we quantified the residents’ preferences (willingness to pay) for improvement in the resilience of electricity infrastructures to withstand hurricane risks in Florida using a discrete choice experiment (DCE) survey. The resilience of infrastructures is defined in terms of time required for restoring disrupted public utility services. Our DCE survey design consists of two hypothetical scenarios of improvements in the resilience of electricity infrastructures, and a status quo scenario. These scenarios are differentiated based on the improvement in electricity infrastructures in terms of the percentage of electricity customers receiving the service 1-2 days, 3-5 days, 1 week, 2 weeks after a strong hurricane event like Hurricane Irma. Our results suggested that respondents’ annual WTP ranges from $18.94 to $252.85, suggesting that there are substantial public supports for enhancing resilience in electricity infrastructure to reduce the impacts of hurricane risks in Florida.


5.2 Scope for future research
As mentioned earlier, this dissertation studies hurricane hazards that influence public risk perception, and public health in diverse contexts. Our results indicate that residents react to natural disaster shocks based on severity and potential adverse impacts. The findings may be useful in establishing effective risk communication and risk management strategies, and policy design in affected communities and beyond. 
In terms of the results of first essay, further analysis can be done to investigate the impact of hurricane-induced discharge from toxic waste more effectively by applying other econometric methods (such as local polynomial regressions, spatial autoregressive model, and repeat sales model). For the second essay, future research can be conducted to understand how climate change-related disasters could triggers further adverse health consequences for pregnant women in terms of mental health issues. The DCE approach used in the third essay can be extended to other hurricane prone areas in the USA, which will allow comparing the WTP estimates across regions and guide investment decisions for infrastructural resilience. 
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