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Valuing Nuclear Energy Risk: Evidence from the Impact of the Fukushima Crisis on U.S. House Prices* Shinsuke Tanaka† and Jeffrey Zabel‡ March 2017 Abstract Behavioral economics suggests that individuals overweight recent unexpected and/or rare events when updating beliefs. This study investigates the effect of such an event, the Fukushima nuclear crisis in 2011, on the learning process of a local environmental risk by evaluating how perceptions of the risk of a nuclear accident are capitalized into house prices near nuclear power plants (NPPs) in the U.S. Our results provide new evidence on the dynamics of the effect – spatially, the impact was concentrated in a 4 km radius around NPPs, and temporally, it peaked a half year later and dissipated one year after the crisis. Keywords: JEL Classification:
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I. Introduction The theory of market efficiency hinges on the assumption that economic agents possess unbiased information. An important presumption is that individuals are sound Bayesian decision makers, who assess a new, even unexpected and dramatic, event in consideration of historical predictability. However, recent empirical evidence suggests otherwise: in violation of the standard Bayesian updating rule, individuals tend to “overreact” to recent information while underweighting historical information. This has given rise to recent behavioral theories that explain the learning process and its implications for market behavior. In this paper, we investigate how individuals update beliefs about the risk of a major disaster; in particular a nuclear crisis. In doing so, we test the standard assumption of unbiased information about local environmental risks. We employ the hedonic method that utilizes implicit prices in the underlying market, in this case the housing market, to measure willingness to pay (WTP) for nonmarket goods. In particular, we explore how house prices around nuclear power plants (NPPs) in the United States (U.S.) changed after an earthquake struck Japan in March 2011 and the subsequent tsunami resulted in the release of radioactivity from the Fukushima Daiichi NPP. The Fukushima accident was covered extensively by the U.S. media and led to a re-evaluation of nuclear energy safety among the public. Because it was unanticipated, it can be considered to be an exogenous shock to the U.S. housing market and energy policy, allowing us to isolate changes in prices that were directly tied to the Fukushima accident. It is important to note that there was no change in the risk of a nuclear accident in the U.S. after Fukushima. We view this as solely an information shock that led to a reassessment of nuclear energy risk by potential buyers near NPPs. As such, any change in house prices would reflect a subjective re-assessment of this risk as measured by the WTP to live near an NNP, suggesting prevalence of imperfect information about local 1



environmental risk. To estimate the impact of Fukushima on house prices near NNPs in the U.S., we have obtained data on individual transactions for single-family homes for the two years before and after the crisis in seven states that have the largest numbers of NPPs. In addition to the standard set of structural characteristics and the sales price, our research design is innovative by taking advantage of two sources of variation with a high degree of detail. First, for each individual unit sold within limited time and spatial boundaries of a NPP, the data include information on the latitude and longitude of each property, allowing us to calculate the exact distance from each unit to the nearest NPP and to conduct spatial analysis with great precision. It is likely that any changes in prices were for units that were relatively close to NPPs and thus we limit our analysis to transactions in a close proximity to NPPs (within 8 kilometers (km)). This is crucial for estimating the causal effects of Fukushima on house prices, as failure to control for neighborhood quality or the comparison of heterogeneous areas could result in omitted variables bias. Second, we observe the exact date of transaction, allowing us to exploit temporal variation in house prices on a daily basis. Because U.S. public opinion polls showed little attention to Fukushima one year after the accident, a trend also reflected in reduced references to Fukushima in the media, our research focuses upon high-frequency data on housing transactions during a limited time period after the accident. In the richest specification, we include plant-by-year fixed effects, in which the impact is identified by the variation in house prices in areas nearby and those slightly farther away from a NPP in the period after Fukushima. The price impacts are captured by the coefficients for interactions between a cubic function of time since the Fukushima accident and distance buffers. These variables provide the standard difference-in-differences (DID) interpretation; the impacts are identified by changes in house prices from before to after the Fukushima nuclear accident that are close
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to a NPP as compared to those that are slightly farther away. Our results suggest a significant change in beliefs about the likelihood of a nuclear accident that resulted in a 10-20 percent decrease in the prices of houses within 2 km of an NNP and a 3-5 percent decrease within 2-4 km of a NPP relative to those 4-8 km away. However, the effects are temporary, as the decrease in house prices bottomed out at about a half year after the crisis and then returned to the baseline level six months later. The same pattern is observed when either stateor plant-level fixed effects are included. This pattern of a drop and subsequent reversion in house prices coincides with the timeline indicated by public opinion polls, which suggest that the reaction to Fukushima was short-lived. Notably, we find the largest effect in the vicinity of the Three Mile Island (TMI) Nuclear Generating Station, which also experienced an accident to its cooling system and the subsequent release of radioactivity in 1979 (though on a much smaller scale than Fukushima). The findings suggest four important implications: 1) changes in house prices are indicative of the prevalence of imperfect information regarding local environmental risk; 2) the dynamics of the effect imply that individuals tend to overweight recent information while undervaluing historical predictability; 3) risk re-assessment of nuclear energy safety was likely to be occurring rapidly on a daily basis, and 4) the largest effect near TMI suggest that adverse experiences in the past play an important role in formulating and updating beliefs and risk preferences among individuals. Our study broadly contributes to the literature that considers the implications of psychology in the Bayesian learning process of market behavior. The notion of overreaction in revising beliefs to an unexpected event garners substantial attention in the field of behavioral finance, as investors tend to overweight new information, causing a temporal, evidently biased, deviation in stock prices from fundamental values (De Bondt and Thaler 1985, 1987). This strand of literature departs from
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the standard probability revision principle that the probabilistic nature of an extreme event must be downplayed in consideration of historical predictability. Such cognitive bias can be explained by the representativeness heuristic, in which people tend to ignore prior probability, or by availability bias, in which people tend to be biased by easily accessible information (Kahneman and Tversky 1982). Nonetheless, the literature shows that such an inefficient deviation tends to be transitory and is followed by a correction phase that pushes the price back to its original level. Learning about how individuals process information about local environmental risks is an important topic in and of itself and has a wide range of policy implications, not only in providing the WTP for nonmarket goods and services but also in assessing perfect information about environmental risks among the public. On the one hand, a large body of existing studies documents evidence that individuals respond to information about changes in local environmental amenities or dis-amenities. For example, revised beliefs resulted in persistent and permanent changes in house prices in response to information about hazardous waste sites (Gayer et al. 2000; Greenstone and Gallagher 2008); air pollution (Zabel and Kiel 2000; Chay and Greesntone 2005; Davis 2011; Currie et al. 2015); water pollution (Muehlenbachs et al. 2015); health risks (Davis 2004); school quality (Black 1999); and crime rates (Linden and Rockoff 2008). On the other hand, Bui and Mayer (2003) examine the effect of publicizing information on local polluters through the Toxic Release Inventory and find little change in housing prices. An important implication of this result is either i) there is no information asymmetry between households and polluters, or ii) the public disclosure of hazardous emissions per se does not correct information asymmetries. When it comes to assessing nuclear risks, existing studies suggest that the evidence to date is inconclusive as to the prevalence of imperfect information among households. A number of early studies on nuclear power risks find no change in house prices; in the vicinity of four NPPs
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in the Northeastern U.S. before the TMI accident in 1979 (Gamble and Downing 1982); in the vicinity of the TMI even after the accident (Nelson 1981; Gamble and Downing 1982); near two NPPs in California (Clark et al. 1997); and, more recently, near NPPs across the U.S. after the Fukushima accident (Fink and Stratmann 2015). In contrast, studies that suggest a negative nuclear externality on local house prices include Folland and Hough (1991), Clark and Neives (1994), Olsen and Wolff (2013), and Boes et al. (2015). The vast majority of these studies rely on a crosssectional hedonic methodology, in which the estimated effects may be severely biased due to spatial sorting of unobservable factors (Gyourko, Kahn, and Tracy 1999). Furthermore, even the estimates based on a panel setting, in which permanent differences across localities that affect average house prices are controlled for, can be biased as the presence of NPPs benefits all sectors of the local economy. For example, Bezdek and Wendling (2006) even show increases in house prices after NPPs are sited, reflecting positive impacts on per capita income, employment, and economic growth in local communities. Our study contributes five additions to the literature. First, we use the Fukushima accident as an information shock to the U.S. housing market, which is free from any real changes in energy policy or exposure to radioactive fallout, allowing us to disentangle these direct effects from the effects of individuals’ learning processes.1 Second, we observe short-time fluctuations in house prices using daily records of house sales, which (as our evidence below supports) effectively rules
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Studies that examine the effect of direct exposure to radioactivity include Kawaguchi and Yukutake (2017), who estimate the effect of radioactive fallouts on land prices in Japan. They exploit variation in contamination across ten prefectures determined by meteorological conditions (i.e., wind and precipitation). They find that land prices fell in areas with greater exposure to the fallout. Studies that examine the effect of changes in energy policy due to the Fukushima accident include Bauer et al. (2015), who examine the effect of the immediate closure of eight of the seventeen NPPs and the phase-out of the remaining nine NPPs in Germany by 2022 on the local housing market. Using a DID approach, the authors find that after the Fukushima accident, prices within 4 km of the non-active nuclear power plants did not change, prices within 4 km of active nuclear power plants that remained open fell by 3.3%, whereas prices within 4 km of sites that were shut down fell by 9.2%. A large reduction in house prices can be explained by the local adverse economic consequences of the plant shutdowns; employment fell by 2.6% in the year after the shutdown compared to areas without an NNP.
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out the impact of other longer-term changes in demographics or housing supply.2 In these two ways, our study is closely related to Fink and Stratmann (2015), who examine whether U.S. households updated their assessment of nuclear risk by looking at the prices of houses near NPPs before and after the Fukushima crisis, using monthly zip code-level house price indices from Zillow in 2011. Their study compares the changes in house prices within various distance buffers around NPPs across the country (within 5 miles, 5-10 miles, up to 20-25 miles) to the rest of the country. They find no change in house prices or, if anything, an increase in house prices near NPPs, concluding that individuals had already incorporated appropriate beliefs about the likelihood of a nuclear accident into housing prices. We take a different approach to evaluate America’s reaction to the Fukushima accident. In particular, our third innovation originates from the data based on house prices from individual house sale records. The prices indicated on Zillow are “estimated” values from various sources, including sale prices as well as assessed values and many other variables, thereby may not reflect changes in actual marginal willingness to pay (MWTP) by home buyers.3 Indeed, we provide evidence below that assessed values of houses did not respond to the Fukushima crisis. We overcome this problem by using actual house prices for individual houses sold in the market. Furthermore, we can estimate the impact of Fukushima on house prices at a very high frequency; on a daily basis given that we have the actual date that transactions took place. The fourth addition underscores another advantage of our dataset: we utilize exact geographic coordinates of both NPPs and houses. Such a high level of spatial detail allows us to perform the analysis on a more local level (i.e., within 2 km of a NPP). In contrast, most existing
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Studies that examine a longer time period include Olsen and Wolff (2013), who use decennial records of housing values at the census tract level between 1980 and 1990 to estimate the effect of the Chernobyl accident in 1986. 3 Zillow does not explicitly share the procedures used to determine these values as part of their intellectual property.
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studies have used highly aggregated data at the county, census tract, or zip code level. However, such aggregation can miss the very local effects of environmental dis-amenities Fifth, we are the first to document the dynamics of the learning process from the arrival of exogenous information on nuclear risk.4 Gallagher (2014) documents a similar learning and forgetting process for floods by illustrating an immediate surge in the adoption of flood insurance in communities after major flood events, followed by a reversion to the baseline level after nine years. Abadie and Dermisi (2008) also shows a narrowing gap in vacancy rates in office buildings near landmark buildings in downtown Chicago after 2006 as a response to the terrorism attack on September 11, 2001. Our evidence sheds light on the speed of information processing for a nuclear crisis, an extremely rare and stochastic event that has disastrous impacts if it occurs when people had limited priors about its likelihood of occurrence. Such “tail events”, defined as environmental catastrophes with low-probability and high-impact outcomes, such as a nuclear crisis and the impacts of climate change, have important implications for discounting in the standard benefit-cost analysis in designing economic policy (Weizman 2009; Nordhaus 2011). We also carry out a number of robustness checks to validate our findings. These include different specifications in the way we capture the time and spatial components of our model. We also investigate alternative mechanisms that could have given rise to the temporal and spatial patterns in house prices that we find. Two important mechanisms that we dismiss are a decline in NPP activities right after the Fukushima accident and selection bias. The latter mechanism can arise from differences in units sold and/or differences in buyers before and after the Fukushima disaster.
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Other studies that document changes in private perceptions of nuclear risks after the Fukushima crisis without illustrating the dynamics include Boes et al. (2015), who find decreases in rental prices of apartments in Switzerland within 20 km as compared to 20-40 km of an NNP using online advertisements between 2001 and 2013. Huang et al. (2013) present two survey results, one before and another one after the Fukushima crisis, near a nuclear power plant in China, that indicate increased risk perception about and lower public acceptance of NPPs.
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The rest of the paper is organized as follows. Section II provides background information about the Fukushima nuclear crisis and how Americans responded as can be seen in media. Section III introduces the conceptual framework for evaluating the impact of the Fukushima accident on house prices. The data are described in Section IV, and a simple graphical analysis is given in Section V. Section VI develops our regression strategy and results are provided in Section VII. Finally, conclusions are drawn in Section VIII.



II. The Fukushima Nuclear Crisis and Media Responses in the U.S. On March 11, 2011, a 9.0 magnitude earthquake and tsunami struck Japan. This disabled the reactor cooling system of the Fukushima Daiichi NPP and resulted in the release of radioactivity. The Japanese government promptly established a 30 km evacuation zone surrounding the plant. This event sent shock waves around the globe and led to a re-evaluation of the safety of NPPs. In September of that year, all 151 nations that are members of the International Atomic Energy Agency unanimously adopted an Action Plan on Nuclear Safety to strengthen nuclear safety on a global level. Reactions by individual nations were varied: while Germany took the dramatic step to eliminate nuclear energy by 2020, most nations did little to reduce their reliance on nuclear energy. The Nuclear Energy Institute (2012) reported that, globally at this time, there were at least 60 reactors under construction, and at least 150 nuclear power projects were in the licensing or advanced planning stages. The Fukushima accident was widely covered by media in the U.S., and it clearly led to a re-evaluation of nuclear safety. The results of a CBS News Poll (2011), conducted nationally between March 18 and 21, 2011, found that 53% of respondents were no more fearful than before the Fukushima crisis about a nuclear accident occurring in the U.S., while 44% said they became 8



more fearful. Despite this, only 43% approved of building more nuclear plants – a drop of 14 points from a 2008 poll (CBS News 2008). But this drop in support for nuclear energy was short-lived. The results of a poll taken by Bisconti Research, in conjunction with GfK Roper in February 2012, showed that 64% of Americans favored the use of nuclear energy in the U.S. and 81% believed that nuclear energy was important for meeting the nation’s future electricity needs (Nuclear Energy Institute 2012). Despite the fact that there has been no expansion of nuclear power infrastructure since the 1970s, the Nuclear Regulatory Commission (NRC) approved the construction of two new reactors at the Virgil C. Summer Nuclear Generating Station in South Carolina in March 2012 and two more at the Vogtle Electric Generating Plant in Georgia in February 2012. The decline of public concerns about a nuclear crisis one year after Fukushima is also reflected in the decrease in the total number of articles in the New York Times with words “Fukushima” or “Nuclear Power,” searched through the ProQuest historical database. Figure 1 provides the monthly frequency of articles that include each of these two keywords between 2011 and 2012. These were close to zero until March 2011, when both measures recorded their highest number, underscoring great public awareness in the U.S. about the Japanese nuclear crisis. These numbers, however, were halved in the next month and continued to diminish over time to their pre-crisis levels about a year later. Interestingly, the frequencies of the two keywords are highly positively correlated, indicating that the newspapers tended to link “nuclear power” with “Fukushima.”



III. Conceptual Framework Individuals establish a perceived risk of a nuclear disaster and the impact of a nuclear fallout based on information they obtain about NPPs. Given that the impact can be proxied for by distance to the site, this perceived risk manifests itself in the housing market such that WTP to live farther 9



from a NPP will result in higher house prices, the farther the unit is located from the site. This can best be described by formulating the representative consumer’s expected utility maximization problem within the framework of the hedonic model. Since individuals are concerned with the risk of contamination from the local NPP, the maximization problem is best described using a Von Neumann-Morgenstern expected utility model with state dependent utilities. That is, we assume that individuals maximize expected utility over two states of the world, with U1 representing utility in the nuclear disaster state and U2 representing utility in the non-disaster state. We assume that for any given level of income, people prefer being healthy (i.e., U2 > U1) and that the marginal utility of income is positive. Utility in each state is a function of a vector of house characteristics (z) and a composite good (x). The consumer’s subjective assessment of the probability of a nuclear crisis, !, is a function of their risk assessment prior to the accident, a, and the additional information conveyed by the Fukushima crisis, f; ! = ! #, % , 0 ≤ ! ≤ 1 











(1)



For simplicity and without loss of generality, we assume that the posterior individual risk assessment is a convex combination of prior and new information. ! = )# + 1 − ) % where 0 ≤ ) ≤ 1



(2)



A household maximizes its expected utility over house characteristics and the composite good; Max 45 = ! #, % 56 7, 8, 9 + 1 − ! #, % 5: 7, 8 subject to the budget constraint:
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where d is the distance from the house to the NPP, r is the interest rate, and =(⋅) is the house price. The equilibrium condition is: AB AC
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Empirical Predictions If the Fukushima crisis induced individuals to update their subjective risks toward nuclear energy, (O!/O% > 0), then house prices will fall, (OR/O% < 0). This could be a temporary or permanent change depending on whether the update in subjective risks is temporary or permanent. If the Fukushima crisis did not induce individuals to update their subjective risks toward nuclear energy, (O!/O% = 0), because prior assessment accurately accounted for the probability of nuclear crisis, then house prices will not change.



IV. Data We obtained data on single-family house sales in arms-length transactions from CoreLogic, a private company that gathers the information from various public sources. The data cover transactions that occurred in the period that covered two years before and after the Fukushima accident (on March 11, 2011) and within 40 km of 29 out of the 65 NPPs, or 53 out of the 124 generators, in the U.S., which includes more than 40% of the number of NPPs, generators, and the amount of electricity generation across the nation. Note that all these NPPs were in operation at the time of the Fukushima crisis. The 40-km range should be adequate to cover the possible changes in house prices due to the Fukushima accident. The Nuclear Regulatory Commission annually distributes emergency information materials to households within approximately a 10-mile radius of NNPs and this is well within the scope of our data.5 Our information includes the sales price, date of sale, the exact location of the property, and typical house characteristics: age, square footage of the housing unit, lot size, the number of bedrooms, and the number of bathrooms.
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http://www.nrc.gov/about-nrc/emerg-preparedness/prepare-for-radiological-emerg.html



11



We have performed conventional practices to clean the baseline data by restricting the analysis to the single-family housing market, making it robust to outliers, and protecting it against transcriptional errors. For instance, sales that were not standard market transactions such as foreclosures and non-arms-length transactions are excluded. We also remove the bottom and top 1 percent of sales prices for each year to further guard against non-arms-length sales and outliers. The sample is limited to properties with at least one bedroom, one bathroom, three total rooms, and 500 square feet of living space and no more than ten bedrooms, ten bathrooms, twenty-five total rooms, and 8000 square feet of living space. Whenever these structural characteristics are missing, we set the missing values to zero and include a flag that indicates the missing observations for each variable. We also eliminate short-sales or duplicated observations by preserving only the first record whenever there are multiple records for a given property in the same year with the same sales price (note that most of these observations have the same date of sale, so they are likely to be duplicate records), or preserving only the first record whenever there are multiple sales within six months (they are likely to be short-sales if prices are different, or duplicated observations if prices are the same). Properties for which transactions occurred in year t and where the subsequent transaction price in year t+j changed (in absolute value) by more than j×100 percent for j = 1, 2, 3, 4 are also removed as an additional guard against transcriptional errors. The housing transaction data are limited to the seven states with the largest number of NPPs. Information on NPPs comes from the Emissions and Generation Resource Integration Database (eGrid) compiled by the U.S. Environmental Protection Agency. This dataset provides a comprehensive inventory of all power plants in the U.S. Much of the information in eGrid comes from annual surveys for all electric-generating units, conducted and compiled by the U.S. Department of Energy. For our purposes, the dataset provides exact geographic coordinates of individual power



12



plants. We use eGrid for 2012, which provides plant information from 2009. There are 65 NPPs with 124 generators in 31 states across the U.S. (See Appendix Table C1 for detailed allocations by state). Our data on NPPs focus on a subset of seven states that include at least three NPPs. They are Illinois (6), Pennsylvania (5), New York (5), South Carolina (4), North Carolina (3), New Jersey (3), and Michigan (3), with the numbers in the parentheses indicating the number of NPPs in each state. But we only received data for 24 of the 29 NNPs.6 Also, we only received fewer than 20 transactions for 4 NNPs and hence dropped them from our sample. We are left with 20 NNPs in our data set. The rest of the states have no more than two NPPs. Figure C1 displays the locations of all NPPs in the U.S., separately indicating those included and not included in our sample.



V. Graphical Evidence Our analysis examines how proximity to NPPs determines variation in the intensity of the reassessment of nuclear risk. To do so, we need to first define an adjacency “buffer”; an exact distance over which house prices responded to the news of the Fukushima crisis. Since this zone of influence is not exactly determined in the existing literature, estimating the scope of affected areas is one of our contributions to the field. If the Fukushima crisis had any impact on house prices near NPPs in the U.S., we should observe falling property values after the crisis in Fukushima. Moreover, we should observe the largest impact on property values closest to the NPPs. Following Linden and Rockoff (2008), we determine the distance beyond which house prices no longer exhibit differential patterns before and after the crisis and define the area within this point as the treatment area.
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We indeed did receive data for all 29 NPPs but there was no observation within the reasonable distance around the remaining 5 NPPs.
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Figure 2 Panel A plots the nonparametric local linear regression of the gradient of house prices by distance to the nearest NPP. Because there is no consensus over the functional relationship between house prices and distance to NPPs, the nonparametric approach provides an advantage in flexibly estimating the functional form. The dashed line (in blue) represents the precrisis period (houses sold before March 11, 2011). While there are some fluctuations, house prices are lower in the vicinity of NPPs. This evidence itself does not directly indicate WTP for lower nuclear risk, as the cross-sectional variation in house prices can be attributed to various other factors. For example, if NPPs are located in places with other local disamenities, the WTP measured in this way is overstated. In contrast, when NPPs benefit local economies, the WTP is understated. Thus, we add the solid line (in red), which represents the post-crisis period (houses sold on or after March 11, 2011). House prices appear to fall by the same amount beyond 4 km, which can be explained by the housing cycle. However, there is a clear decline in house prices within 4 km of NPPs, and the decline is greatest for houses closest to a NPP (within 2 km). The evidence suggests that the areas within 4 km of a NPP constitute the affected areas. This evidence challenges previous studies that rely on aggregation at the census tract, city, or even zip code levels. The notion that the decline in house prices within 4 km of an NNP in Figure 2 Panel A reflects a causal effect of the Fukushima crisis requires further evidence. In particular, the timing of the decline must coincide with the crisis. An identification threat is that house prices may have been declining over time in the vicinity of NPPs even without the crisis, and in such a case, we would still get a similar figure as Figure 2 Panel A, but the decline would simply reflect a preexisting trend. Figure 2 Panel B shows the gradient of mean house prices over time with respect to days passed since the crisis, normalized on March 11, 2011. The trends in house prices are nonparametrically plotted separately for houses located within 4 km of a NPP (solid red line) and those
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within 4 to 8 km of a NPP (dashed blue line). Prior to the Fukushima crisis, houses prices were similar in both levels and trends between the two areas. This evidence lends support to the key identification assumption for the econometric model described below, supporting the assumption that these two areas would follow similar trends had there not been a crisis. Importantly, the two areas experience distinct trends in house prices immediately after the crisis; house prices within the 4-km radius of NPPs fell substantially, while the decline in house prices 4-8 km away from a NPP was smaller and fairly constant over time.7 As such, the differences in the declines are indicative of a causal effect of the Fukushima crisis on house prices. Interestingly, the figure illustrates that such a reduction in house prices is transitory, as the two adjacent areas return to comparable levels and trends in house prices after one year. This simple graphical analysis highlights evidence that the impact of the Fukushima accident on house prices is very local and of limited duration. We use these distance buffers and durations of the Fukushima effect to motivate our econometric model below.



VI. Regression Strategy Initially, we specify a parametric model where the impact of the proximity to a NPP is the same across all NPPs. An advantage of parametric models in our context is that they allow for meaningful estimation with sufficient statistical power without a large number of observations in each
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It is worth mentioning here that the immediate decline in house prices after the crisis may appear awkward, when most of the sales closed on or immediately after the day of the crisis had been in agreement before the crisis. Indeed, such an immediate decline is an artifact of bandwidth selection - because we chose the bandwidth of 60 days and separately plot mean house prices before and after the crisis, part of the immediate decline shown in the figure can be simply explained by houses sold one or two months after the crisis, which are likely to have been agreed after the crisis. We chose 60 days as the bandwidth as this is a reasonable time from agreement to closing. Supportive of this argument is that, if we choose a shorter bandwidth, such as 30 days, as we show in Appendix Figure C2, it is evident that the effects are not immediate; rather the effects are pronounced over time until they erode completely after one year. Note that our econometric analysis described below focuses more on nonlinear dynamics in the effects over time rather than a discontinuity at the time of the crisis.
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month. Those who are interested in non-parametric evidence should refer to Figure 2, which does not suffer from such lack of statistical power. Appendix Tables C2 and C3 give the number of such observations for the full sample for the Ring0_4 x Month and Ring4_8 x Month interaction terms. One can see that there are typically around 100 transactions within 4km of a NPP in each month after the Fukushima accident. Depending on the number of observations, we will later estimate separate regressions for states and individual NPPs. The hedonic model is specified as ln =VWX = Y + % Z[\]W , ^[_`X , a + bVWX ) + cWX + dVWX ,



(5)



where the dependent variable is the natural log of the (real) sales price of house i, near NPP j, sold at time t. The impact of a NPP on local house prices depends on the distance to the site, Distj, which is a dummy variable for various treatment buffers, and the number of days since the Fukushima nuclear accident, Timet, where t = 0 on March 11, 2011. This relationship is captured in a general way by %(∙). In its most general form, one could estimate a smoothed function of time from the accident and distance from the NNP. The graphical analysis in the previous section shows that the impact was very local such that there was no impact beyond 4 km. It also shows that the impact is larger within 2 km of an NNP. Hence, we include two distance buffers; Ring0_2 and Ring2_4 to allow for heterogeneity in the impact within 4 km of an NNP. The impact is allowed to vary smoothly over time from the Fukushima accident. Based on the graphical evidence in Section V, this specification must be flexible enough to allow the impact on house prices to increase (in magnitude) in approximately the first 6 months and to attenuate to zero sometime during the next six months. We will specify a polynomial in Time of high enough order to capture these characteristics and that also provides sensible results. Equation (5) additionally controls for year of the sale fixed effects, λjt, which flexibly account for local time trends in house prices that are allowed to vary across states or plants. We also
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include Xijt, a vector of house characteristics, to control for different types of houses sold in the market during the period after the crisis. This is important particularly if only low-quality houses were purchased near NPPs after the crisis out of the concern about potential nuclear risks, in which case reductions in house prices partly reflect changes in the quality of houses, not entirely due to changes in WTP for lower nuclear risk. Idiosyncratic errors, dVWX , are clustered at the city level to allow for potential correlation across units in the same housing market at this level. A key assumption is that the Fukushima accident was an unanticipated shock. Hence, any reaction to the accident came only after it occurred. The additional assumption that allows for a causal interpretation of these price changes is that without Fukushima, market price changes would have prevailed over the entire market. Hence including the outside ring will net out these price changes and any remaining differences are due to the Fukushima accident. Figures in the previous section illustrate that these are plausible assumptions – house prices have similar trends in the years leading up to the crisis, and starting again one year after the crisis. Further, the timing of dipartites in house prices is commensurate with the exogenous event of the Fukushima crisis.



VII. Empirical Results VII.1 National-Level Analysis The sample we use for the empirical analysis consists of transactions for single-family houses within a two-year window of the Fukushima accident and within 8 km of 20 NNPs in the U.S. The sample size is 16,435. We begin our analysis by examining the impact of the Fukushima crisis using the full sample with the assumption that the impact of the proximity to a NPP is constant across all states or NPPs. The estimate of the impact of the Fukushima accident on house prices
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near NNPs in the U.S. indicates a weighted average of the impacts across the 20 NNPs in our sample. These impacts are likely to vary due to the fact that the actual housing markets in which NPPs are located are much smaller (typically a metropolitan statistical area). Nonetheless, we present the results at this level of aggregation for two reasons. First, this is the level at which Fink and Stratmann (2015) present their results, and hence we can compare our results with theirs. Second, there is a distinct tradeoff between accuracy and efficiency based on the level of aggregation at which the regressions are estimated. That is, the degrees of freedom available for estimating the coefficients associated with the polynomial in time for Ring0_2 and Ring2_4 will decline when the model is estimated at lower levels of aggregation. One procedure that provides evidence for the viability of our DID approach to provide causal estimates of the impact of the Fukushima accident on house prices is a comparison of means of observable characteristics prior to the accident. Columns (1) and (2) of Table 1 give the means of characteristics of houses that sold in the two years prior to the Fukushima accident, for Ring0_4 (treatment group) and Ring 4_8 (control group). What is interesting is that average house prices and assessed values are actually higher in the area that is closer to NNPs than in the outer ring. The means of the other characteristics are quite similar across the two areas. Column (3) gives the difference in means for the treatment (Ring0_4) and control groups (Ring4_8). This is the result of an OLS regression of each characteristic on Ring0_4. The only significant difference is for the number of bathrooms, although it is not economically large, and the positive coefficient indicates that house prices should be greater near NPPs. One problem with using the simple difference in means for comparing the treatment and control groups is that the sales take place in many different housing markets. Hence, a more appropriate comparison is a weighted average of the difference in the mean sales price (and other characteristics) in the two
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rings in the same market. We do this by running a regression of each characteristic on Ring0_4 that includes NNP fixed effects with standard errors clustered at the NNP level. The coefficient estimates and clustered standard errors are listed in column (4) of Table 1. These results are fairly similar to the simple comparison of means. Again, the only significant difference is in the number of bathrooms. This gives us confidence that the treatment and control groups are similar prior to the treatment (though we still include the structural characteristics in our regressions). Another concern is that the houses that sold in the two rings were different after the treatment and hence any differences in prices was caused by differences in houses and not just because of the treatment. Columns (5) and (6) of Table 1 provide the summary statistics for the characteristics of houses that sold in Ring0_4 and Ring4_8 in the two years after the Fukushima accident. Columns (7) and (8) give the simple difference in means and the weighted average of within market differences in means. None of the differences in means when using NNP fixed effects is significant. This evidence suggests that the differences in prices in the treatment group (Ring0_4) and the control group (Ring4_8) is not being driven by differences in house characteristics, and hence this difference is due to the treatment itself. Note that while the mean sales price in Ring0_4 is lower than that in Ring4_8 (-8.29), the fixed effects difference is actually positive though not significant (9.73). This highlights the difference in taking a simple difference in means versus using fixed effects. Finally, to get a preliminary idea of the results using our regression model (equation 5), we provide the DID results based on the comparison of means in Table 1. Columns (9) and (10) give the OLS and fixed effects results8. The DID results for the sales price are negative but not significant in both cases. The only significant difference for the structural characteristics is for square
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Note that the DID estimate when using fixed effects is not equal to the difference in the point estimates from after (column 8) and before (column 4) the accident. This is because we allow for different plant fixed effects in these two
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footage, though it is economically small compared to the mean. Overall, Table 1 provides evidence that the types of houses that sold in the treatment and control groups before and after the accident are similar. This is supportive of the assumption that our DID regression model (equation 5) will provide causal estimates of the impact of the Fukushima accident on house prices. Table 2 presents the regression results, and Figure 3 illustrates the dynamics of the effect based on the estimates using observations for two years before and after the crisis. The control group is houses located between 4 and 8 miles from NPPs, whereas the treatment buffer includes Ring0_2 and Ring2_4. We find that a 3rd order polynomial provides the best and most sensible estimate of the impact on house prices in the first 6 months and the attenuation to zero sometime during the next six months. We provide more details about this choice of the order of this polynomial in the robustness checks in Appendix A. In Table 2, we report the point when the impact is the largest in magnitude under “Maximum Effect” (we do this because point estimates for individual polynomial coefficients are difficult to interpret9), the p-value from a test that the Maximum Effect is zero against a one-sided hypothesis that it is negative, “P-value,” the associated percentage change in house values, “Impact (%),” the number of days since the crisis when the maximum effect occurs, “Maximum Day,” and the number of days since the crisis when the impact is estimated to be zero, “Zero Day.” Columns (1) and (3) include state-by-year fixed effects for Ring0_2 and Ring2_4, whereas Columns (2) and (4) include plant-by-year fixed effects, which help to control for differential state or plant characteristics that affect house prices. The state-by-year fixed effects allow for a larger number of degrees of freedom in identifying the impact of the Fukushima accident on house prices (i.e. within-state variation) whereas the plant-by-year fixed effects better



regressions whereas there is only one in the DID regression (column 10). That is, we have restricted the fixed effects to be the same in the latter regression. 9 The individual point estimates are reported in Appendix Table C4.
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control for unobserved time-invariant factors that affect house prices and are correlated with distance to NNPs. Plus, the plant-by-year fixed effects are more akin to what one would consider to be a housing market. The use of these two sets of fixed effects invokes the classic tradeoff between bias and efficiency. The structural characteristics include the year the house was built, the number of bedrooms, the number of bathrooms, lot size in acres, square footage of the housing unit, and dummies for missing values for each of these characteristics. Column (1) of Table 2 indicates that when including state-by-year fixed effects, house prices within 2 km of an NNP declined by a maximum of 15.77% on average and this is statistically significant (p-value = 0.018). It is estimated that this maximum impact occurred 167 days after the Fukushima accident. After this, the impact monotonically declined in magnitude and reached zero at 400 days. House prices in the 2-4 km ring declined by a maximum of 4.66% on average (p-value = 0.111) and this occurred 152 days after the accident. This estimate for Ring0_2 is slightly lower in magnitude with plant-by-year fixed effects included (Column 2), but remain statistically significant (p-value = 0.059) and economically large; -11.23%. On the other hand, Column (4) shows that the maximum impact on house prices between 2-4 km away from NPPs is -1.96% but it is not significant at the 10% level (p-value = 0.275) when plant-by-year fixed effects are included. The findings thus far suggest that the Fukushima crisis resulted in temporally and geographically limited though statistically and economically significant declines in average house prices across the 20 NPPs in our sample. Next, we carry out a number of robustness checks such as including seasonality effects, zip code fixed effects, changing the comparison group from 4-8 kms to 4-6 kms and 4-10 kms, and changing the degree of the polynomial of time in the regression model. Generally, this has little
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impact on the main results. The details are included in the Appendix A.



VII.2 State-Level Analysis The results in Table 2 assume a national housing market for the impact of the Fukushima nuclear accident on house prices near NPPs in the U.S. This can obscure the heterogeneity of effects at a more disaggregated level. Therefore, in this subsection, we consider estimates at the state level. It is worth mentioning that there is a tradeoff between accuracy and degrees of freedom. Furthermore, states constitute multiple housing markets, so these results are still averages over multiple housing markets corresponding to the number of NPPs in each state. The results using year fixed effects are included in Table 3.10 We exclude Michigan since there are only 135 observations. We find dramatic variation in the magnitude and timing of the effects across states. In particular, we find that the maximum values for Ring0_2 are significant (at 10% or better) for PA, NY, NC, and SC, where the estimated effects range from -14.6% to -40.8%. On the other hand, we find no significant effect in NJ and IL. The results for Ring2_4 are more varied. We find a large effect for NY (in Panel B), suggesting that house prices declined by 17.0% at the 149th day, and this is significant at the 1% level. This is actually slightly larger than the impact for Ring0_2 (though not statistically different). The estimated impact for Ring2_4 for SC is large but not significant (p-value = 0.135). The estimated impacts for the other states are smaller and not statistically significant. The large effect in NC is driven by the Brunswick NPP. This site has seen 10 cited infractions since 1996 with the latest one in 2011. Also, it is located near the coast line and hence is at
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Their figures are presented in Appendix Figure C3.
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risk of being further devastated by a tsunami following a nuclear disaster as was the case in Fukushima. These infractions on top of a potential tsunami attack likely significantly increased the risk perceptions of nearby residents.



VII.3 Plant-Level Analysis Thus far, we have focused on the average effects at the state and national levels. However, these analyses obscure potential heterogeneity across plants, which motivate us to look at individual NPPs. These might be the most accurate estimates since they correspond to a single housing market but the number of nearby transactions is limited. We include results for five NPPs with a reasonably large number of transactions to be able to make credible inferences. The results are presented in Table 4.11 What is most striking is the impact for Three Mile Island (TMI). At its largest, transaction prices within 2 km of TMI are 47.0% lower and those in the 2-4 km ring are 23.3% lower than prices within 4 km and 8 km of TMI (the dynamics are shown in Figure 4). These maximums occurred 150 and 156 days after the Fukushima accident and then declined to zero after 354 and 407 days, respectively. Houses near the Indian Point NPP in NY also experienced substantial declines in prices: those within 2 km of the NPP declined by 25.3% and those within 2-4 km declined by 11.4%. This might not be too surprising given that Indian Point has the highest risk of an earthquake among NPPs in the U.S. (Dedman 2011) and has been ranked as the riskiest NPP in America in some polls (Breyer 2011, Merrefield et al. 2011). House prices near other plants, such as Limerick and Catawba, suffered losses yet only within 2 km of the NPPs, by a maximum of 16.7% and 15.2% respectively, while prices within 2 km and 4 km were not affected by the Fukushima accident. House prices within 2 km of the McGuire NPP
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Their figures are presented in Figure C4, except for TMI, which is presented in Figure 4.
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in NC declined by a maximum of 16.9%, though the point estimate is not statistically significant, and those within 2 km and 4 km of McGuire were also not affected by the Fukushima accident. These findings highlight a great deal of heterogeneity in the effects of the Fukushima crisis on house prices across NNPs. Notably, we find that residents near TMI, which experienced a similar nuclear crisis in 1979, were most responsive to the crisis. The evidence is consistent with the recent financial literature that emphasizes the role of adverse experiences in the past in formulating beliefs and risk preferences among individuals.12



VIII. Alternative Mechanisms The previous section has presented evidence that house prices declined in proximity to NPPs in the U.S. shortly after the Fukushima crisis and returned to the baseline level after one year. We interpret such dynamics of house price changes as the result of updated individual beliefs toward nuclear energy risk. In this section, we explore several alternative explanations that give rise to similar patterns without requiring changes in beliefs. Details are presented in Appendix B. First, we look at whether a reduction in NPP activities led to the decline in house prices. To do so, we collected data on monthly electricity generation from the U.S. Energy Information Administration (form EIA-923) for two years before and after the crisis (from March 2009 to March 2013). Overall, the analysis provides no evidence that energy supply by nuclear power in



12



Recent studies in the financial literature emphasize the important role of individual experience on risk preferences and behaviors in financial markets. For example, Malmendier and Nagel (2011) show that individuals who experienced the Great Depression are less likely to take financial risk and less likely to invest in equities even when they participate in the stock market, holding age, year effects, and household characteristics constant. In an experimental setting, Cohn et al. (2015) demonstrate that individuals who were induced with the fear of a stock market bust became substantially more risk averse than those primed with a stock market boom. In a natural experimental setting, Koudijs and Voth (2015) find that lenders who were at greater risk of making substantial financial losses during the Amsterdam financial crisis 250 years ago were still markedly more risk averse than other lenders not at risk of significant losses, despite the fact that neither one ended up losing money.
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the first year after the crisis changed immediately nor gradually (Appendix B1). These findings suggest that changes in the local economy or plant activities cannot explain lower demand for houses near NPPs after the Fukushima crisis. Second, we consider whether selection bias could have resulted in the same price pattern as we estimate above. This could manifest itself in a number of ways. First, houses that sell are a potentially non-random sample of the population of houses in an area. It could be that there was a differential selection of the types of houses that sold in Ring0_4 and Ring4_8. Hence, it could be that there was no updating of nuclear energy risk due to Fukushima but this differential selection resulted in this same price pattern (Appendix B2). Second the demographics of buyers in Ring0_4 changed relative to those in Ring4_8 and hence their MWTPs changed such that this resulted in this same price pattern despite there being no updating of nuclear energy risk due to Fukushima (Appendix B3). Third, this could be due to a reduction in actual sales in Ring0_4 as compared to Ring4_8 (Appendix B4). The evidence we provide gives no indication that our results are driven by any of these three forms of selection bias. Third, another mechanism that could give rise to the increase in house prices is the decrease (relative to the status quo) in the housing stock in the vicinity of NPPs. We find that the evidence suggests that changes in housing supply cannot be a primary cause of the reverse in house price trends (Appendix B5). Fourth, we consider whether changes in nuclear power safety regulations could have led to the ultimate return of house prices to the baseline level prior to the Fukushima accident. We document that while the new regulatory actions are expected to contribute to enhanced safety in the long-run, they do not explain the quick recovery of house prices as observed in our results (Appendix B6).
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IX. Conclusion This study challenges one of the fundamental assumptions of market efficiency, namely, that economic agents make decisions based on unbiased information through the Bayesian updating process. In particular, we demonstrate how individuals update beliefs of the risk of a nuclear crisis. The empirical analysis is built upon an exogenous event, the Fukushima crisis, that struck Japan in March 2011. Because the Fukushima accident was truly an information shock that did not change the actual risk of NPPs in the U.S., any impact on prices provides causal evidence on households’ updating processes of nuclear risk. By employing the hedonic method, we explore the changes in prices of homes that are in the near vicinity of NPPs with those in neighborhoods that are slightly farther away from 20 NPPs in seven states in the U.S. Our results provide new evidence on the spatial and temporal dynamics of the effect - the impact on house prices was very local (within 0-2 km of a NPP) and of a limited duration (around 12 months). This is consistent with polls taken in the U.S. that showed a significant drop in those who approved of building more NPPs soon after the Fukushima accident but an equally significant majority in favor of using nuclear power just one year after the event. Our results provide three important implications for explaining the learning process and market behavior. First, the large decline in house prices in a 2 km radius of NPPs in the U.S. suggests that homeowners revised their beliefs over the likelihood of a nuclear crisis, suggesting that the prevalence of imperfect information in the housing market over the environmental risk in the neighborhood. This finding contrasts with previous findings that the Fukushima or TMI accidents had no effect on neighboring house prices. The disparity in the findings is driven by the two advantages we have over the previous studies. First, we estimate the effect at a fine spatial and
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temporal level, whose effects are masked at the aggregated level. Second, the use of actual transactions captures the true MWTP reflected in sale prices, which otherwise is difficult to measure when using assessed values. Second, we find the decline in house prices that bottomed out around a half year after the Fukushima accident completely vanished one year after the event. Given how much one event at Fukushima contributes to historical predictability of a nuclear crisis, such a quick recovery of house prices cannot be explained by the standard Bayesian updating rule, which suggests rational decision makers should attenuate a new and dramatic event with consideration to historical probability. Rather, the finding is more consistent with behavioral models, in particular, the representativeness heuristic and availability bias proposed by Kahnemann and Tversky (1982), in which people tend to overweight recent and easily accessible information while underweighting past data in assessing subjective probabilities. Gallagher (2014) finds the similar dynamics in flood insurance take-up over nine years after flooding, whereas Abadie and Dermisi (2008) illustrate the one in office vacancy rates over five years after the September 2001 terrorist attack in New York City. Our evidence demonstrates a much faster rate of information processing, suggesting that it is occurring on a daily basis. Third, similar to Fink and Stratmann (2015), we first estimate a hedonic house price model at the national level. While we do find a negative impact on house prices, we find evidence of considerable variation when we disaggregate the data to the state and individual NPP levels. This shows that aggregation can mask important heterogeneity of the results. Notably, we find the strongest effect near TMI. An important implication of which is that adverse experiences in the past play an important role in formulating beliefs and risk preferences among individuals. One interesting result of our analysis is that the welfare implications of the Fukushima
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nuclear accident in the U.S. housing market are small. That is, while there was a significant decline in house prices near NNPs, this effect was temporary. Hence the welfare effect of the tendency for individuals to overreact to this large and unexpected event was minimal given the quick return of prices to baseline levels. This is in contrast to studies that find evidence of stigma effects due to environmental disamenities (e.g. Messer et al. 2006) where impacts are long-lasting. One complication of this study is that the Fukushima accident occurred during a time of major turmoil in the U.S. housing market. As Figure C5 shows, national real house prices were at their lowest level at the time of the crisis. Hence it remains an open question as to whether our results would generalize to other periods that correspond to different phases of the housing cycle.
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Figure 1: The New York Times Articles Citing the Keywords



Year-Month Fukushima



Nuclear Power



Notes: This graph indicates the frequencies of The New York Times articles citing the words, “Fukushima” or “Nuclear Power”, separately for each keyword. The observation is at the year of the month level. Data Source: ProQuest Historical Newspapers: The New York Times with Index



33



Figure 2: The Trends in House Prices Panel A: Price Gradient over Distance from Nuclear Power Plants



Notes: The sample includes house prices in the year before and after the crisis, smoothed with the bandwidth of 1 km.
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Panel B: Price Gradient over Days Passed since the Fukushima Crisis
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Notes: The sample includes house prices in the two years before and after the crisis, smoothed with the bandwidth of 60 days.
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Figure 3: The Dynamics of House Price Changes at the National Level Column (1) Column (2)
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Notes: The figures above illustrate the dynamics of house price changes since the Fukushima crisis as estimated by the regression models in Table 2 that include cubics in time since the Fukushima accident. The column number above the figure corresponds to the column in Table 2. The x-axis is the number of days since the Fukushima accident, and the y-axis represents the changes in log points of housing prices. The dashed line represents an upper bound of 90% confidence interval based on the one-sided test that the impact is less than zero.
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Figure 4: The Dynamics of House Price Changes Near Three Miles Island NPP
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Panel B: Ring2_4
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Notes: The figures above illustrate the dynamics of house price changes near TMI since the Fukushima crisis as estimated by the regression models in Table 4. The x-axis is the number of days since the Fukushima accident, and the y-axis represents the changes in log point changes in housing prices. The dashed line represents an upper bound of the 90% confidence interval based on the one-sided test. Other figures based on Table 4 are presented in Appendix Figure C4.
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Table 1 – Summary Statistics and Comparison of Means Before Diff Dist. from NPP Ring0_4 Ring4_8 (OLS) Variable (1) (2) (3) Sales price



Assessed value



257.96 [144.98] 1,953 183.89



256.2 [157.09] 6,079 172.08



1.759 (16.505) 8,032 11.812



After Diff. (FE) (4) 1.082 (19.059) 8,032 -0.529



(6)



Diff. (OLS) (7)



Diff. (FE) (8)



256.02 [205.63] 6,528 158.86



-8.291 (18.711) 8,392 2.485



9.734 (25.683) 8,392 -4.796



Ring0_4



Ring4_8



(5) 247.73 [197.13] 1,864 161.34







DID OLS



FE



(9)



(10)



-10.051 (13.292) 16,424 -9.327*



-2.258 (11.818) 16,424 -4.763



[119.92] [128.6] (16.73) (15.49) [118.55] [128.47] (19.541) (13.8) (5.055) (3.245) 1,851 6,510 8,361 8,361 16,384 16,384 1916 5964 7880 7880 Year built 1985.87 1984.31 1.558 2.184 1983.54 1986.63 -3.091 -1.649 -4.648 -3.632 [24.62] [28.76] (5.613) (5.882) [26.96] [26.95] (3.089) (2.244) (3.57) (3.477) 1,735 5,120 6,855 6,855 1,544 5,009 6,553 6,553 13,408 13,408 Bedrooms 3.168 3.297 -0.129 -0.098 3.179 3.368 -0.189** -0.103 -0.06 -0.017 [0.791] [0.700] (0.094) (0.11) [0.78] [0.724] (0.076) (0.086) (0.090) (0.073) 1,069 3,780 4,849 4,849 1,007 3,578 4,585 4,585 9,434 9,434 Bathrooms 1.992 1.862 0.131** 0.207*** 1.964 1.977 -0.013 0.108 -0.144* -0.087 [0.786] [0.747] (0.058) (0.04) [0.820] [0.743] (0.065) (0.075) (0.067) (0.075) 932 3,659 4,591 4,591 833 3,585 4,418 4,418 9,009 9,009 Square footage 2693.8 2491.9 201.884 221.273 2593.7 2579.9 13.747 50.55 -188.14** -180.03** [1108.3] [956.3] (135.762) (150.011) [1038.7] [946.8] (113.06) (138.62) (71.47) (75.89) 607 2,369 2,976 2,976 562 2,481 3,043 3,043 6,019 6,019 Lot size 0.44 0.489 -0.049 -0.008 0.496 0.48 0.016 0.013 0.065** 0.024 (Acres) [0.666] [0.791] (0.055) (0.053) [0.696] [0.712] (0.065) (0.062) (0.028) (0.027) 1,933 6,202 8,135 8,135 1,903 6,676 8,579 8,579 16,714 16,714 Notes: Diff (OLS) is coefficient estimate and standard error from OLS regression of variable on Ring0_4. Diff (FE) is coefficient estimate and standard error from plant-level fixed effects regression of variable on Ring0_4. Clustered standard errors in parentheses. *** p
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Table 2: Effect of the Fukushima Crisis on Local House Prices Treatment Buffer 0-2 km (1) -0.172** 0.018 -15.77 167 400 X



2-4 km (2) -0.119* 0.059 -11.23 153 355



(3) -0.048 0.111 -4.66 152 368 X



(4) -0.020 0.275 -1.96 116 261



Maximum Effect p-value Impact (%) Maximum Day Zero Day State × year FE Plant × year FE X X Notes: The dependent variable is the natural log of house price. The numbers of observations is 16,435. The table presents only the magnitude of the maximum effect (estimated from the cubic terms in time interacted with the specified distance dummy), its p-value based on the one-sided test that the impact is less than zero, the maximum effect in percentage terms, the number of days passed since the crisis at which the maximum effect occurs, and the number of days passed since the crisis when the estimated impact is zero. See Appendix Table C4 for the underlying estimates. All specifications include structural characteristics. *** p
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Table 3: Effect of Crisis on Housing Prices by States PA (1)



State NC (3)



NY (2)



SC (4)



NJ (5)



IL (6)



Panel A: Ring0_2 Maximum effect -0.242*** -0.157* -0.524** -0.218*** -0.008 -0.163 p-value 0.004 0.081 0.02 0.003 0.42 0.188 Maximum days 139 291 180 131 86 479 Impact (%) -21.48 -14.56 -40.8 -19.6 -0.78 -15.05 Zero effect days 326 599 410 291 187 271 Panel B: Ring2_4 Maximum effect -0.075 -0.186*** -0.073 -0.114 -0.005 -0.015 p-value 0.109 0.001 0.302 0.135 0.436 0.436 Maximum days 175 149 466 452 119 89 Impact (%) -7.25 -16.95 -7.07 -10.75 -0.5 -1.54 Zero effect days 504 380 285 297 291 213 N 4,935 1,515 3,921 1,778 3,245 895 Number of NNPs 5 4 3 2 1 3 Notes: The dependent variable is the natural log of house price. The table above shows only the summary of the results based on the estimated coefficients of interest; the cubic polynomials in time interacted with the respective distance buffer. Panel A presents the estimates for houses within 2 km from NPPs, and Panel B presents the estimates for houses between 2 and 4 km away from NPPs, while these estimates in a column come from a single regression. The sample includes 2 years before and after the crisis and all houses within 8 km from NPPs, and thus the comparison group is houses between 4 and 8 km away from NPPs. The maximum days that exceed 365 days in NC and SC in Panel B, and IL in Panel A should be considered as the locally minimum points. *** p
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Table 4: Effect of Crisis on Housing Prices by Individual NNPs Plant name: State:



Limerick PA (1)



Three Mile Island PA (2)



Indian Point



McGuire



Catawba



NY (3)



NC (4)



SC (5)



Panel A: Ring0_2 Maximum Effect -0.183*** -0.635*** -0.292*** -0.185 -0.164*** p-value 0.001 0.000 0.000 0.304 0.008 Impact (%) -16.73 -46.99 -25.3 -16.86 -15.16 Maximum Day 116 150 159 256 170 Zero Day 265 354 445 448 373 Panel B: Ring2_4 Maximum Effect -0.033 -0.265* -0.122 0.038 -0.055 p-value 0.147 0.064 0.101 0.332 0.377 Impact (%) -3.2 -23.25 -11.44 3.83 -5.33 Maximum Day 495 156 148 578 447 Zero Day 730 407 381 588 325 N 3,198 1,067 991 2,426 2,388 Notes: The dependent variable is the natural log of house price. The table above shows only the summary of the results based on the estimated coefficients of interest, the cubic polynomials in time interacted with the respective distance buffer. Panel A presents the estimates for houses within 2 km from NPPs, and Panel B presents the estimates for houses between 2 and 4 km away from NPPs, while the estimates in a column comes from a single regression. The sample includes 2 years before and after the crisis and all houses within 8 km from NPPs, and thus the comparison group is houses between 4 and 8 km away from NPPs. *** p
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Appendix A. Robustness Checks of the National-Level Analysis We test the robustness of the findings in the national-level analysis against various alternative specifications. Because the evidence in the previous subsection shows that the effects are concentrated within 2 km, we focus on the estimates within 2 km of NPPs using the preferred model with plant-by-year fixed effects (although the regressions separately control for the effects within 2-4 km of NPPs). First, in Column (1) of Table A1, we include dummies for month of sale to flexibly control for the seasonality effect across months that may coincide with the timing of Fukushima crisis. In Column (2), we include zip code fixed effects that control for average house value realizations across zip codes. There are multiple zip codes surrounding a NPP and thus such fixed effects effectively capture unobserved time-invariant variation in neighborhood quality across these areas. Column (3) expands the size of the comparison group up to 10 km, while Column (4) limits it to within 6 km, to test whether the findings are robust to formation of the comparison group. Column (5) excludes newly constructed houses in anticipation that they may constitute a unique housing market. In Columns (6) through (8), we vary the level of clustering for the standard errors, allowing for unobserved independent correlations in the error term at different levels. We cluster standard errors at the plant level in Column (6), use two-way clustering by the city and month of the year in Column (7), and use two-way clustering by the plant and month of the year in Column (8). The use of two-way clusters not only allows for correlation within geographic units over time but also within time across spatial units. Finally in Column (9), we report the results from using the 5th order polynomial in days since the Fukushima crisis. In all alternative specifications in Columns (1) through (5), we find that the size of the effect is unchanged. Furthermore, Columns (6) through (8) show that the statistical significance of the effect is not affected by the level of clustering. Overall, we find no evidence that the main findings are confounded by the size of the geographic fixed effects, the size of the control group, or the level of clustering of the error term, supporting the conclusion that the reduction in house values is driven by changes in the subjective reassessment of nuclear risk in response to the Fukushima crisis. The main analysis uses a cubic polynomial in time since the accident as we find that this specification provides the best and most sensible estimate of the increasing impact on house prices in the first 6 months and the attenuation to zero sometime during the next six months. But as is clear from Figure 3, the impact monotonically increases after the estimated impact equals zero. This is not in line with the nonparametric descriptive analysis which shows that the impact remains at zero after about one year (Figure 2B). Essentially, it is too much to ask of a 3rd order polynomial to capture both the rise and fall of the impact in the first year and the subsequent lack of impact. We find that we can pick this up if we include higher order polynomials in time in our model. This is best displayed with the 5th order polynomial and we provide the graph in Figure A1 for Ring0_2. One can see that the impact levels out around 300 days at an estimate that is just above and not significantly different from zero. The problem with the 5th order polynomial specification is that the maximum impact is now much larger; 24.7% (Column 10), and hence is less believable than what is estimated using the 3rd order polynomial. Furthermore, both the maximum impact and the point of zero impact are now estimated to occur much earlier than when using the 3rd order polynomial; 80 and 245 days, respectively. This is likely the consequence of capturing the leveling out of the impact around zero after 300 days. Polynomials in time since the accident of higher order 1



than 5 are even more extreme in this manner and more idiosyncratic in their results. This is why we report the main results using the 3rd order polynomial in time (Table 2) and display the results for the 5th order polynomial (Figure A1) as better capturing the return to no impact after about one year.
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Figure A1: The Dynamics of House Price Changes at the National Level
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Notes: The figure above illustrates the dynamics of house price changes within 2 km of NPPs since the Fukushima crisis as estimated using the 5th order polynomial. The x-axis is the number of days since the Fukushima accident, and the y-axis represents the changes in log points of housing prices. The dashed line represents an upper bound of 90% confidence interval based on the one-sided test that the impact is less than zero.



Table A1: Robustness Checks (1)



(2)



(3)



(4)



(5) (6) (7) (8) (9) ExCluster Cluster clude at Include Include Include Cluster at city5th orInclude new plantmonth up to 10 up to 6 at plant month der polzip FE conmonth FE km km level of year ynomial strucof year level tion level Maximum Effect -0.114* -0.128** -0.116** -0.121* -0.117* -0.119* -0.119* -0.119* -0.284** p-value 0.067 0.036 0.05 0.064 0.063 0.069 0.079 0.073 0.018 Maximum Days 151 144 144 174 158 153 153 153 80 Impact (%) -10.73 -11.98 -11 -11.41 -11.04 -11.23 -11.23 -11.23 -24.72 Zero effect days 349 336 330 409 366 355 355 355 245 Notes: This table reports the robustness of the estimate in Table 2 Column (2) to various alternative specifications described in each column head. The table reports only the effects within 2 km from NPPs, though the regressions separately control for effects 2-4 km away from NPPs. All specifications include plant-by-year fixed effects and structural characteristics. All standard errors are clustered at the city level, unless noted otherwise. *** p
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B. Alternative Mechanisms In this section of the Appendix, we provide details about our analysis of alternative mechanisms that could have given rise to the price patterns we estimate using the hedonic model.



B1. Nuclear Power Plant Activities One possible reason for the decline in house prices is a response to changes in NPP activities. This was a reason for the substantial decline in house prices in Germany where the Fukushima crisis resulted in the immediate shutdown of several NPPs and the gradual phase-out of the remaining NPPs (Bauer et al. 2015). However, this is less likely to be the case in the U.S. Indeed, none of the NPPs in the U.S. shut down in response to the Fukushima crisis. Instead, the Nuclear Regulatory Commission went ahead with its approval of new reactors at two existing NPPs for the first time since the 1970s. We test whether the Fukushima crisis had any impact on plant activities at NPPs in the U.S. To do so, we collected data on monthly electricity generation from the U.S. Energy Information Administration (form EIA-923) for two years before and after the crisis (from March 2009 to March 2013). We present the trends in the amount of net generation in gigawatt hours (GWh) by all NPPs in our sample in Figure B1. To examine whether there is evidence of any impact on plant activities at NPPs after the Fukushima crisis, we apply a similar DID model as in the house price analysis that can capture a similar dynamics in the first year of the crisis1. Specifically, we run the following regression. !"#"$%&'(#)*+ = - + / 0'1"* , 3'$4&5$+ , 6 + 3'$4&5$+ + 7* + 8+ + 9)*+



(B1)



where Generationimt is the amount of net electricity generation by NNP i in month m and year t, Timem is the number of months after March2, and FirstYrt is a binary variable equal to one for observations within one year after the crisis (i.e., March 2011 to March 2012). The basic intuition is that after controlling for the underlying (controlled) trends in the outcome as captured by the flexible function of Timem, the interaction term between Timem and FirstYrt captures the additional changes in the outcome variable in the first year after the crisis over months. In most specifications, we include month fixed effects in replacement of Timem as control variables to flexibly capture seasonality effects. Essentially, we compare changes in the amount of electricity generation over months between the periods affected and not affected by the crisis. The housing price analysis above suggests that we can use months before March 2011 and after March 2012 as the control period. We include a quadratic term in Time because we focus on the effect within one year. The DID results are presented in Table B1 and Figure B2. Column (1) presents results from a basic specification without any fixed effects, thus the only variables included are the running variable in months, the first-year dummy, and their interactions. The point estimate is positive and significant at the 5 percent level, indicating an increased electricity generation in the first year after 1



Note that the use of net generation by other sources, such as coal or natural gas, cannot be used as a valid control group because the stable unit treatment value assumption is less likely to hold given that any reduction in nuclear energy will be substituted by energy from other sources. 2 We normalize March to zero, and the value monotonically increases to eleven in February.
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the crisis. In Column (2), we include month and year fixed effects to nonparametrically control for seasonality and yearly effects. The size of the effect at peak is negative but extremely small, and this occurred just a month after the Fukushima crisis. As is also shown in Figure B2, the amount of energy supply continued to increase afterwards. The finding is robust to the inclusion of state fixed effects or plant fixed effects as well as alternative samples (Column (5)). Overall, the analysis provides no evidence that energy supply by nuclear power in the first year after the crisis decreased immediately nor gradually. These findings suggest that changes in the local economy or plant activities cannot explain lower demand for houses near NPPs after the Fukushima crisis.



B2. Different Characteristics of Houses near NPPs Our analysis above rests upon the similarity of houses that sold within 4 km and between 4 and 8 km of a NPP. We have presented two pieces of evidence to support this identification assumption. First, Figure 2 illustrates such similarity both in levels and trends of house prices between the two areas, and second Table 1 presents similarities in various characteristics of houses prior to and after the Fukushima crisis using the sample in the main analysis.3 The sample used in this analysis is limited to houses that sold in the market during this period. However, they may not be a representative sample of all existing houses in the areas. Thus, it could be that the price differential that we estimate reflects a differential selection of houses that sold in Ring0_4 and Ring 4_8. Thus, we repeat the same analysis of the comparison of mean house characteristics (as reported in Table 1) using all existing houses. We obtained the house characteristics of all houses in Pennsylvania only, and thus the analysis is limited to the five NPPs in Pennsylvania. Also, the information is based on 2014 tax data, and thus we dropped houses built after 2011. The estimates presented in Table B3 suggest the relative similarities in assessed values, age, number of bedrooms, and lot sizes between Ring0_4 and Ring4_8. Table B4 confirms similar characteristics in Ring0_2 and Ring2_4 relative to Ring4_8. Three variables now show a statistically significant difference that is due, at least in part, to a large sample size, yet these differences are economically small relative to the mean. Also note that the estimated coefficient for the number of bathrooms is positive, in which case a potential bias goes against finding lower price near NPPs. Overall, these findings present little evidence of preexisting differences in house characteristics among the population of houses in Ring0_4 and Ring4_8 such that the selection of houses that actually transact is likely to drive the findings in the analysis. In contrast, the findings lend support to the identification assumption that we compare areas with an ex ante similar set of homes.



B3. Demographics of Buyers and Sellers An important channel via which house price hedonic coefficients (i.e. MWTP) can change without a change in the underlying preferences is through changes in the composition of buyers and sellers. For instance, sellers who sold their homes shortly after the nuclear crisis may be more concerned about a potential nuclear risk than average sellers. In this case, house prices fall, as these people set a low reservation price for selling their home, thereby overestimating the MWTP to avoid the 3



Note that in Table 1, we compare simple differences in means between Ring0_4 and Ring4_8. In Appendix Table B2, we present differences in means between Ring0_2, Ring2_4, and Ring4_8. The findings are quantitatively and qualitatively similar.
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nuclear risk than that of average population. In contrast, buyers who purchased their homes near NPPs after the nuclear crisis may have a lower MWTP to avoid the risk than buyers before the nuclear crisis and thus tend to have a higher reservation price, in which case the estimated MWTP can change even though preferences for nuclear risk have remained stable. The results of previous studies on changing demographics are inconclusive. On the one hand, Davis (2011) uses the Decennial Census to observe only modest or mostly small changes in demographics of neighborhoods within 2 miles of power plants. Muehlenbachs et al. (2014) use census tract-level information that shows few economically significant changes in attributes near wellbores between 2000 and 2002 after the expansion of shale gas fracking. On the other hand, Kuminoff and Pope (2014) use data between 2003 and 2007 for five MSAs to show that capitalization effects in housing prices for school quality are understated by as much as 75% without accounting for changes in preferences of local residents toward public goods, preferences, wealth, or technology over time. Banzhaf and Walsh (2013) also provide evidence on changes in the racial composition of neighborhoods in response to changes in public goods. Unfortunately, we do not have information on buyers and sellers or high frequency information of neighborhood characteristics on a monthly basis that would allow us to quantitatively test the impact of these factors. Given the lack of adequate data, we explore changes in house characteristics that are sold in this time framework to proxy for demographic changes and the sorting process.4 In particular, we estimate equation (5) by using individual house characteristics as the dependent variable to see if they follow a similar pattern to what we estimated for house prices. Two points are worth discussing before presenting the results. First, changes in house characteristics during the first year of the crisis do not necessarily invalidate our identification strategy, as these structural characteristics are controlled for in our analysis. A large change in house characteristics, however, may be a cause of concern if it is indicative of changes in unobserved house and/or demographic characteristics. In contrast, an absence of treatment effects on these other dimensions can be considered as falsification evidence that the treatment status (determined by distance to a NPP) and the timing of treatment (determined by the nuclear crisis) balance key observables, and potentially unobservable factors, including demographic considerations, that determine the economic parameters of the underlying house price functions (Altonji et al. 2005). Table B5 presents the results based on the sample of houses sold two years before and after the crisis. In Panel A, we compare areas within 4 km of NPPs and those between 4 and 8 km of NPPs. In Panels B and C, we present the effects on areas within 2 km of NPPs and those between 2 and 4 km of NPPs as compared with areas between 4 and 8 km, respectively (these two effects are simultaneously estimated by a single regression). Interestingly, we find no effect on (the log of) assessed value. The estimated effect within 2 km is distinct from the corresponding value in Table 2, and the maximum effect is realized after one year. The distinctive finding when using actual sales prices in the main analysis and assessed values in this exercise underscores the concern that the use of assessed value does not truly reflect the value individuals place on houses in the actual market. Furthermore, the three variables that show statistically significant effects only indicate small effects. Importantly, these effects in two of the three variables are derived from areas between 2 and 4 km from an NNP, but not from areas within 2 km, where the main effects on house price is concentrated. 4



The literature suggests that home sale prices, and the associated bargaining process from reservation prices, are associated with homeowner’s characteristics, such as the home equity ratio (Genesove and Mayer 1997), loss aversion (Genesove and Mayer 2001), and wealth, gender, and other demographic attributes (Harding et al. 2003).
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The evidence above suggests that buyers (sellers) that purchased (sold) homes in the first two years of the crisis purchased (sold) homes be no more different than average homes in comparable temporal and spatial groups. Importantly, the finding suggests that changes in household demographics cannot explain the observed decline in house prices. The evidence is more supportive of the belief that the decline in house prices reflected changes in WTP for a nuclear risk by average households that would exchange homes in other times and places. More importantly for the purpose of our identification strategy, balancing primary determinants of house prices at the time of the crisis lends support to the main analysis that captures changes in prices of homes that are otherwise homogenous in their values and characteristics.



B4. Transactions of Home Sales Another concern in the interpretation of the reduction in house prices arises from the potential effect on the likelihood of house sales. For example, the number of homes sold may decline initially after the crisis due to lower demand but rise later as individuals forget about the crisis, in which case the analysis based on actual transactions may suffer from sample selection bias. We explore this possibility in two ways. First, we examine whether the number of monthly sales is a function of distance to a NPP and time after the crisis. In particular, we specify the model: ln + = - + / ?'4&> , 0'1"+ , 6 + 9>+ . 



(B2)



where Salesjt is the number of sales in distance buffer j in month t. As is the case for the initial analysis of house prices, we use a cubic in time for the sample of sales two years before and after the crisis. The results presented in Panel A of Table B6 and the associated figures in Figure B3 suggest that the likelihood of home sale transactions did not fall at all.5 If anything, the figures show that it is increasing over time. Second, we use alternative samples to confirm the above result. As discussed in Appendix Section B2, we have information on all existing properties in Pennsylvania. Using this sample, we first construct a balanced monthly panel of all houses for one year before and after the crisis. Then, we regress the binary variable, whose value is equal to one if the property is sold in a given month, using a model that is similar to equation (B2). The results presented in Panel B of Table B6 and the associated figures in Figure B3 present almost identical evidence. These results allay our concern that non-random sample selection driven by changes in the number of housing transactions poses potential bias to our results.



B5. Supply of Housing The main analysis featured trends in house prices that returned to the level just prior to the Fukushima accident toward the end of the first year after the crisis, but the question still remains as to what explains this process. Our interpretation of the evidence, as underlined by a more recent behavioral model of information processing, is that an overreaction to the crisis triggered the initial decline in house prices, which subsequently rose back to the baseline level as people forgot about the Fukushima crisis. Another mechanism giving rise to the increase in house prices is the decrease (relative to the status quo) in the housing stock in the vicinity of NPPs. We have already partially addressed this issue in the robustness section. In particular, we have shown that the main results 5



Also in Appendix Table C2 and C3, we present the raw number of home sales in each month separately before and after the crisis.
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hold after excluding newly constructed homes, suggesting that the main results are not driven by homes in the new construction market. However, the house price effect is likely to spill over to the existing housing market; in other words, the construction of new houses affects the total stock of houses, which also affect prices of existing homes. We test this potential channel in two ways. First, using the house sales data in the main analysis, we test whether the probability that a sale is new construction is a function of the distance buffer and time using a linear probability model. The results are presented in Panel A of Table B7. Since our focus in this exercise is not to test the peak effect but to test whether housing supply changed one year after the crisis, we present the estimated effect at 365 days after the crisis based on the regression estimates. The results suggest that new construction sales decreased by about 10 percentage points (relative to the mean of 17%), and it is statistically significant at the 7.5% level. However, most of the decrease comes from the area between 2 km and 4 km of NPPs, and the effect on areas within 2 km of a NPP, where the housing price effect is most concentrated, is small and statistically insignificant. This particular piece of evidence, however, measures the effect on demand for new construction, and may not be an accurate indication of the supply effect, when new homes are left unpurchased. Thus, as a second approach, we test whether there is a differential effect on the supply of new homes relative to all existing homes in the treatment and control groups. This is a more direct test of the total house supply change, though the analysis is limited to Pennsylvania. Using the total housing stock in 2014, we construct an indicator variable that is equal to one if the home was built in 2012.6 Panel B of Table B7 shows a simple difference in its mean between various treatment distance buffers relative to the control distance buffer. All point estimates are negative, indicating a lower share of new homes near NPPs, yet they are economically extremely small and are statistically insignificant. After all, only 0.3% of housing stock in the control area was constructed in 2012, any reduction of which should explain large price dynamics in the main analysis. In sum, both pieces of evidence suggest that changes in housing supply cannot be a primary cause of the reverse in house price trends.



B6. Upgrades on Nuclear Power Safety Regulations The U.S. Nuclear Regulatory Commission (NRC) established a task force immediately after the Fukushima accident to address lessons learned from this event and provided recommendations for improvements to the regulatory system in July 2011, which directed the NRC’s post-Fukushima activities. The NRC approved the first three regulatory requirements and issued the orders to all U.S. NPPs in March 2012, which included: 1. Ensuring that electrical power equipment keep the reactor core and spent fuel cool even during a prolonged loss of internal electrical power. 2. Installing a reliable venting system to remove heat and pressure in the buildings to avoid damages to or the melting of the reactor.
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As in Table B7 Panel A, because our focus is whether housing supply explains increased housing prices back to the baseline level after one year of the crisis, rather than the reductions in house prices in the first year after the crisis, we eliminate houses built in 2013, and the dependent variable of interest is whether houses were constructed around one year after the crisis. Because we do not have information on month of construction, we use all houses constructed in 2012 as a proxy. As a robustness check, we also used a dummy for houses built in 2011 and 2012, which complicates the interpretation because houses built in 2011 may explain the downward trend in house prices up to a half year after the crisis or the subsequent upward trend in house price up to a year after the crisis. Nonetheless, we reached the same conclusion.
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3.



Installing instrumentation in spent fuel storage pools that reports water levels in the pools.7 The plants were required to complete these orders within two refueling outages or by December 31, 2016, whichever comes first. Therefore, while these new regulatory actions are expected to contribute to enhanced safety in the long-run, they do not explain the quick recovery of house prices as observed in our results.
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See http://www.nrc.gov/reactors/operating/ops-experience/japan-dashboard/priorities.html#tier-01
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Figure B1: Net Generation by Nuclear Power Plants
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Notes: The figures above show the trends in the amount of net electricity generation in GWh by nuclear power at all NPPs in the seven states used in the analysis. Panel A shows monthly averages of all NPPs and local polynomial smoothing function of net generations over time. The observations are based on monthly records at individual plants. Panel B shows the average monthly net generations between March 2009 and March 2013. Data Source: EIA-913
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Figure B2: The Dynamics of Net Electricity Generation by Nuclear Power
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Notes: The figures above show the dynamics of changes in net generation by nuclear power in the first year after the crisis based on the estimates presented in Table B1. Note that we only present the figures for Columns (1), (2), and (5), because the estimates for Columns (2)-(4) are essentially the same.
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Figure B3: The Effect on Probabilities of Sale Panel A Column (2)
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Jun July Aug Sep Oct Nov Month after the Fukushima Accident Coeff.



Dec



Jan



Feb



90% Upper bound



0



Change in Log Num. of Sales .0002 .0004 .0006 .0008



.001



Column (3)



Mar



Apr



May



Jun July Aug Sep Oct Nov Month after the Fukushima Accident Coeff.



Dec



Jan



Feb



90% Upper bound



Notes: These figures present the dynamics of (log of) housing sales over one year after the crisis, based on the estimates in Table B6.
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Table B1: Effect on Nuclear Energy Generation; DID Estimator (1) (2) (3) (4) (5) Maximum Effect 69.46** -1.35 -1.35 -1.35 0 p-value 0.041 0.469 0.469 0.470 0.499 Semi-Elasticity 6.47% -0.13% -0.13% -0.13% 0% Maximum Month 11 1 1 1 0 N 941 941 941 941 939 N Y Y Y Y Month FE N Y Y Y Y Year FE N N Y N N State FE N N N Y N Plant FE Notes: This table presents the estimated coefficients of interests using a DID model as specified by equation (B1). The dependent variable is the amount of net generation by nuclear power in GWh. The mean value of the dependent variable in this time period is approximately 1,074Gwh. Maximum Effect is the size of the effect at which the slope of the specified function is zero, p-value is the associated p-value, Semi-Elasticity is Maximum Effect divided by 1,074 (x 100%), and Maximum Month is the month at which the maximum effect occurs. In Column (1), we include time (number of months after March) in replacement of month fixed effects. Column (5) uses only the sample with non-zero generation. All standard errors are clustered at the plant level.



Table B2: Differences in House Characteristics by Distance to a NPP in House Sale Sample Diff (OLS) Diff (FE) Ring0_2 Ring2_4 Ring0_2 Ring2_4 Log sale price 5.28 1.358 3.273 0.832 (22.317) (16.418) (24.129) (19.073) Assessed value -13.271 14.622 -2.797 -0.274 (16.804) (17.593) (15.024) (16.172) Year built 2.713 1.443 5.15 1.891 (9.426) (5.303) (9.448) (5.544) Number of bedrooms -0.414* -.104 -0.369 -0.104 (0.233) (.08) (0.259) (0.095) Number of bathrooms 0.584*** .092 0.735*** 0.163*** (0.178) (.061) (0.161) (0.037) Square footage 20.605 210.979 232.521 220.679 (322.396) (142.329) (167.599) (156.252) Lot size (in acre) -.0135* -.039 -0.122 .005 (0.066) (.055) (0.085) (.051) Notes: This table presents the differences in house characteristics before the crisis between the treatment buffer defined as either Ring0_2 or Ring2_4 and the control buffer, Ring4_8. The sample is the house sale sample, and thus these figures are analogous to Columns (3) and (4) in Table 1. The standard errors in the parentheses are clustered at the plant level. *** p
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Table B3: Differences in House Characteristics by Distance to a NPP in Existing House Sample Mean Diff (OLS) Diff (FE) [Std. dev.] Ring0_4 Ring0_4 Log assessed value 11.52 -0.021 0.018 [0.60] (0.110) (0.043) Year built 1962.63 6.434 6.921 [34.59] (7.637) (6.964) Number of bedrooms 3.159 -0.110* -0.120 [0.748] (0.037) (0.023) Number of bathrooms 1.511 0.105*** 0.082** [0.591] (0.004) (0.017) Square footage 2135.6 -252.7** -154.32** [920.1] (68.061) (29.255) Lot size (in acre) 0.815 -0.119 -0.135 [1.454] (0.103) (0.154) Notes: This table presents differences in house characteristics between Ring0_4 and Ring4_8. The sample is all existing houses in Pennsylvania in 2014 (N = 45,848). The standard errors in the parentheses are clustered at the city level. *** p


Table B4: Differences in House Characteristics by Distance to a NPP in Existing House Sample Mean Diff (OLS) Diff (FE) [Std. dev.] Ring0_2 Ring2_4 Ring0_2 Ring2_4 Log assessed value 11.52 -0.148 -0.005 0.083 0.01 [0.60] (0.329) (0.080) (0.100) (0.038) Year built 1962.63 5.112 6.588 7.182 6.891 [34.59] (12.978) (6.985) (11.131) (6.497) Number of bedrooms 3.159 -0.278* -0.09* -0.246 -0.105*** [0.748] (0.095) (0.034) (0.119) (0.017) Number of bathrooms 1.511 0.337* 0.082** 0.315 0.06** [0.591] (0.107) (0.012) (0.125) (0.008) Square footage 2135.6 -155.676 -265.512** 99.873 -186.12*** [920.1] (287.772) (64.745) (238.272) (29.468) Lot size (in acre) 0.815 0.043 -0.139 -0.112 -0.138 [1.454] (0.294) (0.095) (0.456) (0.128) Notes: This table presents differences in house characteristics in Ring0_2, Ring2_4 relative to Ring4_8. The sample is all existing houses in Pennsylvania in 2014. The standard errors in the parentheses are clustered at the plant level. *** p
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Table B5: Effect on House Characteristics Sold Log AsNumber of Number of Square footsessed Year Built bedrooms bathrooms age value



Lot size (in acre)



Panel A: Ring0_4 Maximum Effect 0.016 -4.009* -0.002 -0.117*** -277.569*** -0.012 p-value 0.373 0.085 0.476 0.001 0.004 0.385 Maximum Days 597 197 43 198 183 531 Panel B: Ring0_2 Maximum Effect -0.052 -11.832*** 0.005 0 -238.207 0.076 p-value 0.315 0.009 0.491 . 0.438 0.223 Maximum Days 553 508 655 0 -250 632 Panel C: Ring2_4 Maximum Effect 0 -4.296* -0.019 -0.104** -331.964*** -0.025 p-value 0.496 0.07 0.393 0.012 0 0.274 Maximum Days -31 178 115 180 191 502 N 16,004 13,408 9,434 9,009 6,019 16,714 Notes: This table presents changes in house characteristics in houses sold between various treatment buffer defined in each panel and the comparison area between 4 and 8 km of NPPs. The sample includes all houses sold two years before and after the crisis. The standard errors are clustered at the city level.



Table B6: Effect on House Sales Ring0_4



Ring0_2



Ring2_4



Panel A: Log of number of transactions Maximum Effect -0.001 -0.006 -0.001 p-value 0.474 0.433 0.465 Maximum Days 1 -3 2 Impact (%) -0.06 -0.57 -0.11 Panel B: Probability of sale Maximum Effect -0.00017 -0.00004 -0.00021 p-value 0.36 0.379 0.378 Maximum Days -11 -4 -13 Notes: In Panel A, the dependent variable is the log of number of transactions (i.e., the number of houses sold). The level of observations is at month by distance buffer level. The function is cubic polynomial in time. Panel B uses the balanced panel of all existing homes in Pennsylvania at month level for one year before and after the crisis (N=1,100,232). The dependent variable is a binary variable that is equal to one if the house is sold in given month. In all regressions, the standard errors are clustered at the distance buffer-by-month level.
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Table B7: Effect on New House Construction Treatment Buffer Ring0_4



Ring0_2



Ring2_4



Panel A: Home sale data Effect in 1 year -0.095* -0.056 -0.100* p-value 0.075 0.213 0.076 Mean (%) 16.4 8.0 17.4 Panel B: All existing homes Coeff. -0.00021 -0.00012 -0.00022 Standard error 0.00170 0.00223 0.00190 Notes: In Panel A, the dependent variable is the binary variable taking the value of one if the house sold is newly constructed. The sample is all house sales in two years before and after the crisis (N = 16,858). The function uses cubic in time. The coefficient presents the effect at one year after the crisis, and its pvalue. The specifications include plant-by-year fixed effects. In Panel B, the dependent variable is the binary variable taking the value of one if the house was constructed in or after 2011. The sample is all existing houses in Pennsylvania within 8 km of NPPs (N = 42,795), and the mean value in areas between 4 and 8 km of NPPs is 0.3%. The coefficients are simple differences in means between the treatment buffer and the comparison buffer (Ring4_8). All standard errors are clustered at the city level.
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C. Additional Figures and Tables Figure C1: Locations of NPPs in the U.S.
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Notes: This map shows the locations of NPPs in our sample, represented by red circles, and other NPPs, represented by +’s. Data Source: The locations of NPPs come from eGrid (2012)
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Figure C2: Price Gradient over Days Passed since the Fukushima Crisis, Bandwidth: 30 Days
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Notes: This figure presents an analogous figure of Figure 2 Panel B. Here we use the bandwidth of 30 days instead of 60 days.
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Figure C3: The Dynamics of House Price Changes by States
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Notes: The figures above illustrate the dynamics of house price changes since the Fukushima crisis as estimated by the regression models in Table 3. Each column above the figure corresponds to the column in Table 3, while the top panel corresponds to the estimates in Panel A and the bottom panel corresponds to Panel B. The x-axis is the number of days since the Fukushima accident, and the y-axis represents the changes in log point changes in housing prices. The dashed line represents an upper bound of 90% confidence interval based on the one-sided test.
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Figure C4: The Dynamics of House Price Changes by Plants
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Notes: The figures above illustrate the dynamics of house price changes since the Fukushima crisis as estimated by the regression models in Table 4. Each column above the figure corresponds to the column in Table 4, while the top panel corresponds to the estimates in Panel A and the bottom panel corresponds to Panel B. The x-axis is the number of days since the Fukushima accident, and the y-axis represents the changes in log point changes in housing prices. The dashed line represents an upper bound of 90% confidence interval based on the one-sided test.
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Table C1: Number of Nuclear Power Plants and Generators



State IL PA NY SC NJ MI NC WI FL VA MN AL GA TX CA TN NE LA OH MD VT CT NH KS AR WA AZ IA MS MO MA Total Share



Plants 6 5 5 4 3 3 3 2 2 2 2 2 2 2 2 2 2 2 2 1 1 1 1 1 1 1 1 1 1 1 1 65 44.60%



Generators Generation 11 95,474 9 77,328 6 43,485 9 53,082 5 34,328 8 21,851 5 40,848 4 12,683 16 31,557 5 28,212 3 12,393 5 39,716 4 31,683 4 41,498 4 31,764 3 26,962 2 9,435 2 16,782 2 15,206 2 14,550 1 5,361 2 16,657 1 8,817 1 8,769 2 15,170 1 6,634 3 30,662 1 4,679 1 10,999 1 10,247 1 5,396 124 802,226 42.70% 45.70%



Sample 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 7 22.6%



Notes: This table indicates the number of nuclear power plants, generators, and their total reported annual net generation, in GWh, in the U.S. by states. The missing states accommodate zero nuclear power plant. Share at the bottom indicates the percentage of those included in our sample for each variable. Sample is a dummy variable taking the value of one if the state is included in our analysis sample. Source: eGrid(2012), which report information in 2009.
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Table C2: Number of Home Sales



Month January February March April May June July August September October November December



Months Before Fukushima Ring0_4 Ring4_8 (1) (2)



Months After Fukushima Ring0_4 Ring4_8 (3) (4)



107 295 152 432 90 346 144 383 148 475 140 490 142 520 154 514 182 589 159 611 253 753 201 786 193 540 162 666 194 557 210 660 181 558 156 516 189 498 153 552 166 591 129 502 135 435 150 521 Notes: This table represents the number of home sales in each month by distance to a NPP and time period. The sample includes two years before and after the Fukushima crisis, between March 2009 and February 2013, of which all months after March in 2011 are assigned as after Fukushima.



Table C3: Number of Observations in Each Ring x Month Interaction Months Before Fukushima Interaction Terms



Months After Fukushima



Ring0_4



Ring4_8



Ring0_4



Ring4_8



(1)



(2)



(3)



(4)



Within ring × month 1 53 184 61 253 Within ring × month 2 32 158 70 265 Within ring × month 3 52 163 70 303 Within ring × month 4 95 271 60 304 Within ring × month 5 62 243 69 355 Within ring × month 6 88 228 100 283 Within ring × month 7 69 253 84 271 Within ring × month 8 73 251 81 237 Within ring × month 9 128 397 72 230 Within ring × month 10 92 361 54 220 Within ring × month 11 97 366 88 211 Within ring × month 12 56 236 64 183 Notes: This table provides the number of sales for one year before/after the crisis by distance to NPPs. Month 1 before Fukushima indicates the month (30 days) before the crisis, and month 1 after the crisis refers to the month (30 days) of the crisis.
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Table C4: Effect of Nuclear Crisis on Housing Prices Ring0_2×Time×e-02 Ring0_2×Time2×e-05 Ring0_2×Time3×e-08 Ring2_4×Time×e-02 Ring2_4×Time2×e-05 3



Ring2_4×Time ×e



-08



Ring0_2 Ring2_4 Time×e-02 Time2 ×e-05 Time3×e-08 Year built×e-02 Year built missing # Bedrooms # Bedrooms missing # Bathrooms # Bathrooms missing Acres Acres missing
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(1)



(2)



-0.226** (0.112) 0.858 (0.518) -0.736 (0.551) -0.0695 (0.0476) 0.294



-0.169 (0.107) 0.691 (0.483) -0.602 (0.510) -0.0368 (0.0473) 0.193



(0.182)



(0.191)



-0.286 (0.179) 0.0126 (0.0780) -0.00999 (0.0549) -0.104 (0.0713) 0.515 (0.395) -0.552 (0.443) 0.465*** (0.0999) 9.359*** (1.967) 0.0789*** (0.0280) 0.262** (0.121) 0.157*** (0.0468) 0.185* (0.0997) 0.0704*** (0.0235) -0.0467 (0.0918)



-0.199 (0.191) -0.0486 (0.0627) -0.0316 (0.0389) -0.0976 (0.0753) 0.476 (0.428) -0.510 (0.480) 0.497*** (0.0823) 9.872*** (1.640) 0.0581** (0.0262) 0.240** (0.112) 0.183*** (0.0370) 0.353*** (0.0997) 0.104*** (0.0172) -0.0365 (0.0917)



0.175*** 0.167*** (0.0339) (0.0353) 0.608*** 0.407** Square footage missing (0.185) (0.171) 1.921 1.372 Constant (1.961) (1.621) 16,424 16,424 N State × year Plant × year FE Notes: The sample includes all houses that were sold two years before and after the Fukushima crisis within 8 km of NPPs. The table presents the coefficients of the variables of interest (cubic term in time interacted with the specified ring dummy), which are used to construct the main results in Table 2 as well as the coefficients for all other variables included in the regressions. All standard errors are clustered at the city level and included in the parenthesis below the point estimates. *** p
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