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The Effect of Terrorism on Employment and Consumer Sentiment: Evidence from Successful and Failed Terror Attacks∗ Abel Brodeur July 2017



Abstract This paper examines the economic consequences of terror attacks and the channels through which terrorism affects local economies. I rely on an exhaustive list of terror attacks over the period 1970–2013 in the U.S. and exploit the inherent randomness in the success or failure of terror attacks to identify the economic impacts of terrorism. The findings suggest that successful attacks, in comparison to failed attacks, reduce the number of jobs and total earnings in targeted counties by approximately 1.3% to 1.5% in the years following the attack. Analyzing the channels, I find that successful attacks affect, in particular, specific industries such as housing. Last, I use data from the Vanderbilt Television News Archive and the Michigan Survey of Consumers and show that successful attacks receive more media coverage and increase levels of consumer pessimism in terms of business conditions and buying conditions. Keywords: Crime, Terrorism, Employment, Uncertainty, Media, Consumer Sentiment. JEL codes: D74, C13, P16.
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Introduction



The implications of terrorism for contemporary society has been one of the most discussed issues since Sept. 11, 2001. The notion that terror attacks impact the labor market is not obvious, in part because there are many channels through which terrorism could affect employment (US Congress (2002)). On the one hand, the rapid recovery from wars and natural disasters led many authors such as the British political economist Mill (1848) to argue that nations recover quickly when the direct impacts on productive capital are modest. Becker and Murphy (2001) argue that uncertainty about future terror attacks increases the difficulty of understanding the consequences of terror attacks, they conclude that, ultimately, history shows that economies adjust rapidly. On the other hand, time-series and crosscountry studies find that terrorism has heterogeneous impacts on employment and growth (Enders et al. (2016); Gaibulloev et al. (2014)).1 In a seminal paper, Abadie and Gardeazabal (2003) investigate the economic effects of repeated terror attacks in the Basque Country (Spain) and find that, after the outbreak of terrorism, GDP per capita declined by 10 percentage points relative to the control region. Identifying the causal impact of terrorism on economic outcomes is difficult for a number of reasons. For instance, economic characteristics, at the county level, of locations targeted by terrorists differ from non-targeted locations (see Section 4)2 and other economic shocks might affect the local economy simultaneously. In this study, I address these challenges by employing an exhaustive list of terror attacks in the U.S. from 1970 to 2013 and by directly comparing successful terror attacks to failed attacks.3 The success of a terror attack is defined according to the type of attack (see Section 3). This setting is attractive for at least two reasons. First, the identification assumption is that, conditional on being a location targeted by a terror attack, the success or failure of the attack may be considered as plausibly exogenous. This assumption seems reasonable given that the sam1



For instance, see Blomberg et al. (2004), Crain and Crain (2006), Gaibulloev and Sandler (2008), Gries et al. (2011), Meierrieks and Gries (2013) and Tavares (2004). Sandler (2014) provides a literature review. Two papers looking at the effects of terror ¨ attacks on local economic activity in Turkey and Italy are Ocal and Yildirim (2010) and Greenbaum et al. (2007), respectively. 2 Counties targeted by a successful terror attack are relatively more populous and have less Social Security recipients and people in poverty per capita than non-targeted counties. Moreover, counties targeted by a successful terror attack are more likely to be coastal counties, to have an airport and to be in the Western region. 3 Benmelech et al. (2010) rely on a similar identification strategy to document the economic consequences of harboring the perpetrators of terror attacks in Palestine.
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ple of county-year observations hosting successful and failed terror attacks is balanced across a wide range of characteristics (see Section 4). Moreover, the empirical model controls for attack type and the type of weapon used to proxy for differences in terrorists’ tactics. In other words, the empirical model identifies, for instance, the effect of an explosion in which a device detonates versus an event [no explosion] in which a device fails to detonate. Comparing successful and failed terror attacks thus allows me to abstract from the empirical obstacles associated with controlling for all the employment shocks and characteristics of local economies at the moment of the attack. Second, despite its perceived economic costs in America and the other OECD countries, the study of terrorism using subnational data is a relatively recent phenomenon. The large number of terror attacks and detailed information on their location and date enable me to analyze the economic consequences of terrorism at the county-level. Analyzing the impacts of terror attacks at this geographical level provides a better opportunity to test empirically the channels through which terror affects local economies. The empirical strategy is also aided by the considerable variation across counties in the timing of terror attacks. Using this identification strategy, I first quantify the economic consequences of terror attacks in targeted areas. In Section 5, I examine whether successful terror attacks cause a decrease in employment in targeted counties. The results suggest that successful attacks, in comparison to failed terror attacks, reduce the number of jobs by approximately 1.3% in the years following the attack. I also provide evidence that successful attacks are negatively related to earnings. The estimates suggest that successful attacks decrease the county total earnings by about 1.5%. These findings are robust to several specification checks such as the exclusion of catastrophic terror attacks (i.e., Sept. 11, 2001 and Oklahoma City) and the omission of terrorist groups (e.g., Islamic and environment and animal protection groups) from the analysis. By contrast, the effects for neighboring counties are smaller and statistically insignificant suggesting that the employment and earnings effects are very local. Last, I provide evidence that the employment effect might be due to both a decrease in the number of establishments and the size of establishments in targeted counties. These results are intriguing given that most terror attacks in my sample are not catastrophic. For instance the mean for property damages (in constant 2005 U.S. dollars) is approximately $750,000. This suggests that the estimates of jobs and earnings reductions are too large to imply that ter3



rorism mainly affects employment through property damage or fatalities. I thus investigate the channels through which successful terror attacks might affect local employment. I first test whether successful attacks affect particularly specific industries such as real estate. The results suggest that the negative impact on employment is especially large for manufacturing and finance and real estate. Furthermore, I provide evidence that successful attacks in comparison to failed attacks reduce housing prices by about 2%. Another plausible channel is increased (perceived) uncertainty. Becker and Rubinstein (2011) explain that while the likelihood to be harmed by a terror attack is extremely low in the U.S., terror may generate an intense fear of future dangers and influence people’s behavior. If my results on employment are related to fear, then more salient terror attacks should lead to more job losses. I provide evidence that successful attacks are more salient than failed attacks in two steps. First, I show that successful attacks receive significantly more media coverage than failed attacks using data from the Vanderbilt Television News Archive. The estimates suggest that the number of minutes of coverage for successful attacks is 17% higher than for failed attacks. Moreover, successful attacks lead to more casualties than failed attacks and I show that the number of casualties is positively associated with coverage. Second, I provide direct evidence that successful attacks affect consumer sentiment. Using data from the Michigan Survey of Consumers, I show that successful attacks increase consumers’ level of pessimism about business conditions, buying conditions and their personal finances. The estimates suggest that successful attacks in comparison to failed attacks increase the likelihood that respondents answered that their personal finances are worse off by about 27%, that business conditions are worse by approximately 15% and that it is a bad time to buy major household items by 10%. The findings are robust to the inclusion of many controls and fixed effects to hold constant other confidence-reducing events. These results are in line with the impact on jobs and provide suggestive evidence that terrorism affects employment through consumer sentiment and uncertainty. This paper relates to a literature that analyzes the economic consequences of terrorism.4 The results highlight some of the different channels 4



See Landes (1978) and Gardeazabal and Sandler (2015) for the effectiveness of counterterrorism policies. See Abadie (2006), Enders and Hoover (2012), Krueger and Maleˇckov´ a (2003) and Krueger (2008) for the causes of terrorism. See Di Tella and Schargrodsky (2004), Draca et al. (2011) and Klick and Tabarrok (2005) for the relationship between crime, police and terrorism. Another important and debated theme is the analysis of terrorist attack trends (Enders and Sandler (2005)). Enders et al. (2011) point out many methodological issues of time series analysis such as the importance of



4



through which terrorism may impact targeted economies. Previous studies provide empirical evidence that terrorism is associated with a decrease in tourist arrivals (Enders et al. (1992)), a decrease in life satisfaction (Frey et al. (2007)), the real estate market (Abadie and Gardeazabal (2008); Besley and Mueller (2012); Glaeser and Shapiro (2002)), and net foreign direct investment positions (Abadie and Gardeazabal (2008)). I provide a literature review in Section 2 and turn to a discussion of how my paper complements and contributes to this growing literature in the conclusion.5 My paper also relates to a recent literature on conflict and media (Adena et al. (2015); DellaVigna et al. (2014); Rohner and Frey (2007); YanagizawaDrott (2014)).6 Using New York Times coverage data, Jetter (2014, 2017) shows that suicide terror attacks worldwide receive more media attention than non-suicide missions and that media attention is predictive of future strikes in the affected country. I contribute to the literature by providing evidence that successful and lethal attacks receive significantly more media attention than failed and non-lethal attacks. Last, my work complements studies that analyze the impact of uncertainty shocks on consumer spending and employment (e.g., Barsky and Sims (2012); Caggiano et al. (2014); Carroll et al. (1994); Giavazzi and McMahon (2012)).7 My estimates of the effect of successful attacks on employment and consumer sentiment contribute to this literature mainly by overcoming the identification problem. In Section 2, I provide background on the economics of terrorism. Section 3 details the data sets and provides descriptive statistics. Section 4 presents the methodology and the model specifications. Section 5 presents the results for jobs and earnings. Section 6 examines the channels through which terror attacks affect employment. The last section concludes with a separating transnational and domestic terrorist incidents. 5 This paper also relates to a literature on capital destruction and economic growth. For instance, Deryugina et al. (forthcoming) find temporary negative effects on wages and employment for Katrina victims and provide evidence that their incomes fully recovered within a few years and even surpassed that of similar cities not affected by the hurricane. Strobl (2011) finds that a county’s annual economic growth rate falls on average by 0.45 percentage points following an hurricane and that the impact is not economically important enough to affect the state-level economy. 6 Using news stories data from CNN and NBC, Durante and Zhuravskaya (forthcoming) provide evidence that military attacks by Israeli forces are more likely to occur when U.S. news on the following day is dominated by important predictable events. 7 See Ludvigson (2004) for a literature review. For instance, Baker et al. (2016) provide evidence that policy uncertainty is correlated with a reduction in employment and investment in sectors such as finance and construction. Bloom et al. (2007) and Bloom (2009) also provide evidence that the responsiveness of firms is much weaker after major shocks such as Sept. 11, 2001. Last, Abadie and Dermisi (2008) provide evidence that the perceived level of terrorism may affect economic activity in business districts.
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discussion of the results and implications for future work.
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Conceptual Framework



The effect of successful terror attacks on local employment is, a priori, ambiguous since many channels are at work. A first channel through which terrorism may impact employment is destruction of human and physical capital. Becker and Murphy (2001) estimate that the Sept. 11 attacks resulted in a loss of 0.2% of physical assets and 0.06% of total productive assets in the U.S. economy. But most terror attacks in the U.S. do not cause catastrophic building damage. Section 3 documents that, in our data set, the average number of deaths for counties with at least one successful terror attack is about 4 and very few terror attacks caused over $1 billion in property damage. Increased uncertainty may have an impact on consumer and investment behavior. Investors may move out of riskier assets into safer (US Congress (2002)).8 Capital would tend to flow to destinations without a terrorist threat.9 Using data from the Michigan Survey of Consumers, I test whether terrorism affects consumers’ attitudes on business conditions and buying conditions. I also provide evidence that successful attacks receive more media attention than failed attacks using television news coverage. This is indirect evidence that successful attacks create more fear and uncertainty than failed attacks. Fear of further incidents may also impact the housing market. A decrease in housing prices following a terror attack has been documented in several studies (see, for instance, Gautier et al. (2009) or Ratcliffe and von Hinke Kessler Scholder (2015)). I check in Section 6 whether successful attacks decrease housing prices in targeted counties. Another channel tested in this paper is migration. Terrorism may worsen individuals’ living and working conditions and might thus impact individual migration decisions in the aggregate (Dreher et al. (2011)). Moreover, the desire to emigrate (immigrate) might increase (decrease) as a 8



Abadie and Gardeazabal (2008) argue that terrorism may impact the allocation of productive capital across countries. The authors provide evidence that higher levels of terrorism risks are associated with lower levels of net foreign direct investment positions. Terrorism may also cause political instability, which would translate into more uncertainty. Jones and Olken (2009) provide evidence that assassinations of political leaders may impact the evolution of political institutions. Their identification strategy relies on the inherent randomness in the success or failure of assassination attempts. 9 Many studies document a decrease in tourist arrivals following terror attacks (Enders et al. (1992);S¨ onmez and Graefe (1998)).
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result of the increase in fear and uncertainty. I test this channel in Section 5 and find no evidence that successful terror attacks decrease the number of inhabitants in targeted counties in the years following the attacks. Terror attacks may also lead to an increase in counterterrorism expenditures (Di Tella and Schargrodsky (2004); Draca et al. (2011)). On the one hand, this increase in counterterrorism expenditures could cause positive employment in sectors such as security. On the other hand, resources would then move out of productive sectors to unproductive sectors. Mueller and Stewart (2014) calculate that domestic counterterrorism expenditures per year were about $25 billion in 2010 dollars before the terrorist attacks of Sept. 11, 2001, and increased to $100 billion in the subsequent decade. Note that local employment might not be affected by this channel since counterterrorism expenditures are generally at the national- and regionallevels. It is possible that the economies of control counties—those with a failed terror attack in our sample period—are affected by failed terror attacks. For example, a failed terror attack may increase uncertainty, but it is unlikely that they lead to more fear than successful attacks. Arguably, if the hijackers did not assume control of the planes on Sept. 11, 2001, or did not crash into the World Trade Center or any other buildings, there would have been less uncertainty in the following years. I confirm that successful attacks in comparison to failed attacks receive more media attention and decrease consumer confidence by a larger extent, in Section 5.



3 3.1



Data Sources Global Terrorism Database



This study relies on successful and failed terror attacks in the U.S. over the past decades. To establish an exhaustive list of terror attacks, I used the Global Terrorism Database (GTD (2014)), which is an open-source database including information on terror attacks around the world from 1970 through 2013. The GTD is maintained by a research center at the University of Maryland, College Park, the National Consortium for the Study of Terrorism and Responses to Terrorism (START). START is a Department of Homeland Security Center of Excellence that supports research on terrorism. Its main mission is to advance science-based knowledge about the human causes and consequences of terrorism. Note that the data was originally collected by Pinkerton Global Intelligence Services for clients in7



terested in knowing the terrorism risk in different countries. The database is the product of important data collection efforts relying on publicly available source materials such as media articles, electronic news archives and existing data sets. Unfortunately, all the records of terror attacks during 1993 were lost—the box of data fell off a truck while in transit (Enders et al. (2011)). As a consequence, the year 1993 is excluded from the analysis. The GTD (2014) defines a terrorist attack as “the threatened or actual use of illegal force and violence by a non-state actor to attain a political, economic, religious, or social goal through fear, coercion, or intimidation.” In practice, an incident is considered a terror attack if (1) it is intentional, (2) it entails some level of violence or threat of violence, and (3) the perpetrators of the incidents are sub-national actors. In addition, two of the three criteria must be fulfilled: (1) the act must be aimed at attaining an economic, political, religious or social goal, (2) there must be evidence of an intention to coerce, intimidate, or convey some other message to a larger audience than the immediate victims, and (3) the action must be outside the context of legitimate war activities. In this analysis, I rely solely on terror attacks for which the three criteria above are met. A very similar definition is used in many recent articles analyzing the economic causes and consequences of terrorism. The US Department of State (2003) defines terrorism as “premeditated, politically motivated violence against non-combatant targets by subnational groups or clandestine agents, usually intended to influence an audience.” The database includes information on the date, location and a description of each terror attack, which allows me to match every incident with other data sets. For the vast majority of terror attacks, the location is defined as the county where the terror attack occurred. In particular, for mailed-based attacks, the location is the county of destination of the mailing. For hijacking, the actual destination is used if the plane crashed (e.g., Sept. 11, 2001 and Charles Bishop). On the other hand, I use the county of departure if the terrorist(s) failed to hijack the plane. Only two hijacking cases do not fit into one of these two scenarios. The two cases involve incidents in which the terrorists departed from the U.S., but respectively landed in Mexico and Cambodia. I excluded these two cases. Note that the main results are robust to the omission of attacks for which the location is ambiguous, i.e., mail-based attacks, hijacking/hostage and attacks followed by a police chase (see Section 5). Using the variables collected in the GTD, I construct a variable Successful that is equal to one if one of the terror attacks is successful and 8



zero if the attack(s) failed. Note that I pool all the terror attacks into each county-year cell. If one of the terror attack is successful in a given countyyear cell, then the variable Successful is equal to one. Terror attacks fail for a number of reasons. Letters containing poison are often intercepted, explosive devices do not detonate or are found and safely defused and targets frequently survive assassination attempts. The definition of a successful/failed attack depends on the type of attack. For instance, an assassination is considered successful if the target is killed while an explosion is considered successful if the explosive device detonates. On the other hand, a hijacking or a kidnapping is successful if the hijackers/kidnappers assume control of the vehicle/individual at any point. An armed assault is coded as successful if the assault takes place and the person or property is hit. An infrastructure attack is successful if the facility is damaged. Last, an unarmed assault is considered successful if a victim is injured. Figures 1 and 2 illustrate the number of observations per year for Successf ul = 0 and Successf ul = 1 and the number of county-year observations with at least one lethal terror attack (i.e., causing at least one death). The number of attempted terror attacks was very high in 1970– 1971 and sharply goes down in 1972.10 Overall, there is a downward trend in terror activity over time. The number of failed terror attacks ranges from 0 to 14 over this time period.11 The high number of failed attacks in 1999 (14 observations) and 2002 (12 observations) was due to several related incidents. In May 2002, a college student put eighteen pipe bombs in rural mailboxes, of which more than half did not detonate. In 1999, many researchers in different universities conducting research on non-human primates received booby-trapped letters. The two deadliest terror attacks over this time period are Sept. 11, 2001, and the Oklahoma City bombing. The database includes information on tactics/attack types used, the weapons used and the targets. In the database, there are 9 different categories for attack types, 22 categories of targets including businesses and government buildings, and 13 categories of weapons ranging from biologi10



The high number of terror attacks in the early 1970s was due to several nationalist organizations and left-wing militant groups such as the Chicano Liberation Front. 11 One potential concern with the GTD data is the under-reporting of many failed attacks. This is related to the fact that failed terror attacks not covered by the media are not included in the GTD. Thus, information flows more widely for failed attacks included in the GTD than for attacks not included in this data set. Since one of the main channels through which terrorism affects employment is fear, the under-reporting of failed attacks may lead to a downward bias for my estimates of the impact of successful attacks on employment. See Sections 5 and 6 for more details.
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cal to incendiary and explosive. The GTD also includes information on the number of deaths, injured people and property damages.



3.2



Description of the Employment Data



To measure employment and earnings at the county-level for the years 1970–2013, I draw on the County Business Patterns (CBP) data set. The CBP contains annual data generated from the Business Register, which is maintained by the U.S. Census Bureau. The CBP provides countylevel data on the number of establishments, employment during the middle of March, and annual as well as first-quarter payroll. Data for single establishment firms come from administrative data while data for multiestablishment firms come from the Economic Census (occurring every 5 years) and the Company Organization Survey (occurring annually). The CBP data exclude some industries such as government and military employment, rail transportation and household employment. The CBP does however include government-sponsored wholesale liquor establishments, book publishers, federally-chartered savings institutions, hospitals, etc. The number of jobs in a county is on a place of work basis instead of place of residence. In other words, geographic classification is done by an employer’s physical location. This suggests that the estimates are more representative of a county’s industrial base than of the activities of the residents of the county. I calculate jobs-to-population ratios by county and year. In some analysis, I also present results for different industries such as manufacture and service. To test the robustness of my findings, I also draw on the regional economic accounts of the Bureau of Economic Analysis (BEA).12 The BEA’s employment estimates measure the number of jobs in a county. All jobs held by a worker are counted. The BEA counts both proprietor jobs and wage and salary jobs, but unpaid family workers and volunteers are not counted. 12 The guide “Local Area Personal Income Methodology” (BEA (2014)) presents the conceptual framework and data sources to estimate employment and personal income. Employment estimates are based primarily on administrative records data. Some surveys and census data are also used to complement these records. The same weight is given to full-time and part-time jobs.
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3.3



Descriptive statistics



Table 1 reports summary statistics for terror attacks.13 I restrict the sample to county-year observations with at least one attempted terror attack. Appendix Table A1 replicates Table 1, but excludes Sept. 11, 2001 and the Oklahoma City bombing. The main variable of interest refers to the percentage of observations in which there was a successful terror attack(s). I classify county-year observations in two categories: (1) county-year observations in which the terror attack(s) failed and (2) county-year observations in which there was at least one successful terror attack. Approximately 86 percent of the observations are classified in the second category. Note that there is more than one attempted terror attack in about 30 percent of observations. The average number of deaths and injured people for county-year observations classified as successful are 4.2 and 3.4, respectively. If Sept. 11, 2001 and the Oklahoma City bombing are excluded, the average number of deaths and injured are 0.3 and 2.4, respectively. The mean property damages (in constant 2005 U.S. dollar) is approximately $750,000. Note that the value of property damage is unknown for almost two thirds of terror attacks. Fortunately, another variable in the database provides categorical information for about a quarter of terror attacks for which the exact extent of damages is unknown. The three categories are “Catastrophic (likely greater than $1 billion)”, “Major (likely greater than $1 million but smaller than $1 billion)” and “Minor (likely smaller than $1 million).” Approximately 40 attacks are classified in the category Major. Up to three attack types and target information can be recorded by incident. This explains why the sum of percentages in Table 1 is often greater than 100. In the vast majority of terror attacks in the U.S., attacks are carried out through the use of explosive and bombs (i.e., “Bombing”) or arson and various forms of sabotage (i.e., “Infrastructure”). The rate of success is very high for attacks in the categories of infrastructure and armed assault. On the other hand, attacks considered as unarmed assaults and assassinations are less likely to succeed. Hijackings produce the greatest number of deaths, injured people and damages on average. (Hijackings are included in the category “Other and Unknown”.) Infrastructure attacks cause about $850,000 in damages on average, but do not lead to many deaths and injuries. About 27 percent of the attacks target businesses. 13



Brandt and Sandler (2010) note systematic changes in target types over time. Appendix Figures A1, A2 and A3 illustrate the evolution in tactics, weapons used and targets over the period 1970–2013. These figures confirm that terrorists are now more likely to target private parties.
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Other common targets include government buildings, abortion clinics and private properties. Attacks targeting airports and government buildings lead, on average, to the greatest number of injured people with respectively 10 and 12 against five for businesses. Terror attacks targeting businesses and other private properties cause over $1 million worth of damage on average against less than half a million for the following targets: antiabortion related, airports and religious figures/institutions. Table 1 shows that the vast majority of weapons are explosives or incendiaries. The rate of success is very low for biological weapons, with success in less than half the observations. (Biological weapons are included in the category “Other and Unknown”.) Only 8 percent of the attacks target non-Americans. Approximately 5 percent of the attacks are categorized as logistically international meaning that the nationality of the perpetrator group is not American. Attacks targeting non-Americans and/or in which the nationality of the terrorist group differs from the location of the attacks are defined as transnational terror attacks. More than half of the attacks are committed either by a lone wolf terrorist or by a few individuals unrelated to a terrorist group. Last, the rate of success is not related to whether the attack is committed by a lone wolf terrorist or by a terrorist group (Benmelech et al. (2012)). The descriptive statistics presented in this section suggest that the type of terror attack and weapon used are statistically related to rate of success, i.e., whether the terror attack succeeded or failed. The number of attempted attacks in a given county-year is also a good predictor of success. The findings reported in Table 1 also suggest that some type of terror attacks cause more damage while others lead to more fatalities on average.
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Identification Strategy



In this section, I first show that locations targeted by terrorists differ from non-targeted locations. I then provide evidence that the sample of successful and failed terror attacks is balanced across a wide range of covariates. Last, I describe the main specifications and the controls.



4.1



Predict Terror Attacks



I evaluate whether terror attacks are related to observable characteristics in Table 2. Each observation is a county-year cell. Columns 1 and 2 report means and standard deviations for two subsamples. Column 1 restricts the 12



sample to observations with a successful terror attack(s) while column 2 restricts the sample to observations without a terror attack. Time-variant variables are examined in the year before the terror attack(s) took place. The first two columns present the mean values of the following variables: natural log of jobs per-capita (CBP), natural log of the total wage bill (CBP), natural log of population, natural log per-capita deaths, births, Social Security recipients, people in poverty, public school enrollment, violent crimes, robberies, property crimes, motor vehicle thefts, and dummy variables for state capitals, coastal counties,14 for counties with an airport that has been designated a large hub or medium hub,15 and for the four Census demographic regions. Column 3 presents the results of a t-test for the equality of the means. The results, presented in Table 2, suggest that terrorists target counties non-randomly. The difference between columns 1 and 2 is statistically significant at the 1% level for all the variables tested. More than a third of successful attacks happened in the Western region and about 62% of successful attacks targeted coastal counties. Counties with a high number of Social Security recipients and people in poverty per capita were less likely to be targeted by terrorists. Populous counties and counties with airports were also relatively more targeted by terrorists.



4.2



Identification Assumption



The key identification assumption is that the success of a terror attack is exogenous conditional on observables. The main concerns are reverse causality and omitted-variable bias. For instance, my estimates would be biased if the local unemployment rate is related to the success of terror attacks.16 This explains my decision to control in the empirical model for the type of weapon and the type of attack because they are predictive of 14



I follow the definition of the National Oceanic and Atmospheric Administration and code counties as coastal if they meet one of the following criteria: (1) at least 15 percent of a county’s total land area is located within the Nation’s coastal watershed or (2) a portion of or an entire county accounts for at least 15 percent of a coastal cataloging unit. 15 Primary airports are classified by the Federal Aviation Administration as large hubs if they account for at least 1 percent of total U.S. passenger enplanements. Medium hubs account for between 0.25 and 1 percent of total U.S. passenger enplanements. 16 De Mesquita (2005) offers a theoretical analysis in which unemployment increases the pool of individuals who volunteer to commit attacks. Terrorist groups could then select perpetrators who are more likely to carry a successful attack. See Benmelech et al. (2012) and Berman et al. (2011) for empirical analyses. This issue is not as relevant in the U.S. context since the vast majority of terrorists in my sample are not part of a major terrorist group. In my sample, over half of the attacks are committed either by a lone wolf terrorist or by few individuals not related to a terrorist group.
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success. I investigate in Table 3 whether other variables at the county-level predict whether a terror attack was successful. The first two columns of Table 3 restrict the sample respectively to county-year observations with at least one successful terror attack and county-year observations with at least one failed terror attack and no successful terror attack. While a significant share of terror attacks happened in the Western region and in state capitals and coastal counties (Table 2), the results suggest that the rate of success is not related to geography. More importantly, the differences for the natural log of jobs per-capita and the total wage bill are also non-significant. The only result where the difference between columns 1 and 2 is statistically significant at the 10% level is property crimes per capita. Note that the difference observed might be related to the type of weapon used or the attack type. Moreover, it is natural that one variable would be found statistically significant given that 20 variables were tested. Table 4 shows the results from probit regressions that consider some of these variables simultaneously. The equation is: P(SUCCESSFULa ) = Φ(γ1 + γ2 Xa ),



(1)



where a is a terror attack, including here both successful and failed attacks. Xa is a set of variables among the variables considered above. Time-variant variables are examined in the year before the terror attack(s) took place. The time period examined is 1989–2006 since some of the variables are only available annually only for this time period. I include in all the columns attack-type fixed effects (dummy variables for attack type: assassination, armed assault, bombing, infrastructure/facility and other), another dummy variable that is equal to one if the target is non-American and a variable that is equal to the number of terror attacks. I also include in columns 2 and 4 weapon fixed effects (dummy variables for weapon: firearm, explosive, incendiary and other). In columns 1 and 2, I include the natural log of the county-year ratio of jobs-to-population, time-invariant variables (e.g., capital city), socioeconomic characteristic variables and crime variables. In columns 3 and 4, I replace the natural log of the county-year ratio of jobs-to-population by the natural log of the total wage bill. The results suggest that both jobs and earnings are not good predictors of the success of an attack. The estimates are not significant at the 10% level in the four columns. Moreover, neither the time-invariant variables nor the socioeconomic characteristics are significantly related to the rate of success. Of these variables, only the
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natural log of property crimes is statistically significant at the 10% level. When considering all these variables jointly, the joint p-value is about 0.8. These results suggest that the sample of successful and failed terror attacks is balanced across a wide range of covariates and that the identification assumption is credible. Unsurprisingly, the variable that is equal to the number of attempted terror attacks is statistically significant. I control for the number of attempted attacks in the empirical analysis that follows since the chance of seeing at least one successful terror attack will increase with the number of terror attempts. In my sample, there is one attempted terror attack for 70% of county-year cells and less than three attempted terror attacks for 84% of county-year cells. The rate of success may also be related to counterterrorism expenses. The rate of success, measured by the variable Successful, decreased by approximately 8 percent since Sept. 11, 2001, suggesting that the increase in counterterrorism budget might have worked. On the other hand, the rate of success is similar across Census regions suggesting that counterterrorism efforts are not related to geography. In the empirical analysis, I include county and year fixed effects and interactions between calendar-year dummies and indicator variables denoting the nine Census divisions to control for local terrorism prevention efforts.



4.3



Model Specifications



The objective is to investigate the impact of successful terror attacks. To identify this effect, I rely on two empirical models. 4.3.1



Event-Study Analysis



I first rely on an event-study. This approach focuses exclusively on counties that endured a successful attack, and explores for the presence of lag and lead effects of a terror attack within a single regression. The model is: Yc,t = α +



6 X



0 βτ SU CCESSc,t−τ + Xc,t γ + θc + δt + εc,t ,



(2)



τ =−3



where yc,t is an economic outcome in county c and year t. SU CCESSc,t is a dummy variable that assumes the value of one if the county was targeted by a successful attack in year t. The leads and lags are similarly defined.17 17



For example, SU CCESSc,t−1 is a dummy variable that assumes the value of one if
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The three years prior to the attack and the year of the attack are designated as the pre-terror period.18 The year of the attack is in the pre-terror period since the employment and earnings data are collected during the first quarter of the year. The post-terror period is defined as the six years after the attack, excluding the year of the attack. Only county-year observations up to six years after the attack and three years prior to the attack are included. The year before the attack is the omitted category. Note that some counties have terror attacks in consecutive years. The clock resets to zero when this happens. For instance, if there are two successful attacks targeting the same county in following years, both countyyear observations will be treated as the year of the attack, i.e., the leads and lags for the variable SUCCESS equal zero. Xc,t is a vector of other regressors. I include attack-type fixed effects and weapon fixed effects. I also include a dummy that is equal to one if the target is non-American, a dummy variable that is equal to one if the attack is logistically international and a variable that is equal to the number of terror attacks.19 Finally, θc and δt represent county and time (year) fixed effects, respectively. Only county and year fixed effects are included in the basic model. I enrich the basic model by including interactions between month and year fixed effects. Moreover, to allow for common regional shocks to a given economic outcome, I estimate specifications that include interactions between year fixed effects and the nine Census divisions. I follow the recommendations of Bertrand et al. (2004) and compute standard errors clustered at the county-level. 4.3.2



Comparison of Successful and Failed Terror Attacks



In my main empirical analysis, I directly compare successful and failed terror attacks. I implement a difference-in-differences design by restricting the sample to counties with at least one successful terror attack or at least one failed terror attack. As in the event-study analysis, only county-year observations for few years prior and after the attack are included. The empirical approach contrasts the change in employment and wages for two the county was targeted by a successful attack in year t − 1. 18 I decided not to use the entire 1970–2013 panel to calculate the impact of successful attacks since some counties only have a terror attack in one year or decade. Using the long-panel approach would then imply that for some counties, observations from three or four decades before or after the attack would be used. 19 I check the robustness of including the number of terror attacks in different ways. For instance, I check that adding the squared of the number of terror attacks does not affect the size and significance of the main estimates (not shown for space consideration).
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sets of counties that were targeted by terrorists. The only difference is that the terrorists succeeded in the first set of counties (e.g., the bomb did detonate) and failed in the second set of counties (e.g., the bomb did not detonate). In my main specification, I estimate: 0 γ + θc + δt + εc,t , Yc,t = α + ηSU CCESSF U Lc,t + Xc,t



(3)



where yc,t is an economic outcome in county c and year t. County and year fixed effects are included in the model to implement the differencein-differences design. The coefficient of interest in this equation, η, is an estimate of the pre/post change in the outcome variable in counties targeted by a successful attack relative to the corresponding change in counties targeted by a failed attack. I use as a baseline the following window: the three years prior to the attack and the year of the attack are designated as the pre-terror period; the years following the attack are designated as the post-terror period. (I later explore the sensitivity of my results to this set of choices.) The variable SU CCESSF U Lc,t is set to equal one for the post-terror period in counties targeted by a successful attack and zero for the pre-terror period. SU CCESSF U Lc,t also is set to equal zero for the pre- and post-terror periods in counties targeted by a failed attack. In other words, estimates of equation (3) identify the difference in the outcome variable between successful and failed terror attacks. For example, the estimates identify the impact of an infrastructure attack in which the facility is damaged versus an attack in which the facility is not damaged. (See Section 3 for a definition of success for each type of attack.) I include the same set of controls as in equation (2). In the next section, I present the impact of successful terror attacks on employment and earnings.



5 5.1



Results: Employment and Earnings Event-Study Analysis



Table 5 presents OLS estimates of the event-study, i.e., equation (2). Each column reports the estimates of the lags and leads of the variable Success. In columns 1–3, the dependent variable is the log of the county-year ratio of jobs-to-population. In columns 4–6, the dependent variable is the log of the county real first-quarter payroll. The first row shows the estimates for
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three years prior to the successful attack. The tenth (last) row presents the estimates for six years after the attack. The year before the attack is the omitted category. In column 1, I only include county and year fixed effects in the model and find that relative (log) jobs-to-population dip by approximately 1.2% in the year following a successful terror attack. The estimates are all negative for the following years, reaching a nadir after approximately two years. The estimates for the first and second year following the attack are statistically significant at the 5% level, while the estimates are less precise for the fourth, fifth and sixth year after the attack. On the other hand, all the estimates of the fixed effects for the years before the attack are statistically insignificant. The estimated coefficient for the year of the successful attack is also small and not significant. This is not surprising since the employment data in the CBP data set is for the month of March. Most successful attacks thus occur after the employment figures come out. In columns 2 and 3, I add to the model attack type and weapon fixed effects, month-by-year dummy variables (column 3) and dummy variables to absorb Census division-by-year employment shocks (column 3). When the full set of controls is included, the estimates for the years prior to the successful attack remain small and not significant, while the estimates for the first and second year after the attack are negative and significant. The employment estimates range from -0.7% to -1.1% in column 3. In columns 4–6, I test whether successful attacks are related to earnings. The dependent variable is the natural log of the real county first-quarter payroll. Similarly, I find that total earnings decrease by about 1% to 2% after a successful attack. The estimates are positive and not significant for the years prior to the attack and become negative for the years after the attack. In column 4, the estimates are significant at the 10% level for the second year after the attack and all subsequent years. I provide a visual summary of the employment impact in Figure 3. (See Figure 5 for earnings.) This figure plots estimated log jobs-to-population ratios in counties targeted by successful terror attack(s) at yearly intervals, i.e., Table 5, column 1. The model only includes county and year fixed effects.20 The dashed lines represent robust 90% confidence intervals. I replicate this analysis for failed attacks and present the estimates in Appendix Table A2 and Figure 4. The findings suggest that failed attacks 20



In Appendix Figure A4, I control the analysis using the full set of controls (Table 5, column 3) and plot estimated log jobs-to-population ratios in counties targeted by successful terror attack(s) at yearly intervals.
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are not related to employment and earnings. In column 1, the estimates for the years before and after the failed attack are all very small and statistically not significant. Adding controls to the model has no effect on the significance of the estimates. Overall, I find that successful attacks are negatively related to employment and earnings. This is a first piece of evidence that successful attacks affect negatively the economic activity of targeted counties. I further test this relationship in the next subsection by directly comparing successful and failed attacks.



5.2



Comparison of Successful and Failed Terror Attacks



Panel A of Table 6 presents estimates of equation (3) for employment. The dependent variable is 100 times the log of the county-year ratio of jobsto-population. Only county-year observations up to three years after the attack and three years prior to the attack are included. What emerges clearly is that successful terror attacks in comparison to failed attacks are associated with a meaningful reduction in employment in the years following the attack(s). In column 1, I find that successful attacks reduce the overall jobs-to-population ratio by 1.3%. The estimate is statistically significant at the 1% level. I include a large set of controls in columns 2–6 to check the robustness of the results. In column 2, I include a dummy that is equal to one if the target is non-American, a dummy that is equal to one if the attack is logistically international and a variable that is equal to the number of terror attacks. In columns 3–4, I add attack-type and weapon fixed effects. Last, I include month-by-year dummy variables (column 5) and dummy variables to absorb Census division-by-year employment shocks (column 6). The estimates are all statistically significant at the 1% level and range from -1.3% to -1.5%. Panel B repeats these estimates for total earnings. The dependent variable is 100 times the log of real first-quarter payroll. The estimates yield evidence that successful terror attacks affect earnings in the years after a successful attack. The point estimates are slightly larger than for jobs (from -1.5% to -1.8%) and statistically significant at conventional levels. In panel C, the dependent variable is 100 times the log of real average wage per job. This variable reflects both the composition of lost jobs and changes in the county’s wage rate for particular jobs. The estimates are all negative and significant at the 10% level. However, the estimates are 19



smaller than for jobs and total earnings (from -0.6% to -0.8%). These results suggest that successful attacks lead to a decrease in aggregate earnings and earnings per job. In Table 7, I test the indirect effect on counties that were not targeted either successfully or unsuccessfully. In panel A, I use the county adjacency file from the U.S. Census to compute which county or counties are neighboring affected counties. I estimate the impact of a successful terror attack versus a failed terror attack on neighboring counties instead of targeted counties. This methodology allows me to check whether terror attacks cause economic spillovers to neighboring counties. The point estimates for employment and earnings are small and statistically insignificant at conventional levels, suggesting that only targeted counties suffer from terror attacks. In panel B, I estimate the impact of a successful attack in comparison to a failed attack on non-targeted counties with an airport in the same state as the targeted county. Similarly, the estimates are not significant, suggesting that successful attacks affect employment and earnings only in targeted counties. Appendix Table A3 presents the results when I estimate the relationship between successful attacks and the number of establishments. In panel A, the dependent variable is 100 times the natural log of county-year ratio of establishments-to-population. In panel B, the dependent variable is 100 times the natural log of the county-year ratio of small establishments-topopulation. Small establishments are establishments with 1 to 99 employees. In panel C, I check the effect of successful terror attacks on middlesized establishments, i.e., 100 to 499 employees. Panel D tests the effect of successful attacks on (large) establishments with 500 employees or more. Last, I check in panel E the effect of successful attacks on the number of jobs per establishment. I find some evidence that successful attacks impact the number of establishments. The estimates presented in panel A are small, but significant at the 10% level in columns 2–3. The estimates range from -0.5% to 0.7%. My estimates for large and middle-sized establishments are more negative than for small establishments and range from -1.3% to -1.9%. The estimates are more precise for middle-sized than for large establishments. For example, when I include the full set of controls, the estimates for middle-sized establishments and large establishments are significant at the 6% level and 17% level, respectively. The estimates in panel E provide some evidence that successful attacks decrease the number of employees per establishment. The estimates are all negative (from -0.3% to -0.6%), 20



but statistically significant solely in column 3. All told, these results suggest that the employment effect may be due to both a decrease in the number of establishments and the size of establishments in targeted counties.



5.3



Robustness Checks



As a validation of my results, I first compare my employment and earnings estimates with the CBP to identical specifications using the BEA data. The estimates are presented in Appendix Table A4. For both the earnings and the employment regressions, the point estimates are negative and statistically significant. The point estimates for employment range from -0.6% to -0.8% confirming that my main findings hold across the two data sets. In Appendix Table A5, I explore the sensitivity of my findings to alternative choices of pre- and post-terror periods. Recall that the baseline for equation (3) includes the three years prior through the three years after the attack. Columns 1 and 2 add to the pre-terror window respectively the fourth and the fourth and fifth year before an attack. Columns 3, 4 and 5 add to the post-terror period respectively the fourth, the fourth and fifth and the fourth, fifth and sixth year after the attack. I include the full set of controls. The estimates for employment are all significant at the 1% level and range from -1.2% to -1.6%. Similarly, the total earnings estimates are all negative and significant at conventional levels. These findings suggest that moving the pre- and post-terror interval backward and forward from the date of the attack has no effect on the main conclusions of this paper. Thus far, I have relied on all terror attacks over the period 1970–2013 (44 years). As a robustness check, I explore the sensitivity of my results to the omission of a subset of attacks. In Appendix Tables A6 and A7, I check whether omitting one year of data in the analysis affects the main results on employment and earnings. Hence, I tabulate the estimates of 44 OLS regressions. Each entry in the table omits one year of data. As with prior estimates, this sensitivity test indicates that successful attacks in comparison to failed attacks lead to a reduction of the overall jobs-topopulation ratio and of the county real earnings in the years following the attack. All the employment estimates are significant and range from -1.3% to -1.6%. This suggests that my findings are unlikely to be driven by few observations. In Appendix A8, I test whether the main results are driven by attacks with ambiguous locations or catastrophic terror attacks. In columns 1–3, I
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omit terror attacks with an ambiguous locations, i.e., mail-based attacks, hijacking/hostage and attacks followed by a police chase. The point estimates for employment (panel A) range from -1.2% to -1.7% and are significant at the 1% level. These estimates are very similar to the estimates presented in panel A of Table 6 suggesting that the omission of terror attacks with ambiguous locations has no effect on the main conclusions of this study. The estimates for total earnings (panel B) and earnings per job (panel C) are also robust to the omission of terror attacks with ambiguous locations. In columns 4–6, I omit terror attacks leading to catastrophic damages (over $1 billion) and attacks causing over 100 deaths. The point estimates are virtually the same as in Table 6, confirming that my employment and earnings estimates are not driven by a few outliers. So far, the analysis relied on terror attacks from very different groups ranging from hatred groups, to Islamic and environment protection groups. In Appendix Table A9, I test whether my main results are robust to the omission of terror attacks from some of these groups. In column 1, I omit terror attacks from radical environmental and animal protection groups/individuals (e.g., Animal Liberation Front). In column 2, I exclude terror attacks targeting abortion clinics. Column 3 excludes terror attacks from Islamic groups.individuals (e.g., Al-Qaeda). In column 4, I exclude terror attacks from politically-motivated groups/individuals. Last, I omit terror attacks from hate groups/individuals in column 5. The point estimates for employment are all negative and statistically significant suggesting that none of these groups is driving the main result. The point estimates for total earnings are also negative and significant in three columns out of five. Finally, I check whether successful terror attacks lead to emigration out of the county in Appendix Table A10. This is an important robustness check since population was used as a denominator in Tables 5 and 6. Moreover, out-migration is a plausible channel through which terrorism may impact local economies. The structure of the table is the same as panel A of Table 6, but the dependent variable is the log of population. The estimates are all statistically insignificant suggesting that successful terror attacks have no impact on county population in the years following the attack. The estimated effect of 1.3% presented in Table 6 suggest that successful attacks in comparison to failed attacks reduce by approximately 6,000 the number of jobs in targeted counties. (Targeted counties have on average 22



460,000 jobs in the CBP.) Given the size of the employment and earnings estimates, it must be the case that successful attacks affect jobs through other channels than physical capital destruction. I test in the next section whether specific sectors such as real estate are particularly affected by successful attacks. Moreover, I will provide direct evidence that successful attacks are more salient than failed attacks and that successful attacks affect negatively consumer sentiment.



6 6.1



Channels Impacts on Employment and Earnings by Industry



I now test whether successful terror attacks negatively affect specific industries. In Table 8 and Appendix Table A11, I rely on the Standard Industrial Classification (SIC) and present estimates of equation (3) for jobs and earnings in the following industries: (1) manufacturing, (2) construction, transportation, communications and utilities, (3) wholesale trade, (4) retail trade, (5) services, and (6) finance, insurance, and real estate. The time period is 1970–1997 and only county and year fixed effects are included in the even-numbered columns. In columns 2, 4 and 6, I include the full set of controls. The estimates are negative for all the industries, which reinforces the earlier conclusions. But the size of the estimates varies across industries. The impacts of successful terror attacks on jobs and earnings are especially large for manufacturing and finance and real estate. The estimates range from -1.5% for the latter industry to -2.5% for the former industry. On the other hand, the estimates are smaller for wholesale trade and services.



6.2



House Price Index



Given the negative effect on employment and earnings, I next estimate whether there are any negative effects on housing prices. Earlier work on the impact of conflict on the real estate market found a negative relationship between house prices and the murder rate (e.g., Besley and Mueller (2012)). In what follows I use a county-level price index from the Federal Housing Finance Agency (FHFA). FHFA’s price indices are available yearly since 1975 and are based on repeat sales. Bogin et al. (2016) provide a description of the source data. 23



In Table 9, I provide evidence that housing prices decline after successful attacks. I also present estimates of equation (3) in which the dependent variable is 100 times the natural log of the county house price index. In column 1, I only include county and year fixed effects. The estimates are significant at the 1% level and suggest that the house price index in the targeted county decreases by about 2% after a successful attack in comparison to a failed attack. The estimates are robust to the inclusion of Census division-by-year, month-by-year, attack-type and weapon fixed effects and range from 1% to 2.3%. The results on housing and employment by industry offer some insights on the channels through which successful terror attacks affect local employment. The results suggest that successful attacks affect particularly specific industries such as real estate. These findings might be related to the salience of successful attacks and the increased uncertainty following the attacks.



6.3



Media Attention and Public Awareness



The results so far are intriguing because successful attacks do not usually cause significant building damage. Given the negative effects on jobs and the limited number of casualties and capital destruction, it must be the case that successful attacks lead to fear. These fears can increase people’s level of pessimism concerning business conditions or make people question the quality of law enforcement, which in turn may lead to lower economic activity.21 It might be the case that successful attacks change consumer sentiment in a different way then failed attacks because they are more salient. Thus, I take two additional steps to seek evidence of whether the salience of successful attacks is at least partially responsible for the decrease in employment. First, I relied on media coverage data of all terror attacks in my sample. Arguably, successful attacks are more salient because they get more media coverage. Second, I searched for direct evidence that successful attacks decreased the level of consumer sentiment to a greater extent then failed attacks. I turn to the first step in what follows. I collected data on all terror-related news stories for the networks ABC, 21 Fear may also be related to the belief that a future attack is imminent (Jetter (2017)). Unfortunately, I could not find data on the perceived risk of a terror attack for my sample. I test whether successful attacks are more predictive of future attacks than failed attacks in Appendix Table A12. I do not find evidence that this is the case. Both successful and failed attacks are positively associated with the likelihood of an attack in the following years and the estimates are not significantly different.
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CBS and NBC, from the Vanderbilt Television News Archive (Durante and Zhuravskaya (forthcoming)).22 I conducted a full (manual) search and then a team of independent research assistants reproduced my work. I first searched for each terror attack in the GTD database by key-word for the time period 1970–2013. To identify the attack, I used the city and state targeted by the terrorists, and the method of attack such as arson, shooting and bombing. In the event that the culprit(s) was/were mentioned in the description of the event, I would search for their name(s) for the years following the event. In general, I would search for an event in the weeks following its occurrence. However, if the event was particularly noteworthy23 or if there was a trial, I would extend the date range. I read the description of the news stories that were identified for each attack and double-checked that they were discussing the terror attack in the GTD. For each incident, I then counted the number of news stories for each network and the total duration of the news stories. More precisely, I constructed four variables. First, n which is equal to the number of news stories of the targeted “city” and “year”, excluding terror-related news stories. (For example, for the Boston Marathon bombing, I computed the number of searches for “Boston” and restricted the search to the year 2013.) This first indicator is log transformed before inclusion in the empirical model to control for scale effects (DellaVigna and La Ferrara (2010)). Second, Any T error N ews Stories is set equal to one if there was at least one news story and zero otherwise. Third, T error N ews Stories is set equal to the overall number of news stories. Last, Duration T error N ews Stories is set equal to the total number of minutes of news stories. Appendix Table A13 reports summary statistics. I identified 9,359 news stories for the terror attacks in my sample (1970–2013). The total duration was approximately 50,000 minutes. Networks contribute somewhat equally, with 2,805 news stories for ABC, 3,006 for CBS and 3,548 for NBC. Terror attacks got on average 1.5 news stories and the total duration was about 8 minutes long. I tested whether successful terror attacks receive more media coverage 22



Cable news channels such as CNN and Fox News were excluded since these news channels were founded during the time period of interest. 23 For attacks which had massive amounts of coverage, such as Sept. 11, 2001, I also searched for the generic title in Vanderbilt.
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than failed attacks, as shown in Table 10.24 The empirical model is: 0 γ + µs + δt + εc,t , Yc,t = α + ηSU CCESSF U Lc,t + Xc,t



(4)



where yc,t is one of the news story variables in county c and year t.25 Xc,t is a vector of other regressors including the natural log of nc,t . Given that the media outcomes for each attack are time-invariant, I restrict the sample to county-year observations with at least one successful terror attack or at least one failed terror attack. I thus directly compare county-year observations with at least one successful terror attack to county-year observations with a failed terror attack. I include state and year fixed effects to flexibly control for common shocks at the national level and to control for common state shocks. In columns 2–6, I include dummy variables to absorb Census division-by-year shocks. In columns 3–6, I add time-invariant controls.26 In Panel A, the dependent variable is a dummy variable for whether there was any media coverage, i.e., the variable Any T error N ews Storiesc,t in county c and year t. In columns 1–3, I check whether successful attacks are more likely to get at least one piece of news from any of the three networks. In columns 4, 5 and 6, the dependent variables are the variable Any T error N ews Storiesc,t for the networks ABC, CBS and NBC, respectively. The findings suggest that the likelihood of getting at least one news story from any of the network is not related to the success of the attack. The estimates are quite small and not significant at the 10% level for columns 1–5. Only the network NBC was more likely to cover successful than failed attacks. In Panel B, the dependent variable is the natural log of one plus the number of news stories. The estimate in column 1 suggests that successful attacks get approximately 13% more news stories than failed attacks. The estimate is significant at the 10% level. The number of news stories is significantly higher for successful attacks than failed attacks for both ABC and NBC networks. The estimates range from 12% to 15%. In Panel C, the dependent variable is the natural log of one plus the 24



A few failed attacks in our sample did not receive media attention at the time of the attack, but ended up being covered by one of the networks within few months. For instance, in 2003, a letter containing ricin was safely disposed by the authorities in Washington, D.C. They did not disclose the attack to the public for three months. 25 Using a similar methodology, I show that successful attacks in comparison to failed attacks have significantly more counts of Google searches. I present the results in Appendix Table A14. 26 Time-invariant controls include dummy variables for coastal counties and being a state capital and for whether the county has an airport.
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total number of minutes of news stories. I find that the number of minutes of media coverage for successful attacks is 17% higher than for failed attacks. Including dummy variables to absorb Census division-by-year shocks slightly increases the size of the estimates. The estimates for ABC, CBS and NBC range from 13% to 19% and are all statistically significant. Overall, I find a positive association between the success of an attack and the extent of media coverage. However, it remains unclear why successful attacks get more media coverage. This might be the related to the fact that successful attacks are more salient than failed attacks. On average, successful attacks lead to more casualties (by definition in the case of assassination) than failed attacks. I show in Appendix Tables A15 and A16 that the number of casualties is positively associated with both the number of news stories and the total duration of news stories. If catastrophic attacks are excluded (Appendix Table A16), an increase of 1 in the number of fatalities increases the total number of minutes of news coverage of the attack by about 30%.27



6.4



Terrorism and Consumer Sentiment



In this subsection, I test explicitly whether successful attacks affect consumer sentiment. More precisely, I test whether successful attacks impact contemporaneous attitudes toward personal finances, business and buying conditions. For this analysis, I rely on microdata from the Michigan Survey of Consumers (MSC). The MSC assesses consumer attitudes on personal finances, business conditions and buying conditions, and is widely used to gauge consumers’ level of pessimism and expectations of spending and saving behavior.28 For this research, I obtained monthly data at the county-level for the 2000–2012 monthly MSC surveys. The monthly MSC is an ongoing nationally representative survey of at least 500 consumers.29 I check in Table 11 whether consumer sentiment changes following a successful terror attack in comparison to a failed attack. The dependent 27



Unsurprisingly, perhaps, terror attacks from Islamic groups receive significantly more media coverage than the other attacks. On the other hand, terror attacks from environment and animal protection groups receive significantly less media coverage. 28 The widely reported Consumer Sentiment Index is derived from five questions covering three broad areas of consumer sentiment: personal finances, business conditions, and buying conditions. See https : //data.sca.isr.umich.edu/f etchdoc.php?docid = 24770 for the index calculations and the questions. 29 The sample incorporates a rotating panel sample design. Every month, an independent cross-section sample of households is drawn. The respondents are then reinterviewed six months later (Curtin (1982)).
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variables from the monthly MSC are based on answers from the following questions: [1] “We are interested in how people are getting along financially these days. Would you say that you are better off or worse off financially than you were a year ago?”, [2] “Would you say that at the present time business conditions are better or worse than they were a year ago?”, [3] “Now looking ahead–do you think that a year from now you will be better off financially, or worse off, or just about the same as now?” and [4] “About the big things people buy for their homes–such as furniture, a refrigerator, stove, television, and things like that. Generally speaking, do you think now is a good or a bad time for people to buy major household items?” I code the variables as dummy variables. For the first question, the dependent variable is equal to one if respondents report “Worse” and zero if respondents report “Better now” or “Same”. For the second question, the dependent variable is equal to one if respondents report “Worse now” and zero if they report “Better now” or “About the same”. For the third question, the dependent variable is equal to one if respondents report “Will be worse off” and zero otherwise. Last, the dependent variable for the fourth question is equal to one if respondents report “Bad” and zero otherwise. The model is similar to equation (4) with the exception that the unit of observation is now the individual. I also control for the individual’s demographic characteristics. Specifically, I estimate: 0 0 Yi,c,t = α + ηSU CCESSF U Lc,t + Xc,t γ + Zi,c,t θ + µs + δt + εi,c,t ,



(5)



where yi,c,t is an economic sentiment for individual i in county c and year t and Zi,c,t is a vector of individual characteristics. These characteristics include the individual’s gender, age, age squared, five education fixed effects and five marital status fixed effects. The model also includes year fixed effects to flexibly control for common shocks to national consumer confidence and state fixed effects to control for differences in consumer confidence across states. The inclusion of a set of time dummy variables is very important since there could be other confidence-reducing events at the federal-level (e.g., variation in international oil prices or in the stock market indices). Table 11 shows the results from the probit regressions. In this table, I compare answers of respondents living in counties targeted by successful and failed terror attacks the year of the attack. In columns 1 and 2, I tested whether respondents think that their personal finances and business conditions are worse now in comparison to a year ago. Since I use data for
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the year of the attack, positive estimates suggest that respondents think that their personal finances and business conditions are worse than before the terror attack. In column 1, I found that successful attacks increase the likelihood to answer that personal finances are worse off than a year ago by about 27%. The estimates are positive and statistically significant at the 1% level. Column 2 finds that respondents living in counties targeted by a successful attack were more likely to answer that business conditions are worse now. The estimate is significant at the 1% level and suggests that successful attacks increased the likelihood of answering that business conditions are worse by approximately 15%. In column 3, I test whether respondents think that their personal finances will be worse in a year from now. A positive estimate would suggest that respondents in counties targeted by a successful attack are more likely think that they will be worse off financially in a year from now. I do not find evidence that this is the case. The estimate is positive, but not statistically significant at the 10% level. In column 4, the dependent variable is whether it is a bad time for people to buy major household items. The estimate is positive and significant at the 1% level indicating that successful attacks increase the likelihood to answer that it is a bad time to buy big things such as furniture, a refrigerator, stove, television, and things like that for their homes. More precisely, the estimate suggests that successful attacks increase the likelihood of answering that it is a bad time by approximately 10%. Overall, I find evidence that successful terror attacks affect attitudes toward personal finances, business and buying conditions in the year of the attack. These results suggest that consumer sentiment is down for counties targeted by successful attacks and that consumers living in those counties think it is not a good moment to spend money. These findings are in line with the impact on jobs documented in the previous section.



7



Conclusion



In this paper I identify the impact of terrorism on local economies by exploiting the inherent randomness in the success or failure of terror attacks. There are two main empirical results. First, successful terror attacks reduce the overall jobs-to-population ratio by approximately 1.3% in comparison to failed terror attacks. I also find evidence that successful terror attacks decrease total earnings and earnings per job. Second, I document the channels through which terrorism affects em29



ployment. I provide evidence that successful terror attacks particularly affect specific industries such as real estate. For instance, successful attacks in comparison to failed attacks decrease a county’s average house price index by about 2%. Furthermore, I provide suggestive evidence that successful terror attacks are more salient than failed attacks. Using media coverage data, I show that successful attacks, on average, get 17% more minutes of television coverage than failed attacks. I also have found a number of regularities in my analysis of the effect of terrorism on people’s attitudes toward personal finances and economic conditions. For example, I show that successful terror attacks in comparison to failed attacks increase the likelihood of the county population to report that business and buying conditions are worse than they were before the attack. These results are in line with the idea that successful attacks lead to fear and decrease consumer confidence. The findings are of interest in contributing to the discussion of the economic consequences of terror attacks. I document suggestive evidence that terror attacks affect employment and earnings mainly through consumer sentiment and uncertainty. In other words, fear of consuming or investing plays an important role in explaining the decrease in employment following terror attacks (Becker and Rubinstein (2011)). I believe further research is needed in at least two dimensions. From my results, I cannot conclude on whether a region subject to repeated terror attacks suffers economically. In order to answer this question, other identification strategies may be better suited (Abadie and Gardeazabal (2003)). In addition, more work is needed on the national consequences of terrorism such as the rise of counterterrorism expenditures and increased airport security (Mitra et al. (2017)).
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Figure 1: Number of county-year observations with at least one successful terror attack and the number of county-year observations with at least one failed terror attack and no successful terror attack.



Figure 2: Number of county-year observations with at least one lethal terror attack (i.e. causing at least one death) and the number deaths caused by terror attacks. See Section 3 for more details.
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Figure 3: This figure plots estimated natural log jobs-to-population ratios in counties targeted by successful terror attack(s) at yearly intervals in the three years prior through the six years following the attack. See Table 5, column 1, for more details. Only county and year fixed effects are included in the model.



Figure 4: This figure plots estimated natural log jobs-to-population ratios in counties targeted by failed terror attack(s) at yearly intervals in the three years prior through the six years following the attack. See Appendix Table A2, column 1, for more details. Only county and year fixed effects are included in the model.
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Figure 5: This figure plots estimated natural log of the total real wage bill in counties targeted by successful terror attack(s) at yearly intervals in the three years prior through the six years following the attack. See Table 5, column 4, for more details. Only county and year fixed effects are included in the model.
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Table 1: Terror Attacks: Descriptive Statistics



Observation



Percentage



Attack Success



76 125 441 474 33 37



7.5% 12.3% 43.5% 46.8% 3.3% 3.6%



76.3% 96.8% 81.6% 93.9% 54.5% 94.6%



Observations



Percentage



Attack Success



270 175 179 39 99 198 63 279



26.7% 17.3% 17.7% 3.9% 9.8% 19.5% 6.2% 27.5%



90.7% 80.6% 88.8% 89.7% 80.8% 85.9% 90.5% 90.3%



Observations



Percentage



Attack Success



Weapon Firearms Explosives Incendiary Melee Sabotage Other & Unknown



171 446 457 32 29 184



16.9% 44.0% 45.1% 3.2% 2.9% 18.2%



91.8% 81.4% 93.4% 96.9% 96.6% 77.7%



2.21 4.36 0.91 5.77 3.89 8.26



1.17 0.78 7.19 97.55 0.11 21.96



407,840 645,868 879,277 375,227 337,632 818,940



Lone Wolfs Multiple Attacks Target Non-US Logistic Int’l



552 301 84 56



54.5% 29.7% 8.3% 5.5%



84.1% 95.0% 88.1% 80.4%



2.65 5.41 3.40 3.02



0.60 10.14 0.79 0.58



675,955 811,582 250,277 128,933



85.7%



3.24



3.97



757,979



Attack Type Assassination Armed Assault Bombing Infrastructure Unarmed Other & Unknown



Target Business Government Abortion Related Airport Educational Inst Private Property Religious Inst Other & Unknown



Total Observations



1,013



If Attack Successful (mean) Injured Killed Damage 0.71 3.75 4.37 0.87 47.94 4.56



1.19 26.0 0.75 0.14 153.67 86.31



140,332 444,385 630,109 849,112 128,728 431,685



If Attack Successful (mean) Injured Killed Damage 4.94 12.16 0.15 10.20 1.78 3.57 0.79 5.57



11.72 3.09 0.05 86.49 0.25 17.29 0.61 12.33



1,241,421 564,201 183,748 517,239 1,047,362 1,180,162 496,292 417,488



If Attack Successful (mean) Injured Killed Damage



Notes: There are a total of 1,013 county-year observations. In this table, the variable “Multiple Attacks” equals one if there is more than one terror attack in a given county-year cell. “Lone Wolfs” equals one if the attack is committed either by a lone wolf terrorist or by few individuals not related to a terrorist group. For some terror attacks, multiple weapons were used. Moreover, up to three attack types and target information can be recorded by incident. Weapons classified as “Others & Unknown” are either (1) weapons that have been identified but does not fit into one of the categories or (2) weapons that could not have been identified. Targets classified as “Others & Unknown” include media, military, NGO, police, telecommunication, tourists, transportation and attacks carried out against foreign missions, maritime facilities, non-state militias, violent political parties, utilities and food or water supply. Note that an unarmed assault is an attack whose primary objective is to cause physical harm or death directly. Unarmed assaults include chemical, biological and radiological weapons but exclude explosive, firearm and incendiary. Attacks classified as infrastructure refers to an act whose primary objective is to cause damage to a non-human target (building, monument, train or pipeline). The attacktype “Hijacking” is included in the category “Other & Unknown”. The last three columns restrict the sample to successful terror attacks. Property damages are in constant 2005 U.S. dollar.
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Table 2: Predict Terror Attack



Successful (1)



Other Counties (2)



Difference (3)



Log Jobs per Capita



-1.07 (0.47)



-1.17 (0.43)



0.096 (0.015)



Log Total Earnings



14.02 (1.84)



12.82 (1.80)



1.201 (0.063)



State Capital



0.13 (0.34)



0.02 (0.12)



0.113 (0.004)



Coastal County



0.62 (0.49)



0.21 (0.41)



0.407 (0.014)



Airport (Large Hub)



0.27 (0.44)



0.01 (0.11)



0.259 (0.004)



Airport (Medium Hub)



0.15 (0.35)



0.01 (0.11)



0.135 (0.004)



Log Population



12.98 (1.41)



10.16 (1.37)



2.823 (0.047)



Log Deaths per Capita



-4.83 (0.25)



-4.63 (0.30)



-0.197 (0.015)



Log Births per Capita



-4.24 (0.20)



-4.36 (0.23)



0.125 (0.012)



Log Social Security Recipients per Capita



-1.92 (0.25)



-1.66 (0.27)



-0.263 (0.014)



Log People in Poverty per Capita



-2.17 (0.37)



-2.04 (0.40)



-0.129 (0.028)



Log Public School Enrollment per Capita



-1.83 (0.17)



-1.75 (0.22)



-0.089 (0.013)



Log Violent Crimes per Capita



-5.41 (0.84)



-6.26 (1.01)



0.858 (0.057)



Log Robberies per Capita



-6.77 (1.23)



-8.16 (1.17)



1.389 (0.065)



Log Property Crimes per Capita



-3.18 (0.56)



-3.99 (0.92)



0.824 (0.050)



Log Motor Vehicle Thefts per Capita



-5.51 (0.92)



-6.75 (1.24)



1.237 (0.051)



Region Northeast



0.21 (0.41)



0.08 (0.27)



0.131 (0.009)



Region Midwest



0.20 (0.40)



0.34 (0.47)



-0.137 (0.016)



Region South



0.23 (0.42)



0.45 (0.50)



-0.224 (0.017)



Region West



0.37 (0.48)



0.14 (0.35)



0.230 (0.012)



Observations



869



140,707



Two-Sided t-tests



Note: Time-varying variables are examined in the year before the terror attack(s) took place. Each observation is a yearcounty cell. Columns 1 and 2 restrict the sample to observations with a successful terror attack(s) and observations without a terror attack respectively. Standard deviations are in parentheses (standard errors for the last column).
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Table 3: Predict Success of a Terror Attack Successful



Failed



Difference



Log Jobs per Capita



-1.07 (0.47)



-1.02 (0.42)



-0.053 (0.042)



Log Total Earnings



14.02 (1.84)



14.05 (1.96)



-0.026 (0.167)



State Capital



0.13 (0.34)



0.12 (0.33)



0.005 (0.030)



Coastal County



0.62 (0.49)



0.59 (0.49)



0.034 (0.044)



Airport (Large Hub)



0.27 (0.44)



0.30 (0.46)



-0.033 (0.040)



Airport (Medium Hub)



0.15 (0.35)



0.14 (0.35)



0.009 (0.032)



Log Population



12.98 (1.41)



12.97 (1.58)



0.018 (0.130)



Log Deaths per Capita



-4.83 (0.25)



-4.83 (0.24)



0.009 (0.030)



Log Births per Capita



-4.24 (0.20)



-4.25 (0.20)



0.008 (0.024)



Log Social Security Recipients per Capita



-1.92 (0.25)



-1.94 (0.27)



0.017 (0.030)



Log People in Poverty per Capita



-2.17 (0.37)



-2.20 (0.37)



0.035 (0.054)



Log Public School Enrollment per Capita



-1.83 (0.17)



-1.83 (0.20)



-0.000 (0.022)



Log Violent Crimes per Capita



-5.41 (0.84)



-5.48 (1.05)



0.073 (0.111)



Log Robberies per Capita



-6.77 (1.23)



-6.69 (1.33)



-0.077 (0.159)



Log Property Crimes per Capita



-3.18 (0.56)



-3.32 (0.68)



0.144 (0.073)



Log Motor Vehicle Thefts per Capita



-5.51 (0.92)



-5.60 (1.10)



0.091 (0.118)



Region Northeast



0.21 (0.41)



0.19 (0.40)



0.015 (0.036)



Region Midwest



0.20 (0.40)



0.20 (0.40)



-0.001 (0.036)



Region South



0.23 (0.42)



0.21 (0.41)



0.019 (0.037)



Region West



0.37 (0.48)



0.40 (0.49)



-0.033 (0.044)



Observations



869



145



Two-Sided t-tests



Note: Time-varying variables are examined in the year before the terror attack(s) took place. Each observation is a yearcounty cell. Columns 1 and 2 restrict the sample to observations with a successful terror attack(s) and observations with a failed terror attack(s) respectively. Standard deviations are in parentheses (standard errors for the last column).
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Table 4: Predict Success of a Terror Attack Probit Regression



Successful (1)



Successful (2)



Log Jobs per Capita



-0.073 (0.081)



-0.071 (0.082)



Log Total Earnings



Successful (3)



Successful (4)



-0.080 (0.060)



-0.079 (0.060)



State Capital



0.066 (0.046)



0.067 (0.046)



0.068 (0.046)



0.069 (0.045)



Coastal County



0.024 (0.049)



0.027 (0.049)



0.023 (0.048)



0.026 (0.048)



Airport (Large Hub)



-0.005 (0.070)



0.000 (0.070)



-0.000 (0.068)



0.005 (0.068)



Airport (Medium Hub)



-0.068 (0.082)



-0.070 (0.081)



-0.071 (0.081)



-0.072 (0.080)



Log Population



-0.138 (0.209)



-0.149 (0.209)



0.005 (0.249)



-0.008 (0.249)



Log Births



0.046 (0.170)



0.066 (0.174)



0.032 (0.170)



0.052 (0.173)



Log Social Security Recipients



0.108 (0.096)



0.109 (0.096)



0.092 (0.096)



0.093 (0.096)



Log Public School Enrollment



-0.062 (0.178)



-0.068 (0.178)



-0.084 (0.177)



-0.090 (0.177)



Log Violent Crimes



0.032 (0.060)



0.033 (0.061)



0.028 (0.060)



0.029 (0.060)



Log Robberies



-0.011 (0.051)



-0.010 (0.051)



-0.003 (0.051)



-0.002 (0.051)



Log Property Crimes



0.140 (0.090)



0.152 (0.090)



0.125 (0.085)



0.137 (0.086)



Log Motor Vehicle Thefts



-0.087 (0.071)



-0.100 (0.073)



-0.081 (0.070)



-0.094 (0.071)



Non-U.S. Target



0.038 (0.017)



0.015 (0.019)



0.042 (0.016)



0.020 (0.019)



Number of Attacks



0.095 (0.041)



0.089 (0.041)



0.096 (0.042)



0.090 (0.019)



1989-2006 X



1989-2006 X X 325 0.161 0.80



1989-2006 X



1989-2006 X X 325 0.165 0.75



Years Type Attack Weapon FE Observations Pseudo R-squared F -Test on Listed Variables (p-value)



325 0.157 0.84



325 0.161 0.79



Note: This table reports marginal effects from a probit regression. Each observation is a year-county cell with at least one terror attack. Robust standard errors are in parentheses, adjusted for clustering by county. The dependent variable is equal to one if at least one of the terror attacks is successful and zero if the attack(s) failed. Time-varying variables are examined in the year before the terror attack(s) took place.
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Table 5: Successful Terror Attacks and Employment and Wages 100 × ln(Jobs/Population) (1) (2) (3)



100 × ln(Total Earnings) (4) (5) (6)



Success (3 years before)



-0.130 (0.464)



-0.101 (0.492)



0.005 (0.488)



0.095 (0.834)



0.251 (0.907)



0.457 (0.887)



Success (2 years before)



0.154 (0.337)



0.248 (0.345)



0.184 (0.404)



0.651 (0.610)



0.759 (0.675)



0.591 (0.713)



Success (1 year before)



Omitted



Omitted



Omitted



Omitted



Omitted



Omitted



Success



0.268 (0.602)



0.266 (0.565)



0.278 (0.551)



0.968 (0.979)



1.225 (0.944)



0.765 (0.911)



Success (1 year after)



-0.987 (0.500)



-0.986 (0.476)



-0.746 (0.457)



-1.032 (0.842)



-0.627 (0.835)



-0.661 (0.780)



Success (2 years after)



-1.266 (0.523)



-1.356 (0.511)



-0.926 (0.489)



-1.638 (0.981)



-1.656 (0.983)



-1.223 (0.871)



Success (3 years after)



-1.121 (0.592)



-1.292 (0.615)



-0.879 (0.596)



-1.962 (1.094)



-1.887 (1.139)



-1.496 (1.026)



Success (4 years after)



-0.951 (0.632)



-1.290 (0.655)



-0.639 (0.619)



-2.478 (1.189)



-2.651 (1.256)



-1.879 (1.105)



Success (5 years after)



-1.157 (0.720)



-1.478 (0.724)



-0.891 (0.671)



-2.720 (1.133)



-2.755 (1.412)



-1.899 (1.213)



Success (6 years after)



-0.916 (0.737)



-1.586 (0.747)



-1.145 (0.714)



-2.571 (1.445)



-2.864 (1.540)



-2.114 (1.314)



X



X X



X X X X X X 0.971 5,227



X



X X



X X X X X X 0.994 5,227



Year & County FE M onth × Y ear Division × Y ear Type Attack FE Weapon FE # of Attacks R-squared Observations



0.963 5,227



X X X 0.966 5,227



0.991 5,227



X X X 0.992 5,227



Note: Employment and earnings data from the County Business Patterns. This table shows estimates of equation (2). The sample is restricted to counties in which there is at least one successful terror attack. Only county-year observations up to six years after the attack and three years prior to the successful attack are included. Robust standard errors are in parentheses, adjusted for clustering by county. In columns 1–3, the dependent variable is the log of the county-year ratio of jobs-to-population. In columns 4–6, the dependent variable is the log of the total real earnings of the county. In columns 2–3 and 5–6, the controls include a dummy that is equal to one if the target is non-American, a dummy that is equal to one if the attack is logistically international and a variable that is equal to the number of successful terror attacks. The time period is 1970–2013.
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Table 6: Comparison of Successful and Failed Terror Attacks: Employment and Wages 100 × ln(Jobs/Population) (3) (4)



(1)



(2)



(5)



(6)



Successful



-1.238 (0.457)



-1.396 (0.438)



-1.429 (0.435)



-1.429 (0.433)



-1.486 (0.427)



-1.268 (0.411)



R-squared



0.962



0.964



0.965



0.965



0.966



0.970



(1)



(2)



(5)



(6)



Successful



-1.518 (0.971)



-1.704 (0.982)



-1.659 (0.967)



-1.676 (0.971)



-1.765 (0.862)



-1.523 (0.785)



R-squared



0.991



0.991



0.991



0.991



0.992



0.994



(1)



(2)



Successful



-0.771 (0.362)



-0.689 (0.367)



-0.655 (0.379)



-0.665 (0.378)



-0.639 (0.381)



-0.551 (0.327)



R-squared



0.910



0.917



0.917



0.918



0.927



0.941



X



X



X



X



X X



X 4,285



X X 4,285



X X X 4,285



X X X 4,285



X X X X X X 4,285



Panel A



100 × ln(Total Earnings) (3) (4)



Panel B



100 × ln(Average Earnings per Job) (3) (4) (5)



(6)



Panel C



Year & County FE M onth × Y ear Division × Y ear Type Attack FE Weapon FE # of Attacks Observations



4,285



Note: Employment and earnings data from the County Business Patterns. This table shows estimates of a difference-indifferences with respect to failed attacks (equation (3)). Each entry is from a separate OLS regression. Robust standard errors are in parentheses, adjusted for clustering by county. In Panel A, the dependent variable is the log of the county-year ratio of jobs-to-population. In Panel B, the dependent variable is the log of the total real earnings of the county. In Panel C, the dependent variable is the log of the county real average wage per job. In columns 2–6, the controls include a dummy that is equal to one if the target is non-American, a dummy that is equal to one if the attack is logistically international and a variable that is equal to the number of terror attacks. The time period is 1970–2013.
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Table 7: Comparison of Successful and Failed Terror Attacks: Spillovers 100 × ln(Jobs/Pop) (1) (2) (3) Panel A: Neighboring counties instead of targeted counties.



100 × ln(Total Earnings) (4) (5) (6)



Successful



-0.435 (0.311)



-0.420 (0.313)



-0.164 (0.389)



-0.215 (0.543)



-0.254 (0.547)



-0.162 (0.661)



R-squared n



0.912



0.912 18,544



0.918



0.984



0.984 18,548



0.986



Panel B : Non-targeted counties with an airport. Successful



-1.002 (0.936)



-1.142 (0.917)



1.160 (1.194)



-0.750 (1.971)



-1.237 (1.893)



0.842 (3.186)



R-squared n



0.927



0.928 1,679



0.937



0.969



0.968 1,679



0.976



X



X



X X X X X



X



X



X X X X X



Year & County FE M onth × Y ear Type Attack FE Weapon FE # of Attacks



X X



X X



Note: Employment and earnings data from the County Business Patterns. This table shows estimates of a difference-indifferences with respect to failed attacks (equation (3)). Each entry is from a separate OLS regression. Robust standard errors are in parentheses, adjusted for clustering by county. In columns 1–3, the dependent variable is the log of the county-year ratio of jobs-to-population. In columns 4–6, the dependent variable is the log of the total real earnings of the county. Panel A relies on neighboring counties instead of targeted counties. Panel B relies on non-targeted counties with an airport in the same state as targeted counties. In columns 2–3 and 5–6, the controls include a dummy that is equal to one if the target is non-American, a dummy that is equal to one if the attack is logistically international and a variable that is equal to the number of terror attacks. The time period is 1970–2013.
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Table 8: Employment Estimates By Industry: 1970–1997



Panel A:



Manufacturing (1) (2)



Successful



-2.44 (0.97)



R-squared n



0.942



Panel B :



-2.66 (0.98)



-0.94 (0.99)



0.958



0.911



Wholesale (5)



(6)



-0.31 (0.95)



-0.96 (1.10)



-1.34 (1.17)



0.926



0.933



0.939



2,991



3,005



2,992



Retail Trade (1) (2)



100 × ln(Jobs/Population) Services (3) (4)



Finance & RE (5) (6)



Successful



-0.24 (0.50)



R-squared n



0.956



Year & County FE M onth × Y ear Type Attack FE Weapon FE # of Attacks



100 × ln(Jobs/Population) Const & Transpt (3) (4)



-0.29 (0.45)



-0.49 (0.59)



0.967



0.979



3,015 X



-0.98 (0.55)



-1.45 (0.71)



0.981



0.962



3,013 X X X X X



X



-1.56 (0.77) 0.967 2,983



X X X X X



X



X X X X X



Note: Employment data from the County Business Patterns. This table shows estimates of a difference-in-differences with respect to failed attacks (equation (3)). Each entry is from a separate OLS regression. Robust standard errors are in parentheses, adjusted for clustering by county. Panel A: In columns 1 and 2, the dependent variable is the log of the county-year ratio of jobs in manufacturing to population. In columns 3 and 4, the dependent variable is the log of the county-year ratio of jobs in construction, transportation, communications and utilities to population. In columns 5 and 6, the dependent variable is the log of the county-year ratio of jobs in wholesale trade to population. Panel B: In columns 1 and 2, the dependent variable is the log of the county-year ratio of jobs in retail trade to population. In columns 3 and 4, the dependent variable is the log of the county-year ratio of jobs in services to population. In columns 5 and 6, the dependent variable is the log of the county-year ratio of jobs in finance, insurance, and real estate to population. In columns 2, 4 and 6, the controls include a dummy that is equal to one if the target is non-American, a dummy that is equal to one if the attack is logistically international and a variable that is equal to the number of terror attacks. The time period is 1970–1997.



Table 9: Comparison of Successful and Failed Terror Attacks: Housing Index



Successful



Year & County FE M onth × Y ear Division × Y ear Type Attack FE Weapon FE # of Attacks R-Squared Observations



100 × ln(House Price Index) (3) (4)



(1)



(2)



-2.25 (0.68)



-2.18 (0.68)



-2.10 (0.67)



X



X



X 0.936 3,343



0.936 3,343



(5)



(6)



-2.12 (0.66)



-1.79 (0.73)



-0.99 (0.55)



X



X



X X



X X X 0.937 3,343



X X X 0.938 3,343



X X X 0.942 3,343



X X X X X X 0.976 3,343



Note: House price index data from the Federal Reserve Bank of St. Louis. This table shows estimates of a difference-indifferences with respect to failed attacks (equation (3)). Robust standard errors are in parentheses, adjusted for clustering by county. The dependent variable is the log of the county housing price index. In columns 2–6, the controls include a dummy that is equal to one if the target is non-American, a dummy that is equal to one if the attack is logistically international and a variable that is equal to the number of terror attacks. The time period is 1975–2013.
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Table 10: Comparison of Successful and Failed Terror Attacks: Media Coverage Any Terror News Stories? All ABC (3) (4)



All (1)



All (2)



CBS (5)



NBC (6)



Successful



-0.005 (0.040)



0.019 (0.044)



0.018 (0.044)



0.057 (0.038)



0.001 (0.044)



0.078 (0.044)



ln(n) “City Year”



0.033 (0.009)



0.020 (0.009)



0.022 (0.081)



0.019 (0.008)



0.016 (0.011)



0.011 (0.009)



R-squared



0.206



0.523



0.524



0.550



0.494



0.535



All (1)



All (2)



ln(Number of Terror News Stories) All ABC CBS (3) (4) (5)



NBC (6)



Successful



0.126 (0.076)



0.157 (0.098)



0.156 (0.099)



0.116 (0.068)



0.109 (0.073)



0.154 (0.073)



ln(n) “City Year”



0.019 (0.019)



0.038 (0.020)



0.040 (0.022)



0.028 (0.015)



0.024 (0.016)



0.019 (0.015)



R-squared



0.346



0.612



0.613



0.605



0.599



0.608



All (1)



All (2)



ln(Duration of Terror News Stories) All ABC CBS (3) (4) (5)



NBC (6)



Successful



0.166 (0.099)



0.204 (0.118)



0.204 (0.118)



0.134 (0.090)



0.168 (0.091)



0.192 (0.091)



ln(n) “City Year”



0.023 (0.024)



0.048 (0.024)



0.044 (0.027)



0.035 (0.019)



0.027 (0.022)



0.020 (0.020)



0.349 X



0.611 X X



X X X 1,003



X X X 1,003



0.611 X X X X X X 1,003



0.605 X X X X X X 1,003



0.615 X X X X X X 1,003



0.606 X X X X X X 1,003



Panel A



Panel B



Panel C



R-squared Year & State FE Division × Y ear Time-Invariant Controls Type Attack FE Weapon FE # of Attacks Observations



Note: Data collected from the Vanderbilt Television News Archive. This table shows estimates of equation (4). Robust standard errors are in parentheses, adjusted for clustering by county. In Panel A, the dependent variable is a dummy for whether there was any media coverage. In Panel B, the dependent variable is the natural log of one plus the number of news stories. In Panel C, the dependent variable is the natural log of one plus the total number of minutes of news stories. The variable “ln(n)” is the log of the number of news stories for the words “city” and “year”. The variable “Successful” is a dummy that is equal to one if the terror attack is successful in that county and year and zero if the terror attack failed. If there are many terror attacks, “Successful” is equal to one if at least one of the attacks succeeded. The controls include a dummy that is equal to one if the target is non-American, a dummy that is equal to one if the attack is logistically international and a variable that is equal to the number of terror attacks. Time-invariant controls include dummies for coastal counties and being a state capital and a dummy for whether the county has an airport. The time period is 1970–2013.
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Table 11: Relationship Between Terrorism and Consumer Sentiment: 2000-2012



Successful



Socioeconomic Controls Year & State FE Type Attack & Weapon FE Target FE # of Attacks Observations Pseudo R-Squared



Personal Finances Worse Now (1)



Business Conditions Worse Now (2)



Personal Finances Worse Future (3)



Bad Time Buy Major HH Items (4)



0.266 (0.067)



0.154 (0.036)



0.040 (0.032)



0.104 (0.035)



X X X X X 1,775 0.066



X X X X X 1,755 0.132



X X X X X 1,731 0.053



X X X X X 1,674 0.081



Note: Data from the Michigan Survey of Consumers. This table reports marginal effects from a probit regression (equation (5)). Household head sampling weights are used. In column 1, the dependent variable is based on answers to the question: “We are interested in how people are getting along financially these days. Would you say that you are better off or worse off financially than you were a year ago?” The dependent variable is equal to one if respondents report “Worse” and zero otherwise. In column 2, the dependent variable is based on answers to the question: “Would you say that at the present time business conditions are better or worse than they were a year ago?” The dependent variable is equal to one if respondents report “Worse now” and zero otherwise. In column 3, the dependent variable is based on answers to the question: “Now looking ahead–do you think that a year from now you will be better off financially, or worse off, or just about the same as now?” The dependent variable is equal to one if respondents report “Will be worse off” and zero otherwise. In column 4, the dependent variable is based on answers to the question: “About the big things people buy for their homes–such as furniture, a refrigerator, stove, television, and things like that. Generally speaking, do you think now is a good or a bad time for people to buy major household items?” The dependent variable is equal to one if respondents report “Bad” and zero otherwise. The variable “Successful” is a dummy that is equal to one if the terror attack is successful in that county and year and zero if the terror attack failed. If there are many terror attacks, “Successful” is equal to one if at least one of the attacks succeeded. The controls include a dummy that is equal to one if the target is non-American, a dummy that is equal to one if the attack is logistically international and a variable that is equal to the number of terror attacks. The time period is 2000–2012.
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Appendix: NOT FOR PUBLICATION



Figure A1: Share of terror attacks involving the following general methods of attack: armed assault, bombing/explosion, facility/infrastructure and other. Attack types classified as “Other” include assassination, hijacking, barricade hostage, kidnapping and unarmed assault.
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Figure A2: Share of terror attacks targeting the following victims: business, government, abortion clinics or employees, private citizens and property and other. Targets classified as “Other” include airports, educational and religious institutions, transportation, media, military, NGO, police, telecommunication, tourists and attacks carried out against foreign missions, maritime facilities, non-state militias, violent political parties, utilities and food or water supply.



Figure A3: Share of terror attacks by the general type of weapon used: firearms, explosives, bombs or dynamite, incendiary and other. Weapons classified as “Other” are either (1) weapons that have been identified but does not fit into one of the categories or (2) weapons that could not have been identified. 51



Figure A4: This figure plots estimated natural log jobs-to-population ratios in counties targeted by successful terror attack(s) at yearly intervals in the three years prior through the six years following the attack. See Section 5 and Table 5 for more details. County and year fixed effects are included in the model. The controls include month-by-year dummies, census divisionby-year dummies, attack type and weapon fixed effects, a dummy that is equal to one if the target is non-American, a dummy that is equal to one if the attack is logistically international and a variable that is equal to the number of successful terror attacks.
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Table A1: Descriptive Statistics: Omitting Catastrophic Terror Attacks



Observation



Percentage



Attack Success



76 122 440 474 32 34



7.5% 12.3% 43.5% 46.8% 3.3% 3.6%



76.3% 96.7% 81.6% 93.9% 53.1% 94.1%



Observations



Percentage



Attack Success



269 172 179 36 99 196 63 277



26.7% 17.3% 17.7% 3.9% 9.8% 19.5% 6.2% 27.5%



90.7% 80.2% 88.8% 88.9% 80.8% 85.7% 90.5% 90.3%



Observations



Percentage



Attack Success



Weapon Firearms Explosives Incendiary Melee Sabotage Other & Unknown



171 445 454 29 29 181



16.9% 44.0% 45.1% 3.2% 2.9% 18.2%



91.8% 81.3% 93.4% 96.6% 96.6% 77.3%



2.21 2.55 0.64 2.25 3.89 7.58



1.17 0.31 0.12 0.96 0.11 0.56



407,840 645,868 879,277 375,227 337,632 818,940



Lone Wolfs Multiple Attacks Target Non-US Logistic Int’l



551 300 84 56



54.6% 29.7% 8.3% 5.5%



84.0% 95.0% 88.1% 80.4%



1.23 5.39 3.40 3.02



0.24 0.44 0.79 0.58



675,955 811,582 250,277 128,933



85.6%



2.36



0.29



757,979



Attack Type Assassination Armed Assault Bombing Infrastructure Unarmed Other & Unknown



Target Business Government Abortion Related Airport Educational Inst Private Property Religious Inst Other & Unknown



Total Observations



1,009



If Attack Successful (mean) Injured Killed Damage 0.71 2.84 2.55 0.87 50.31 1.26



1.19 1.26 0.28 0.14 0.12 0.75



140,332 444,385 630,109 849,112 128,728 431,685



If Attack Successful (mean) Injured Killed Damage 4.94 6.91 0.15 7.53 1.78 3.56 0.79 5.15



0.30 0.23 0.05 0.94 0.25 0.68 0.61 0.47



1,241,421 564,201 183,748 517,239 1,047,362 1,180,162 496,292 417,488



If Attack Successful (mean) Injured Killed Damage



Notes: There are a total of 1,009 county-year observations. Sept. 11, 2001 and the Oklahoma City bombing are excluded. In this table, the variable “Multiple Attacks” equals one if there is more than one terror attack in a given county-year cell. “Lone Wolfs” equals one if the attack is committed either by a lone wolf terrorist or by few individuals not related to a terrorist group. For some terror attacks, multiple weapons were used. Moreover, up to three attack types and target information can be recorded by incident. Weapons classified as “Others & Unknown” are either (1) weapons that have been identified but does not fit into one of the categories or (2) weapons that could not have been identified. Targets classified as “Others & Unknown” include media, military, NGO, police, telecommunication, tourists, transportation and attacks carried out against foreign missions, maritime facilities, non-state militias, violent political parties, utilities and food or water supply. Note that an unarmed assault is an attack whose primary objective is to cause physical harm or death directly. Unarmed assaults include chemical, biological and radiological weapons but exclude explosive, firearm and incendiary. Attacks classified as infrastructure refers to an act whose primary objective is to cause damage to a non-human target (building, monument, train or pipeline). The attack-type “Hijacking” is included in the category “Other & Unknown”. The last three columns restrict the sample to successful terror attacks. Property damages are in constant 2005 U.S. dollar.



53



Table A2: Failed Terror Attacks and Employment and Wages: 1970-2013 100 × ln(Jobs/Population) (1) (2) (3)



100 × ln(Total Earnings) (4) (5) (6)



Fail (3 years before)



-0.062 (0.618)



0.239 (0.911)



0.000 (0.752)



0.635 (1.245)



-0.283 (1.994)



-1.121 (1.558)



Fail (2 years before)



-0.056 (0.394)



-0.366 (0.712)



-0.498 (0.691)



0.239 (0.875)



-1.500 (1.319)



-1.622 (1.194)



Fail (1 year before)



Omitted



Omitted



Omitted



Omitted



Omitted



Omitted



Fail



-0.264 (0.657)



-0.303 (0.645)



0.155 (0.693)



-0.320 (1.025)



0.759 (1.161)



1.161 (1.241)



Fail (1 year after)



-0.002 (0.899)



-0.225 (0.921)



0.438 (0.909)



-0.163 (1.389)



0.688 (1.569)



1.298 (1.484)



Fail (2 years after)



-0.141 (1.186)



0.243 (1.034)



0.729 (1.069)



-0.198 (1.881)



2.496 (1.961)



2.648 (1.792)



Fail (3 years after)



-0.365 (1.526)



-0.278 (1.158)



0.437 (1.013)



-1.216 (2.327)



0.277 (2.100)



1.823 (1.784)



Fail (4 years after)



-0.324 (1.695)



-0.089 (1.432)



0.726 (1.190)



-0.754 (2.668)



0.730 (2.505)



2.519 (1.921)



Fail (5 years after)



-0.381 (1.956)



0.910 (1.321)



1.144 (1.156)



-0.989 (3.121)



2.359 (2.367)



3.571 (1.971)



Fail (6 years after)



-0.190 (2.161)



2.208 (1.608)



2.788 (1.351)



-0.558 (3.498)



4.295 (3.012)



6.009 (2.500)



Year & County FE M onth × Y ear Division × Y ear Type Attack FE Weapon FE # of Attacks R-squared Observations



X



X X



X X X X X X 0.988 1,233



X X



X X



X



0.997 1,233



X X X 0.998 1,233



0.980 1,233



X X X 0.985 1,233



X X X X 0.998 1,233



Note: Employment and earnings data from the County Business Patterns. This table shows estimates of equation (2). The sample is restricted to counties in which there is at least one failed terror attack. Only county-year observations up to six years after the attack and three years prior to the failed attack are included. Robust standard errors are in parentheses, adjusted for clustering by county. In columns 1–3, the dependent variable is the log of the county-year ratio of jobs-to-population. In columns 4–6, the dependent variable is the log of the total real earnings of the county. In columns 2–3 and 5–6, the controls include a dummy that is equal to one if the target is non-American, a dummy that is equal to one if the attack is logistically international and a variable that is equal to the number of successful terror attacks. The time period is 1970–2013.
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Table A3: Comparison of Successful and Failed Terror Attacks: Establishments



(1)



100 × ln(Establishments/Population) (2) (3)



Panel A Successful



-0.57 (0.34)



(1)



-0.67 (0.32)



-0.46 (0.33)



100 × ln(Small Establishments/Population) (2) (3)



Panel B Successful



-0.56 (0.34)



(1)



-0.66 (0.32)



-0.44 (0.33)



100 × ln(Medium-Sized Establishments/Population) (2) (3)



Panel C Successful



-1.52 (0.77)



(1)



-1.77 (0.74)



-1.61 (0.84)



100 × ln(Large Establishments/Population) (2) (3)



Panel D Successful



-1.33 (1.26)



(1)



-1.48 (1.24)



-1.94 (1.41)



100 × ln(Jobs/Establishments) (2) (3)



Panel E Successful



Year & County FE M onth × Y ear Division × Y ear Type Attack FE Weapon FE # of Attacks Observations



-0.33 (0.34)



-0.41 (0.34)



-0.64 (0.34)



X



X



3,964



X X X 3,964



X X X X X X 3,964



Note: Employment and earnings data from the County Business Patterns. This table shows estimates of a difference-indifferences with respect to failed attacks (equation (3)). Each entry is from a separate OLS regression. Robust standard errors are in parentheses, adjusted for clustering by county. In Panel A, the dependent variable is the log of the countyyear ratio of establishments-to-population. In Panel B, the dependent variable is the log of the county-year ratio of small establishments-to-population. Small establishments are establishments with 1 to 99 employees. In Panel C, the dependent variable is the log of the county-year ratio of medium-sized establishments-to-population. Medium-sized establishments are establishments with 100 to 499 employees. In Panel D, the dependent variable is the log of the county-year ratio of large establishments-to-population. Large establishments are establishments with 500 employees or more. In columns 2–3, the controls include a dummy that is equal to one if the target is non-American, a dummy that is equal to one if the attack is logistically international and a variable that is equal to the number of terror attacks. The time period is 1970–2013.
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Table A4: Robustness Checks: Employment and Wages Using Data from Regional Economic Accounts 100 × ln(Jobs/Population) (3) (4)



(1)



(2)



(5)



(6)



Successful



-0.56 (0.33)



-0.65 (0.33)



-0.69 (0.32)



-0.69 (0.32)



-0.81 (0.31)



-0.57 (0.30)



R-squared



0.967



0.968



0.969



0.969



0.971



0.973



(1)



(2)



(5)



(6)



Successful



-0.76 (0.29)



-0.72 (0.29)



-0.69 (0.29)



-0.69 (0.29)



-0.75 (0.28)



-0.70 (0.25)



R-squared



0.935



0.938



0.938



0.939



0.946



0.960



X



X



X



X



X X



XX 4,215



X X X 4,215



X X X 4,215



X X X 4,215



X X X X X



Panel A



100 × ln(Avg Earnings per Job) (3) (4)



Panel B



Year & County FE M onth × Y ear Region × Y ear Type Attack FE Weapon FE # of Attacks Observations



4,215



4,215



Note: Employment and earnings data from the regional economic accounts of the Bureau of Economic Analysis. This table shows estimates of a difference-in-differences with respect to failed attacks (equation (3)). Each entry is from a separate OLS regression. Robust standard errors are in parentheses, adjusted for clustering by county. In Panel A, the dependent variable is the log of the county-year ratio of jobs-to-population. In Panel B, the dependent variable is the log of the county real average wage per job. In columns 2–6, the controls include a dummy that is equal to one if the target is non-American, a dummy that is equal to one if the attack is logistically international and a variable that is equal to the number of terror attacks. The time period is 1970–2013.
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Table A5: Testing Sensitivity to Selection of Pre- and Post-Terror Attack Periods: Employment and Wages



Post Period: Pre Period:



Yr 1 to Yr 3 Yr −5 to Yr 0 (1)



100 × ln(Jobs/Population) Yr 1 to Yr 3 Yr 1 to Yr 4 Yr 1 to Yr 5 Yr −4 to Yr 0 Yr −3 to Yr 0 Yr −3 to Yr 0 (2) (3) (4)



Yr 1 to Yr 6 Yr −3 to Yr 0 (5)



Panel A Successful



-1.176 (0.400)



-1.232 (0.405)



-1.270 (0.423)



-1.402 (0.445)



-1.555 (0.463)



R-squared



0.971



0.971



0.970



0.969



0.969



(1)



(2)



100 × ln(Total Earnings) (3)



(4)



(5)



Successful



-1.496 (0.765)



-1.542 (0.773)



-1.717 (0.826)



-1.948 (0.888)



-2.260 (0.942)



R-squared



0.994



0.994



0.994



0.994



0.994



Panel B



(1)



100 × ln(Average Earnings per Job) (2) (3) (4)



(5)



Panel C Successful



-0.509 (0.310)



-0.544 (0.316)



-0.700 (0.317)



-0.750 (0.330)



-0.785 (0.342)



R-squared



0.941



0.941



0.938



0.936



0.934



Year & County FE M onth × Y ear Division × Y ear Type Attack FE Weapon FE # of Attacks Observations



X X X X X X 4,406



X X X X X X 4,348



X X X X X X 4,759



X X X X X X 5,213



X X X X X X 5,652



Note: Employment and earnings data from the County Business Patterns. This table shows estimates of a difference-indifferences with respect to failed attacks (equation (3)). Each entry is from a separate OLS regression. Robust standard errors are in parentheses, adjusted for clustering by county. In Panel A, the dependent variable is the log of the county-year ratio of jobs-to-population. In Panel B, the dependent variable is the log of the total real earnings of the county. In Panel C, the dependent variable is the log of the county real average wage per job. The controls include a dummy that is equal to one if the target is non-American, a dummy that is equal to one if the attack is logistically international and a variable that is equal to the number of terror attacks. The time period is 1970–2013.
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Table A6: Robustness Checks for Total Employment: Omission of a Subset of Attacks



(1) Successful Year Omitted Successful Year Omitted Successful Year Omitted Successful Year Omitted Successful Year Omitted Successful Year Omitted Successful Year Omitted Successful Year Omitted Successful Year Omitted Successful Year Omitted Successful Year Omitted Year & County FE M onth × Y ear Type Attack FE Weapon FE # of Attacks



100 × ln(Jobs/Population) (2) (3)



(4)



-1.50 (0.43) 1970



-1.46 (0.42) 1971



-1.38 (0.40) 1972



-1.31 (0.42) 1973



-1.49 (0.43) 1974



-1.53 (0.43) 1975



-1.53 (0.42) 1976



-1.49 (0.44) 1977



-1.51 (0.44) 1978



-1.49 (0.43) 1979



-1.54 (0.42) 1980



-1.49 (0.43) 1981



-1.50 (0.43) 1982



-1.45 (0.44) 1983



-1.44 (0.44) 1984



-1.42 (0.43) 1985



-1.46 (0.43) 1986



-1.52 (0.44) 1987



-1.44 (0.44) 1988



-1.53 (0.44) 1989



-1.50 (0.44) 1990



-1.53 (0.43) 1991



-1.49 (0.44) 1992



-1.43 (0.43) 1993



-1.44 (0.44) 1994



-1.48 (0.43) 1995



-1.51 (0.43) 1996



-1.49 (0.43) 1997



-1.46 (0.43) 1998



-1.49 (0.43) 1999



-1.50 (0.43) 2000



-1.50 (0.43) 2001



-1.57 (0.43) 2002



-1.55 (0.43) 2003



-1.51 (0.43) 2004



-1.45 (0.42) 2005



-1.47 (0.42) 2006



-1.53 (0.43) 2007



-1.50 (0.44) 2008



-1.49 (0.43) 2009



-1.49 (0.43) 2010



-1.46 (0.43) 2011



-1.49 (0.43) 2012



-1.53 (0.43) 2013



X X X X X



X X X X X



X X X X X



X X X X X



Note: Employment data from the County Business Patterns. This table shows estimates of a difference-in-differences with respect to failed attacks (equation (3)). Each entry is from a separate OLS regression. I omit one year for each entry. Robust standard errors are in parentheses, adjusted for clustering by county. The dependent variable is the log of the county-year ratio of jobs-to-population. The controls include a dummy that is equal to one if the target is non-American, a dummy that is equal to one if the attack is logistically international and a variable that is equal to the number of terror attacks.
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Table A7: Robustness Checks for Total Earnings: Omission of a Subset of Attacks



(1) Successful Year Omitted Successful Year Omitted Successful Year Omitted Successful Year Omitted Successful Year Omitted Successful Year Omitted Successful Year Omitted Successful Year Omitted Successful Year Omitted Successful Year Omitted Successful Year Omitted Year & County FE M onth × Y ear Type Attack FE Weapon FE # of Attacks



100 × ln(Total Earnings) (2) (3)



(4)



-1.83 (0.87) 1970



-1.89 (0.86) 1971



-1.64 (0.83) 1972



-1.61 (0.85) 1973



-1.85 (0.87) 1974



-1.91 (0.86) 1975



-1.87 (0.87) 1976



-1.81 (0.88) 1977



-1.62 (0.88) 1978



-1.65 (0.85) 1979



-1.75 (0.83) 1980



-1.72 (0.86) 1981



-1.76 (0.87) 1982



-1.60 (0.89) 1983



-1.67 (0.88) 1984



-1.69 (0.88) 1985



-1.75 (0.88) 1986



-1.83 (0.88) 1987



-1.77 (0.88) 1988



-1.80 (0.88) 1989



-1.71 (0.88) 1990



-1.88 (0.88) 1991



-1.79 (0.88) 1992



-1.76 (0.88) 1993



-1.73 (0.88) 1994



-1.77 (0.89) 1995



-1.83 (0.87) 1996



-1.73 (0.86) 1997



-1.74 (0.87) 1998



-1.79 (0.85) 1999



-1.71 (0.88) 2000



-1.72 (0.86) 2001



-1.83 (0.86) 2002



-1.80 (0.86) 2003



-1.79 (0.86) 2004



-1.69 (0.85) 2005



-1.85 (0.85) 2006



-1.83 (0.87) 2007



-1.78 (0.88) 2008



-1.81 (0.88) 2009



-1.75 (0.86) 2010



-1.76 (0.86) 2011



-1.80 (0.87) 2012



-1.81 (0.87) 2013



X X X X X



X X X X X



X X X X X



X X X X X



Note: Earnings data from the County Business Patterns. This table shows estimates of a difference-in-differences with respect to failed attacks (equation (3)). Each entry is from a separate OLS regression. I omit one year for each entry. Robust standard errors are in parentheses, adjusted for clustering by county. The dependent variable is the log of the total real earnings of the county. The controls include a dummy that is equal to one if the target is non-American, a dummy that is equal to one if the attack is logistically international and a variable that is equal to the number of terror attacks.
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Table A8: Robustness Checks: Omission of Attacks with Ambiguous Locations and Catastrophic Attacks 100 × ln(Jobs/Population) Omit Ambiguous Locations Omit Catastrophic Attacks (1) (2) (3) (4) (5) (6) Panel A Successful



-1.225 (0.444)



-1.730 (0.458)



-1.358 (0.425)



-1.306 (0.465)



-1.601 (0.440)



-1.369 (0.420)



R-squared



0.963



0.967



0.971



0.962



0.966



0.970



100 × ln(Total Earnings) Omit Ambiguous Locations Omit Catastrophic Attacks (1) (2) (3) (4) (5) (6) Panel B Successful



-1.910 (0.847)



-2.573 (0.938)



-1.875 (0.784)



-1.630 (0.973)



-1.956 (0.878)



-1.792 (0.808)



R-squared



0.990



0.991



0.994



0.993



0.992



0.994



100 × ln(Avg Earnings per Job) Omit Ambiguous Locations Omit Catastrophic Attacks (1) (2) (3) (4) (5) (6) Panel C Successful



-0.950 (0.359)



-0.874 (0.391)



-0.832 (0.333)



-0.789 (0.381)



-0.725 (0.400)



-0.681 (0.341)



R-squared



0.906



0.926



0.939



0.911



0.923



0.942



X



X X



X X X X X X 3,891



X



X X



X X X X X X 4,211



Year & County FE M onth × Y ear Division × Y ear Type Attack FE Weapon FE # of Attacks Observations



3,891



X X X 3,891



4,211



X X X 4,211



Note: Employment and earnings data from the County Business Patterns. This table shows estimates of a difference-indifferences with respect to failed attacks (equation (3)). Each entry is from a separate OLS regression. Robust standard errors are in parentheses, adjusted for clustering by county. In Panel A, the dependent variable is the log of the county-year ratio of jobs-to-population. In Panel B, the dependent variable is the log of the total real earnings of the county. In Panel C, the dependent variable is the log of the county real average wage per job. In columns 1–3, I omit terror attacks with an ambiguous locations, i.e. mailed-based attacks, hijacking/hostage and attacks followed by a police chase. In columns 4–6, I omit terror attacks leading to over $1 billion or 100 deaths. In columns 2–3 and 5–6, the controls include a dummy that is equal to one if the target is non-American, a dummy that is equal to one if the attack is logistically international and a variable that is equal to the number of terror attacks. The time period is 1970–2013.
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Table A9: Robustness Checks: Omission of Terrorist Groups



Omit Environment Animal (1)



100 × ln(Jobs/Population) Omit Omit Omit Abortion Islamic Political



Omit Hatred



(2)



(3)



(4)



(5)



Panel A Successful



-1.37 (0.48)



-1.68 (0.60)



-1.58 (0.43)



-1.67 (0.49)



-1.15 (0.49)



R-squared



0.967



0.967



0.966



0.972



0.972



Omit Environment Animal (1)



100 × ln(Total Earnings) Omit Omit Omit Abortion Islamic Political



Omit Hatred



(2)



(3)



(4)



(5)



Panel B Successful



-0.71 (0.91)



-2.25 (1.25)



-1.94 (0.85)



-1.60 (0.98)



-1.52 (0.99)



R-squared



0.992



0.992



0.992



0.995



0.993



Omit Environment Animal (1)



100 × ln(Avg Earnings per Job) Omit Omit Omit Abortion Islamic Political



Omit Hatred



(2)



(3)



(4)



(5)



Panel C Successful



-0.32 (0.42)



-0.93 (0.51)



-0.37 (0.39)



-0.39 (0.43)



-0.76 (0.36)



R-squared



0.929



0.933



0.927



0.952



0.938



Year & County FE M onth × Y ear Type Attack FE Weapon FE # of Attacks Observations



X X X X X 3,537



X X X X X 3,312



X X X X X 4,193



X X X X X 1,976



X X X X X 3,220



Note: Employment and earnings data from the County Business Patterns. This table shows estimates of a difference-indifferences with respect to failed attacks (equation (3)). Each entry is from a separate OLS regression. Robust standard errors are in parentheses, adjusted for clustering by county. In Panel A, the dependent variable is the log of the county-year ratio of jobs-to-population. In Panel B, the dependent variable is the log of the total real earnings of the county. In Panel C, the dependent variable is the log of the county real average wage per job. In column 1, I omit terror attacks from environment and animal protection groups/individuals. In column 2, I exclude terror attacks targeting abortion clinics. Column 3 excludes terror attacks from Islamic groups/individuals. In column 4, I omit terror attacks with a political motive. In column 5, I omit terror attacks from hatred groups/individuals. The controls include a dummy that is equal to one if the target is non-American, a dummy that is equal to one if the attack is logistically international and a variable that is equal to the number of terror attacks. The time period is 1970–2013.
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Table A10: Relationship Between Terrorism and Population: 1970-2013



Successful



Year & County FE M onth × Y ear Division × Y ear Type Attack FE Weapon FE # of Attacks Observations R-squared



(1)



(2)



ln(Population) (3)



(4)



(5)



(6)



0.005 (0.006)



0.004 (0.006)



0.004 (0.006)



0.004 (0.006)



0.003 (0.006)



0.002 (0.005)



X



X



X



X



X X



X 4,504 0.994



X X 4,504 0.994



X X X 4,504 0.994



X X X 4,504 0.994



X X X X X X 4,504 0.996



4,504 0.994



Note: This table shows estimates of a difference-in-differences with respect to failed attacks (equation (3)). Robust standard errors are in parentheses, adjusted for clustering by county. The dependent variable is the log of population. In columns 2–6, the controls include a dummy that is equal to one if the target is non-American, a dummy that is equal to one if the attack is logistically international and a variable that is equal to the number of terror attacks. The time period is 1970–2013.



Table A11: Earnings Estimates By Industry: 1970-1997



Panel A:



Manufacturing (1) (2)



Successful



-2.52 (1.36)



R-squared n



0.983



Panel B :



-2.59 (1.21)



-1.14 (1.07)



0.989



0.926



Wholesale (5)



(6)



-0.64 (1.10)



-1.76 (1.19)



-1.86 (1.29)



0.933



0.943



0.948



2,991



3,005



2,992



Retail Trade (1) (2)



100 × ln(Total Earnings) Services (3) (4)



Finance & RE (5) (6)



Successful



-0.61 (0.60)



R-squared n



0.953



Year & County FE M onth × Y ear Type Attack FE Weapon FE # of Attacks



100 × ln(Total Earnings) Const & Transpt (3) (4)



-0.40 (0.53)



-0.76 (0.68)



0.965



0.979



3,015 X



-0.86 (0.70)



-1.84 (0.95)



0.982



0.965



3,013 X X X X X



X



-1.54 (0.96) 0.971 2,983



X X X X X



X



X X X X X



Note: Earnings data from the County Business Patterns. This table shows estimates of a difference-in-differences with respect to failed attacks (equation (3)). Each entry is from a separate OLS regression. Robust standard errors are in parentheses, adjusted for clustering by county. Panel A: In columns 1 and 2, the dependent variable is the log of the total real earnings in manufacturing. In columns 3 and 4, the dependent variable is the log of the total real earnings in construction, transportation, communications and utilities. In columns 5 and 6, the dependent variable is the log of the total real earnings in wholesale trade. Panel B: In columns 1 and 2, the dependent variable is the log of the total real earnings in retail trade. In columns 3 and 4, the dependent variable is the log of the total real earnings in services. In columns 5 and 6, the dependent variable is the log of the total real earnings in finance, insurance, and real estate. In columns 2,4 and 6, the controls include a dummy that is equal to one if the target is non-American, a dummy that is equal to one if the attack is logistically international and a variable that is equal to the number of terror attacks. The time period is 1970–1997.
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Table A12: Are Successful Attacks More Predictive of Future Attacks than Failed Attacks? Terror Attack(s) ... in t + 3? (3) (4)



in t + 1? (1)



(2)



Success (β)



0.210 (0.028)



0.100 (0.017)



0.167 (0.030)



Failed (ρ)



0.204 (0.040)



0.098 (0.024)



0.814 134,476 0.095



X 0.913 117,448 0.219



Year & State FE P(β 6= ρ) Observations Pseudo R-Squared



in t + 5? (5)



(6)



0.090 (0.018)



0.158 (0.025)



0.076 (0.014)



0.172 (0.039)



0.063 (0.021)



0.157 (0.040)



0.053 (0.021)



0.938 134,476 0.072



X 0.262 112,442 0.204



0.917 134,476 0.065



X 0.284 110,599 0.203



Note: This table reports marginal effects from a probit regression. Each observation is a year-county cell with at least one terror attack. Robust standard errors are in parentheses, adjusted for clustering by county. In columns 1 and 2, the dependent variable is equal to one if there was at least one terror attack in county c in year t + 1 and zero otherwise. In columns 3 and 4, the dependent variable is equal to one if there is at least one terror attack in county c in year t + 3 and zero otherwise. In columns 5 and 6, the dependent variable is equal to one if there is at least one terror attack in county c in year t + 5 and zero otherwise. The variable “Success” is a dummy that is equal to one if the terror attack is successful in that county and year and zero otherwise. If there are many terror attacks, “Success” is equal to one if at least one of the attacks succeeded. The variable “Failed” is a dummy that is equal to one if the terror attack failed in that county and year and zero otherwise. If there are many terror attacks, “Failed” is equal to one if all the attacks failed. The time period is 1970–2013.



Table A13: Media and Terrorism: Descriptive Statistics



Observations



Mean



ABC CBS NBC



2,805 3,006 3,548



1.4 1.5 1.7



Total (All Networks)



9,359



1.5



Observations



Mean



ABC CBS NBC



14,578 15,132 20,197



7.3 7.6 10.1



Total (All Networks)



49,907



8.4



News Stories Std. Dev.



Min



Max



16.2 16.8 23.2



0 0 0



318 340 494



19.0



0



494



Min



Max



180.2 121.9 118.7



0 0 0



1,993 2,576 3,952



143.1



0



3,952



Panel A



Total Duration Std. Dev.



Panel B



Note: Data collected from the Vanderbilt Television News Archive. Panel A reports the number of news stories for terror attacks in the GTD for each network. Panel B reports the total duration of news stories for terror attacks in the GTD for each network. The time period is 1970–2013.
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Table A14: Relationship Between Terrorism and Counts of Google Searches



(1)



(2)



ln(Terror Searches) (3)



(4)



(5)



Successful



0.531 (0.260)



0.542 (0.263)



0.611 (0.278)



0.715 (0.348)



0.706 (0.351)



ln(n) “City State Year”



0.219 (0.050)



0.216 (0.049)



0.209 (0.056)



0.234 (0.065)



0.186 (0.071)



X



X



X X



X



X



X



X X X X X 338 0.665



Year & State FE Region × Y ear Division × Y ear Time-Invariant Controls Type Attack FE Weapon FE Target FE Observations R-squared



X X 338 0.506



X X X 338 0.507



X X X 338 0.580



X X X 338 0.661



Note: This table shows estimates of equation (4). Robust standard errors are in parentheses, adjusted for clustering by county. The dependent variable is the log of counts of Google searches for the words “city”, “state”, “year” and “terrorism”. The variable “ln(n)” is the log of counts of Google searches for the words “city”, “state” and “year”. The variable “Successful” is a dummy that is equal to one if the terror attack is successful in that county and year and zero if the terror attack failed. If there are many terror attacks, “Successful” is equal to one if at least one of the attacks succeeded. The controls include a dummy that is equal to one if the target is non-American, a dummy that is equal to one if the attack is logistically international and a variable that is equal to the number of terror attacks. Time-invariant controls include dummies for coastal counties and being a state capital and a dummy for whether the county has an airport. The time period is 1994–2013, 2001 is excluded.
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Table A15: Terrorism and Media Coverage Including Catastrophic Attacks: Controls Any Terror News Stories? Probit (1) (2)



Fatalities



0.056 (0.039)



Injured People



ln(Terror News Stories) OLS (3) (4)



0.0019 (0.0004) 0.031 (0.011)



ln(Duration Terror News Stories) OLS (5) (6)



0.0023 (0.0005) 0.0061 (0.031)



0.0081 (0.0038)



Environment/Animal Motive



-0.167 (0.075)



-0.130 (0.061)



-0.391 (0.102)



-0.363 (0.100)



-0.629 (0.127)



-0.592 (0.124)



Abortion Motive



-0.006 (0.089)



-0.021 (0.085)



0.028 (0.144)



0.025 (0.145)



-0.088 (0.173)



-0.088 (0.176)



Islamic Motive



0.099 (0.137)



0.134 (0.139)



1.282 (0.444)



1.476 (0.476)



1.793 (0.589)



2.026 (0.605)



Hatred Motive



0.146 (0.062)



0.103 (0.062)



0.126 (0.109)



0.081 (0.112)



0.136 (0.133)



0.078 (0.135)



Political Motive



0.070 (0.068)



0.032 (0.063)



0.129 (0.109)



0.057 (0.107)



0.133 (0.136)



0.044 (0.132)



Omitted



Omitted



Omitted



Omitted



Omitted



Omitted



0.012 (0.012)



0.008 (0.011)



0.003 (0.018)



0.013 (0.017)



0.002 (0.022)



0.013 (0.020)



X X X 857 0.292



X X X 852 0.310



X X X 949



X X X 942



X X X 949



X X X 942



0.424



0.437



0.438



0.453



Other or Unknown Motive ln(n) “City Year” Year & State FE Type Attack FE Weapon FE Observations Pseudo R-squared R-squared



Note: Data collected from the Vanderbilt Television News Archive. Robust standard errors are in parentheses, adjusted for clustering by county. In columns 1 and 2, the dependent variable is a dummy for whether there was any media coverage. These columns report marginal effects from a probit regression. In columns 3 and 4, the dependent variable is the natural log of one plus the number of news stories plus one. In columns 5 and 6, the dependent variable is the natural log of one plus the total number of minutes of news stories. The variable “ln(n)” is the log of one plus the number of news stories for the words “city” and “year”. The controls include a dummy that is equal to one if the target is non-American, a dummy that is equal to one if the attack is logistically international and a variable that is equal to the number of terror attacks. The time period is 1970–2013.
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Table A16: Terrorism and Media Coverage Excluding Catastrophic Attacks: Controls Any Terror News Stories? Probit (1) (2)



Fatalities



0.047 (0.032)



Injured People



ln(Terror News Stories) OLS (3) (4)



0.257 (0.055) 0.030 (0.011)



ln(Duration Terror News Stories) OLS (5) (6)



0.324 (0.071) 0.004 (0.003)



0.005 (0.003)



Environment/Animal Motive



-0.131 (0.052)



-0.119 (0.058)



-0.341 (0.095)



-0.298 (0.097)



-0.563 (0.119)



-0.510 (0.120)



Abortion Motive



-0.006 (0.074)



-0.019 (0.082)



0.057 (0.139)



0.073 (0.145)



-0.050 (0.166)



-0.028 (0.174)



Islamic Motive



0.089 (0.130)



0.075 (0.135)



0.605 (0.314)



0.700 (0.300)



0.931 (0.404)



1.060 (0.391)



Hatred Motive



0.131 (0.057)



0.106 (0.061)



0.111 (0.104)



0.127 (0.106)



0.115 (0.127)



0.133 (0.131)



Political Motive



0.059 (0.058)



0.031 (0.061)



0.099 (0.106)



0.069 (0.105)



0.094 (0.128)



0.057 (0.129)



Omitted



Omitted



Omitted



Omitted



Omitted



Omitted



0.010 (0.010)



0.009 (0.011)



0.010 (0.016)



0.018 (0.016)



0.012 (0.019)



0.020 (0.019)



X X X 852 0.285



X X X 847 0.305



X X X 944



X X X 937



X X X 944



X X X 937



0.413



0.389



0.432



0.406



Other or Unknown Motive ln(n) “City Year” Year & State FE Type Attack FE Weapon FE Observations Pseudo R-squared R-squared



Note: Data collected from the Vanderbilt Television News Archive. Robust standard errors are in parentheses, adjusted for clustering by county. In columns 1 and 2, the dependent variable is a dummy for whether there was any media coverage. These columns report marginal effects from a probit regression. In columns 3 and 4, the dependent variable is the natural log of one plus the number of news stories plus one. In columns 5 and 6, the dependent variable is the natural log of one plus the total number of minutes of news stories. The variable “ln(n)” is the log of one plus the number of news stories for the words “city” and “year”. The controls include a dummy that is equal to one if the target is non-American, a dummy that is equal to one if the attack is logistically international and a variable that is equal to the number of terror attacks. The time period is 1970–2013.
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